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1. Introduction 

       Since water productivity is directly 

influenced by water consumption, obtaining a 

valid resolution of water requirements may be 

beneficial in protecting water consumption 

planning in the agricultural sector (Kouzegaran 

et al., 2020). This fact is crucial for strategic 

agricultural products, such as saffron (scientific 

name: Crocus sativus L.), in arid and semi-arid 

regions. Saffron farming is a key occupation in 

rural regions (Koocheki et al., 2016). Due to its 

high economic returns, it is often referred to as 

the "red gold crop" (Dessein et al., 2015; Leone 

et al., 2018). Additionally, this plant is 

recognized for its applications in industry, 

medicine, and food (Azgomi et al., 2021). The 

international position of Iran in saffron farming, 

the most contribution to production and 

cultivated 

cultivated area, is apparent (Shahnoushi et al., 

2020; Ramezani et al., 2022) while saffron 

popularity is almost rooted in eastern regions, 

especially the Southern, Razavi, and Northern 

Khorasan provinces (Moshizi et al., 2023). 

Hence, the water consumption management of 

saffron in local development must be considered 

well. The accurate evaluation of Saffron Water 

Requirements (SWRs) is a crucial fact that 

motivated the researchers to undertake a diligent 

effort to enhance the quality of SWRs 

simulation. The literature highlights that Iranian 

scholar are pioneers in SWRs Studies (Alizadeh 

et al., 1997; Alizadeh, 2006; Azizi-Zohan et al., 

2008; Sepaskhah & Yarami, 2009; Yarami et al., 

2011). They started to evaluate the SWRs in 

Khorasan and Shiraz provinces by implementing 

local  
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Securing accurate insights into crop water requirements is crucial, particularly in 

arid regions and for key strategic crops. This study presents a novel applied 

methodology to evaluate the efficacy of ensemble modeling in determining the 

Saffron Water Requirement (SWR). The research aims to generate more reliable 

insights and enhance the accuracy of water requirement estimations for saffron, a 

vital crop in eastern Iran. The proposed plan includes establishing a rigorous testing 

process to evaluate the efficiency of various ensemble methods. Three significant 

ensemble classes— Ensemble Learning Machine (ELM), combination, and 

averaging techniques — were addressed to produce the new prediction of SWR. 

As such, a Decision Tree Regression (DTR) tool and six different experimental 

methods, serving as base models, were initially applied. The effectiveness of 

various ensemble methods was evaluated using statistical and qualitative tests. This 

plan included time series comparisons, key diagnostic indices such as RMSE and 

NSE, Absolute Error Decomposition (AED) analysis, and the Rate of Improvement 

(ROI). Results showed that applied ensemble systems are not only of high quality 

but also capable of presenting a skillful prediction of SWR compared to base 

models. Results revealed that the boosting procedure had a beneficial effect on 

DTR simulations, increasing them by more than 74 percent. Additionally, 

combining methods could enhance the base prediction by more than 75%. 
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local lysimetric laboratories. For example, 

Azizi-Zhohan et al. (2008) or Sepaskhah and 

Kamgar (2009) conducted studies to understand 

how irrigation methods and intervals influence 

productivity. Since then, numerous studies 

have investigated various aspects of saffron's 

water requirements (Maleki et al., 2011; 

Jafarzadeh et al., 2015; Shamsabadi et al., 2016; 

Fallahi and Mahmoodi, 2018; Koocheki et al., 

2020). Determining the water requirements for 

regions without laboratory facilities is typically 

performed using experimental models and pre-

evaluated crop coefficients. Many 

Evapotranspiration (ETO) models are widely 

used to estimate SWRs for these regions. 

However, employing pre-evaluated crop 

coefficients, suggested for standard conditions, 

along with simplifying assumptions of ETO 

models, propagates the uncertainty in water 

requirements simulation. 

Despite all efforts and valuable advancements 

in estimating potential evapotranspiration and 

water requirements, it is essential to consider 

that a single model-based simulation should 

always be accompanied by a specified 

uncertainty component driven by the model’s 

inherent weaknesses (Huang et al., 2022). This 

has motivated a profound enthusiasm for the 

application of multi-models, coincidentally in 

different research areas in recent years. 

Currently, ensemble modeling is one of the 

most widely used and arguably the most recent 

advancements considered practically in studies 

aimed at improving results (Paul et al., 2023). 

Generally, ensemble modeling can be 

categorized into three groups: combination 

techniques, model averaging, and ensemble 

learning machines (ELM) (Zhou, 2019). The 

combined ensemble techniques include the 

methods that combine the outputs of different 

single models. The concept behind these 

methods is to overcome total uncertainty by 

considering the measurement average and the 

variance averaged across individual models. In 

this class, the standard methods that have been 

frequently cited are Simple Model Averaging 

(SMA) and Multiple Super Ensemble 

Modelling (MMSE). The second class, i.e., 

model averaging, focuses on reproducing a 

weighted average of different single models. A 

key process in these methods is determining the 

contribution of each input from competing 

models. Directly, the Weighted Averaging 

Modeling (WAM) and Bayesian Model 

Averaging (BMA) have received significant 

attention from researchers. The fundamental 

concept in the WAM method is to estimate 

contribution weights using the Least Squares 

Method, while BMA determines the weights 

based on probabilistic facts and the likelihood 

function. A literature review indicated the good 

performance of these methods in groundwater 

media (Jafarzadeh et al., 2021), rainfall-runoff 

water (Samadi et al., 2020), and infiltration 

contexts (Sang et al., 2023). However, how 

practical are these methods in enhancing SWR 

simulation? 

The ELM class emphasizes the fact of boosting 

the outputs of a single learning machine. The 

main difference between ELM and the two 

mentioned ensemble methods is that ELM 

involves a single model, whereas the 

combination and model averaging techniques 

utilize multiple single models. Indeed, ELM 

attempts to generate an enhanced output 

through extensive resampling of the learning 

machine’s output. The Boosting, Bagging, and 

Voting algorithms are most commonly 

employed in ELM methods. The promising 

application of ELM has been reported in the 

reservoir permeability prediction (Otchere et 

al., 2022) surface water process (Li and Yang, 

2023), groundwater context (e. g., Avand et al., 

2020; Mosavi et al., 2021); urban water supply 

and distribution (Xu et al., 2022) while the 

applicability of this methods in SWRs has been 

dismissed so far. In one of the rare studies, 

Zarei et al. (2021) employed the Bagging 

algorithm to enhance the simulation outputs of 

water requirements for barley under different 

climate conditions in Iran. Nevertheless, can 

ELM methods upgrade the SWR simulation? Is 

this class the best option for implementing 

ensemble modeling, or are other ensemble 

methods, such as model averaging and 

combining techniques, more effective than the 

ELM approach? A clear response to these 

questions requires more research. It may be 

accepted that there are limited studies in which 

all ELM algorithms have been examined 

concurrently for their impact on the water 

requirement of saffron.  

In conclusion, the review of the performed 

studies confirms a severe research gap in the 

applicability of ensemble modeling that still 

needs to be addressed.  

First, to the best of the authors' knowledge, 

there has been no open discussion about the 

relevance of different existing categories of 

ensemble modelling simultaneously to 
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determine their scope, application, weaknesses, 

and strengths. More recent studies have focused 

on ELM methods, overlooking the concurrent 

comparison of available ensemble methods, 

such as model averaging and combining. This 

study addresses the aforementioned gaps and 

provides a guideline for selecting the most 

effective ensemble methods for future global 

studies. Indeed, the best possible candidate is 

introduced under different conditions. 

Second, water requirement simulation has been 

largely dismissed in most studies that employ 

ensemble approaches, resulting in fewer studies 

being conducted entirely. In this study, the 

feasible improvement of water requirement 

predictions is achieved simultaneously through 

three classes of learning-ensemble tools, 

combination techniques, and model averaging, 

as detailed below.  

Third, saffron is one of the most crucial export 

products in arid regions worldwide, especially 

in Iran, and it can be accounted for as one of the 

research topics of the current study. Due to the 

high cultivation area of this crop, studies on 

water requirements can play a crucial role in 

water planning. Ultimately, a practical 

guideline was established in this study to 

provide a straightforward approach for 

selecting the best ensemble techniques under 

various conditions. Furthermore, a Python 

open-source framework was provided, which 

can serve as a guideline for future scopes.  

2. Material and methods 

2.1. Study area description 

      Birjand, the center of Southern Khorasan in 

eastern Iran, has a cold and arid climate pattern 

characterized by low annual rainfall (<120 mm) 

and a high annual evaporation rate (2600 mm). 

Groundwater is considered the primary source 

of water supply demands, and most exploitation 

occurs in the agricultural sector. 

  

Fig. 1. A cartography view exhibiting the Birjand state and lysimeteric laboratory. 

The current study utilized pre-recorded 

lysimeter data to estimate SWRs and their crop 

coefficients. A lysimeteric laboratory located in 

the Agriculture Faculty of the University of 

Birjand ( mslEN oo 1480,759,5332 ''
) was 

considered to record daily moisture context on 

six lysimeters (see Fig. 1). Based on water 

metering, the total volume consumed during the 

growing period was 280 mm, considered for 

each lysimeter. The SWRs’ data for the second 

year can be calculated given the following (Eq. 

1): 

SDPIETC −+=                                   (1) 



                                                                                            Jafarzadeh, A. et al.,   / Sustainable Earth Trends     6(3)  2026    70-88                                          73

Where I , P , D , and CET  represent the 

irrigation volume (mm), rainfall volume (mm), 

drained volume (mm), and actual water 

requirement (mm). Also, moisture content was 

indicated through S  (mm). Khashei-Siuki et 

al. (2020) calculated the 10 days-SWRs for 

each lysimeter. Fig. 2 demonstrates the crop 

coefficients of saffron for the second year.  

 
Fig. 2. Bar chart of evaluated saffron crop coefficient in the second year in Birjand experimental farm  

(Adopted from Khashei-Siuki et al., 2020). 

The current study analyzed the interior concept 

of the investigation site through physical and 

chemical metrics presented in Tables 1 and 2. 

Furthermore, the required considerations 

regarding pre-processing practices, including 

handling missing values, eliminating outliers, 

and verifying stationarity assumptions, were 

addressed and confirmed.  

Table 1. Describing the results of taking samples concerning the structure and chemical contents in the Birjand investigation site. 

Depth Texture Bulk density θFC θpwp Ec pH Organic carbon 

cm - gr.cm-3 % % ds.m-1 -  

0-30 Loam 1.4 17.9 11.8 8.12 7.8 0.49 

 

Table 2. Chemical components of the used water in the Birjand investigation site. 

Component Ec pH SAR Ca++ Mg++ Na+ K+ Cl- Hcom-
3 Com2-

3 SO2-
4 

Unit ds.m-1 - % meq.lit-1 meq.lit-1 meq.lit-1 meq.lit-1 meq.lit-1 meq.lit-1 meq.lit-1 meq.lit-1 

Magnitude 1.4 8 7.5 3.5 2.7 13.3 0.08 8.8 4.9 0 6.4 
 

2.2. Ensemble modeling 

Ensemble modelling involves mathematical 

procedures where the outputs of one or more 

base input models are combined to generate an 

enhanced outcome. The primary incentive for 

ensemble modelling execution is to reduce the 

total uncertainty of the prediction (Zhou, 2019). 

This study employed three ensemble methods, 

including an ensemble learning machine 

(Boosting and Bagging), combination 

techniques (M3SE), and model averaging 

(WAM). Additionally, a detailed description of 

the ensemble methods used is presented here. 

2.2.1. Ensemble Learning Machine (ELM) 

 

ELM is a form of a hybrid learning machine 

primarily introduced for classification targets 

(Nilsson, 1965), with the significant engine 

being repetitive sampling in this context. The 

ELM principle is to train multiple learners and 

aggregate their outputs into a work with better 

accuracy. The description of significant groups 

of ELM used in this study has been presented in 

the following: 

Boosting: A boosting algorithm refers to 

methods that enhance weak learning algorithms 

to strengthen them. The idea of boosting is to 

correct the mistakes the weak learner makes. In 

summary, a repetitive adjustment is applied to 

several sequential learning machines to 
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recognize error prediction, and the final 

prediction is obtained by combining the outputs 

of these learning machines. Freund and 

Schapire introduced the AdaBoost (Adaptive 

Boosting) algorithm in 1997. The Gradient 

Boosting and eXtreme Gradient Boost 

(XGBoost) algorithms also belong to the 

Boosting category, which is not discussed in 

this context. This algorithm begins by 

employing a learning machine (the first learner) 

to predict the original dataset, assigning equal 

weights to every record. In the second round, 

the algorithm adjusts the previous training 

outcomes, assigns more weight to uncorrected 

predictions, and subsequently applies the 

second learner. It leads to the conclusion that 

the second learner will most likely avoid 

making the mistake of the first one, despite its 

error. If this procedure is repeated, it is 

expected that the mistake made by the second 

learner will not occur in the third machine. This 

process will continue until a high level of 

training is achieved. Finally, AdaBoost 

combines the predictions of several learners to 

present an enhanced forecast (Fig. 3). The final

prediction is obtained by a weighted average, 

where the weights are calculated based on the 

learner's performance. 

Bagging: In Bagging, multiple learners are 

assembled and trained simultaneously, while in 

Boosting, this process is accomplished 

sequentially. The photograph below exhibits 

the distinction between Bagging and Boosting. 

The Bagging procedure for ELM application 

can be described as follows: First, 

bootstrapping determines the pre-specified 

number of training sub-data through the 

bootstrap method, with replacement. Second, 

training involves instructing a pre-specified 

number of learners on the samples generated in 

the previous stage. Third, aggregating: this 

involves combining the learners' predictions 

into a single prediction. In the aggregating step, 

the final model is generated based on hard 

voting, also known as majority voting or soft 

voting (i.e., the average of the predictions). This 

study employed Decision Tree Regression 

(DTR) as the base learner to simulate SWR (see 

Section 2.2.4 for more explanation). 

 
Fig. 3. A schematic view describing the Boosting VS Bagging context (Extracted from https://pluralsight2.imgix.net). 

2.2.2. Combination techniques 

These ensemble methods are based on 

individual models, and the basic idea is to pool 

the output of the participating models to 

achieve a more advanced outcome. This study 

employed the M3SE technique because it can 

be considered the last method presented in the 

combination techniques. Note that the 

participating items in this field were six 

different ETO models (described in the 

continuation) for predicting Etc. 

M3SE: The leading development of M3SE is 

backed to Ajame et al. (2006), who added 

frequency mapping to an existing tool. The 

M3SE is given by as follows (Eq. 2): 

).(
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Where t

SE MWR 3
is the M3SE projection, while 

ix
, it

SimWR , , and i

SimRW  denote, respectively, 

weight, the simulated water requirement, and 

the mean of the simulated water requirement. 

Moreover, 
mRW  reflects the average of the 

measured water requirement. More details are 

available from Ajami et al. (2006) and 

Jafarzadeh et al. (2021). Fig. 4 displays the 

applied steps of the M3SE methods . 

 
Fig. 4. A flowchart showing the applied steps of the M3SE combined method (Jafarzadeh et al., 2021). 

2.2.3. Model averaging 

WAM: This process produces a weighted 

average output. The same strategy can be 

adopted to estimate the quantity of weights, 

provided that they must be greater than zero and 

their sum must be unique. 

2.2.4. Base input models 

This research employed DTR as the base 

learner for an ensemble learning class, 

including boosting and bagging. Additionally, 

the six experimental models were considered as 

input models for combining and averaging 

classes (note that phrases such as 'participating', 

'base', or 'input' models are used hereafter to 

refer to the DTR and ETO models). The 

required information about the methodology of 

the input models used in this study is available 

in the following section. 

Decision Tree Regression (DTR): A DTR is a 

decision tree hired for time-series prediction 

(i.e., continuous simulations instead of discrete 

ones). The applied steps of DTR are described 

in well-known studies (e.g., Xu et al., 2005; Tso 

and Yau, 2007). Whoever, for exciting reading, 

a concise description is presented as follows: 1- 

The splitting or branching of input features. The 

essential context is to find the point for each 
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independent variable at which it can be split 

into two parts, so that the Mean Squared Error 

(MSE) is minimized at that point. The average 

for sorted input data is compared with the 

standard of the target variable, and MSE is then 

calculated for each part. This process is 

performed repetitively to determine the best 

point. 2- The Root Node (RN) was determined

by measuring impurity strategies. In 

classification, several well-known methods, 

including Entropy, Information Gain, and the 

Gini index, were employed. In regression and 

continuous contexts, a Standard Deviation 

Reduction (SDR) is recommended to identify 

the essential input feature (Eq. 3). 

tt
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txt
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SDSD
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11

..
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+=
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(3) 

 

Where tSD is the standard deviation of the 

target, while 1

txSD denotes the split standard 

deviation of the first input feature? Also, 1SD

and 2SD indicate the standard deviation for the 

first and second parts of the input feature 

variable, while 1N and 2N indicate the number 

of data points for each divided part. The priority 

of input features is determined through their 

SDR. 

3. The structure of DTR is first built based on 

the RN and its split point, where data are 

divided into two branches, depending on 

whether they are greater than or less than the 

split point. This branching is then continued 

based on the second input variable. This 

process will continue until more branching is 

not possible. Additionally, specific criteria 

govern branching, including variance and the 

number of recalled data points. The last level of 

division is called a leaf node; nodes that include 

two or more sub-nodes are referred to as parent 

nodes, and their sub-nodes are called child 

nodes. The depth of DTR is also determined 

based on the branching levels. An elimination 

diagram is presented in Fig. 5. In this study, 

DTR was implemented using four climate 

variables (i.e., temperature and humidity at 

maximum and minimum levels) as input 

features and SWRs as the target. 

 
Fig. 5. A schematic view explaining the terminologies of standard DTR (Adopted from Tso and Yau, 2007). 
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Experimental evapotranspiration methods: 

This study employed six empirical models (i.e., 

FAO Penman-Monteith ‘FPM’, Priestly-Taylor 

Method ‘PTM’, Hargreaves Method ‘HM’,

Turc Method ‘TUM’, Jensen-Haise Method 

‘JHM’, Abtew Method ‘ABM’) to evaluate the

10-day ETc of saffron. The saffron crop 

coefficients were assessed based on reliable 

facts outlined in related works (Ghavamsaeidi 

Noghbi et al., 2020; Khashei-Siuki et al., 2020). 

Hence, the required explanation of these 

methods is presented as follows (Eqs. 4-9): 
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The definitions and descriptions of all 

parameters (Ra, Rn, T, Tmax, Tmin, Lambda, 

U, and delta) can be found in Allen et al. (1998). 

The different outputs of empirical ETO models 

will then be multiplied by saffron coefficients 

to give SWRs. 

2.3. Model evaluation 

This section explains how the various ensemble 

modeling techniques used in this study were 

examined. To define the proficiency level of 

each model, we designed comparison 

experiments that included time series 

comparisons, statistical diagnostic indexes 

(RMSE and NSE), and Absolute Error 

Decomposition (AED) analysis. Additionally, 

the skill of ensemble modeling techniques in 

improving SWR simulation was quantitatively 

calculated through the Rate of Improvement 

(ROI). This tool focuses on the extent to which 

the ensemble method has improved the outputs 

of individual models. This context can be given 

as follows (Eq. 10): 

100
−

=
SM

SMEMT

P

PP
ROI  

(10) 

Where, EMTP  and SMP demonstrate the 

performance of ensemble techniques and single 

models, respectively. To calculate the ROI, the 

RMSE statistic was used to evaluate the 

performance of ensemble procedures and base 

methods.  

2.4. Model setup 

A general review of the implemented plan, 

conducted in separate consequential phases, is 

provided here. A meteorological dataset 

containing climate features (i.e., daily 

temperature, humidity, and wind speed) was 

first established during the simulation period, 

which spanned 180 days from November 8, 

2020, to April 16, 2021. Additionally, the 

evaluated saffron crop coefficients and 

measured water requirement (ETc) were 

utilized to facilitate the ensemble model 

process. Then, the DTR machine and six 

different models of ETO were applied as input 

models. As such, the DTR machine was trained 

to compute the time series of SWR based on 

temperature and humidity (i.e., 10-day values 

of temperature and humidity were considered 

as input features, and SWR was assumed as the 

target). The first 130 data points (corresponding 

to 130 days from November 8, 2020, to March 

17, 2021) were allocated for training the DTR 

model, and the remaining data (50 days from 

March 18, 2021, to April 16, 2021) were 

assigned for testing. Also, six different outputs 
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of SWR were collected through various ETO 

models. Three different ensemble modeling 

approaches were used to duplicate a newly 

enhanced series of SWRs simulations. As such, 

the capacity of two enhancing techniques 

(boosting and bagging) was addressed in the

ELM approach, and the effectiveness of the 

M3SE technique, in a combined manner, was 

demonstrated. Furthermore, the efficiency of 

model averaging was evident in the WAM 

scenario (Fig. 6).  

 
Fig. 6. The visual workflow explaining the leading steps of the current study. 

3. Results and Discussion  

3.1. Performance appraisal of base models  

     The ability of the two primary base models, 

DTR and ETO models, was first inspected.  

3.1.1. Experimental evapotranspiration method  

This section presents the order of methods in 

estimating SWRs based on the gained ability. 

Results from the survey (Table 3) confirmed the 

excellent prediction of the ABM method. In 

contrast, the estimated SWRs obtained by other 

methods do not exhibit an excellent match to 

the actual recorded data based on two criteria. 

Table 3. Statistical results for Experimental models set. 

Model NSE RMSE-mm MAE mm 

PTM 0.71 5.67 3.82 

FPM 0.59 6.77 2.90 

HM 0.69 5.96 3.28 

TUM 0.53 7.30 3.86 

ABM 0.96 2.16 0.94 

JHM 0.66 6.18 3.78 
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Fig. 7 delivers a graphical comparison of the 

10-day recorded and predicted water 

requirements for the four best models (for 

brevity and better display). The actual SWR 

recorded was 365 mm, and the derived results

indicate that more ETO models have reached 

this amount of water requirement, with a 

relative consensus among all models. 

Nevertheless, a more precise survey clarifies 

more facts about their performance.  

 
Fig. 7. Illustration of the time series of the experimental outputs versus the measured saffron water requirement. 

Dividing the simulation period (180 days, from 

November 8, 2020, to April 16, 2021) into two 

parts of 90 days, it can be inferred that all ETO 

models exhibit better performance in the first 

part than in the second part. This matter can be 

Fig out by considering error decomposition for 

the two mentioned parts (see Table 4). This 

table represents the MAE and total absolute 

error that occurred in the first and second parts 

to discover a more accurate level of the ETO 

models’ ability. The actual SWR in the first and 

second parts are 155.6 and 209 mm, 

respectively, while these values were estimated 

to be 151.5 and 213.5 mm by ABM, 147.3 and 

217.7 mm by PTM. The results, as represented 

in Tables 3 and 4, confirm that the ABM model 

is the most proficient model, with PTM and HM 

placed in second and third places, respectively. 

Additionally, Turk's prediction is the worst. 

 

Table 4. Results of AED (mm) for all experimental models, separated by rate of different parts. 

Part PTM FPM HM TUM ABM JHM 

1 20.1 8 11.3 18.1 4.1 15.9 

2 48.7 44.2 47.7 51.3 12.9 52.1 

Whole period 68.8 52.2 59 69.4 17 68 

 

In general, the radiation and temperature-based 

models showed better performance for 

reflecting SWRs in the case studies. This fact 

aligns well with the consequences outlined by 

other researchers worldwide (e.g., Shi et al., 

2022, in the Wet Tropics of Queensland, 

Australia; Salam et al., 2020, in Bengal areas, 

eastern regions of India; and Monteiro et al., 

2021, in Brazilian areas). To illustrate, Salam et 

al. (2020) compared the proficiency of various 

empirical processes to simulate the ETO in 

Bangladesh. They reported that the empirical 

radiation model of ABM is successful in 

producing ETO in terms of accuracy and 
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reliability, and its application was 

recommended for the same sub-regions. 

Monteiro et al. (2021) also noted that the ABM 

model had promoted performance among 29 

evapotranspiration estimators in Brazilian 

areas.

3.1.2. Learning Machine- Decision Tree Regression 

(DTR)

The applicability of DTR in simulating SWRs 

is discussed here. This study considered the 

first 13 data points (130 days, from 8 November 

2020 to 17 March 2021) for training the models, 

and the remaining data (50 days, from 18 March

2021 to 16 April 2021) accounted for the testing 

part. Also, some pre-processing practices, such 

as stationery and trend analysis, were examined 

and confirmed. Fig. 8 releases a time series of 

evaluated SWRs through DTR along with 

measured values. Additionally, the RMSE 

index was calculated for both the training and 

testing periods to assess DTR's ability to predict 

SWRs. As shown, evaluated SWRs have 

acceptable closeness to observed ones, 

indicating the good proficiency of DTR. The 

actual amount of SWR was 365 mm, while the 

TDR prediction gave 362 mm. The total RMSE 

and NSE were 3.06 mm and 0.92, respectively.  

 
Fig. 8. A time-series plot comparing the measured SWRs versus DTR outputs. 

A strong and consistent agreement exists 

between the DTR performance obtained in this 

work and studies conducted in related areas of 

water engineering (cf. Wei et al., 2019; Pekel et 

al., 2020). For example, Asadollah et al. (2021) 

stated that DTR outperforms SVR in predicting 

the quality context of the stream. 

3.2. Performance appraisal of ensemble models 

The results of learning-based ensemble 

methods indicated that the consequent training 

(i.e., boosting) improves the SWRs simulation 

compared to the iterative and parallel strategy 

(i.e., bagging). Fig. 9 shows the time series of 

recorded values against DTR concurrently, 

boosting, and bagging outputs. An over-

prediction occurs in the first 60 days and the last 

30 days of bagging production, while boosting 

predicted SWRs closer to the measured value, 

even more closely than DTR estimations. A 

higher accuracy of ensemble modeling can be 

better realized through diagnostic indices, 

where total RMSE and NSE were obtained as 

0.78 mm and 0.99, respectively, for the 

boosting technique. From this perspective, it 

could effectively enhance the SWR simulation. 

The results for the bagging method were not 

confirmed due to its NSE of 0.88 and RMSE of 

4.19 mm. 
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Fig. 9. Time series plot of SWR simulation indicating the effect of boosting and bagging ensemble algorithms in improving DTR outcomes. 

The reason for the better results of the boosting 

algorithm lies in the nature of this method, 

where consecutive learning machines are 

organized to reduce the total bias. However, 

there are studies in which the proper 

performance of the bagging algorithm was 

reported (Chen et al., 2019; Salam and Islam, 

2020). The potential answer is that bagging 

reduces variance, successfully eliminating 

overfitting that did not exist here. Generally, 

When the modeling performance in the test 

period is very different from the training and its 

accuracy is also not very favorable, the 

applicability of the bagging algorithm is likely 

more attractive.  

For example, Salam and Islam (2020) 

attempted to test the skill of different ensemble 

methods, especially bagging, in simulating 

reference evapotranspiration through limited 

data. They concluded that the meta-based 

algorithm, bagging fashion, can reflect ETO in 

both training and testing splits. These results 

reveal that choosing bagging and boosting 

algorithms requires some pre-processing 

considerations affecting their performance. 

Thus, boosting is recommended when the 

learning machine goes with a bias error, and 

bagging is recommended when work has a 

variance error (Zounemat-Kermani et al., 

2021).  

Investigation is followed by addressing the 

performance evaluation of averaging and 

combining-based ensemble techniques. The 

results of these two methods indicate that the 

combining method operates better than the 

averaging-based ensemble in improving SWR 

simulation. The derived RMSE and NSE for 

M3SE method were 1.67 mm and 0.97, while 

those were reported 4.19 mm and 0.84 for 

WAM. This outcome points out that these two 

ensemble methods could upgrade the SWR 

predictions of ETO models strongly. Further 

examination is provided through time series 

test. Fig. 10 illustrates the original water 

requirement data compared to simulations 

improved by M3SE and WAM, and ABM (the 

best empirical methods). Results show that 

M3SE outperforms WAM, in improving the 

multi-model simulation because its output is 

slightly better than even ABM estimation. 
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Fig. 10. Time series plot of SWR simulation indicating the effect of combining, M3SE, and averaging, WAM, ensemble methods in 

improving experimental outcomes. 

This finding is related to the weighting strategy 

of WAM and M3SE. WAM allocated a set of 

positive weights whose summation must be 

one, while M3SE has no specified limitation in 

weighting. Further, the more sophisticated 

setting, such as frequency mapping, was 

implemented into M3SE, resulting in more 

accurate and skillful outputs than WAM. Fig. 

11 shows the contribution of each participating 

method to the outcomes of WAM and M3SE in 

terms of allocated weights. As inferred, the 

WAM paid essential attention to ABM and 

PTM methods and eliminated the role of other 

ways. In contrast, M3SE has allowed all 

participants to contribute (except PTM). On the 

other hand, the estimated weights of M3SE 

have no relationship with the skill of each input 

model. For instance, M3SE considered a 

noticeable contribution for JHM, which had no 

significant performance reflecting the 

unreliable interpretation of prediction. This 

result is also very compliant with the studies 

that investigated the performance of combined 

methods in the fields of rainfall-runoff (Ajami 

et al., 2006), climate projection (Tebaldi and 

Knutti, 2007), and groundwater (Jafarzadeh et 

al., 2021). They found that the total uncertainty 

could be reduced under combining techniques, 

particularly the M3SE method. The better 

working was also expressed by Wang et al. 

(2009) for soil water monitoring. 

 
Fig. 11. A comparative graph showing the estimated weights of experimental methods for WAM and M3SE. 
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The above results explain the reason for less 

attention to M3SE compared to boosting and 

bagging methods, despite its good 

performance. A plausible cause for it can be an 

expansion of machine learning that motivates 

researchers to more using of these two 

algorithms. However, some inherent 

shortcomings, like the discussion in Fig. 11, 

prevent researchers from using this method. 

Many recent studies (e.g., Jafarzadeh et al., 

2021), reported that despite the good ability of 

M3SE in bias cancellation, the explanation of 

input models’ contribution is intricate. They

stated that clarification of contribution is 

difficult in collinearity (i.e., a high correlation 

between input models). They offered to test a 

probabilistic tool, such as Bayesian Model 

Averaging (BMA). Therefore, it may be 

concluded that for combination inter-

independence input models, applying M3SE is

advised, and more alternatives, such as BMA, 

are recommended for collinearity situations. 

3.3. Comparison of proposed methods 

A good and practical judgement about 

applicability of different ensemble techniques 

can be drawn through simultaneously 

comparison. The reported accuracy criteria 

were collected in Table 5 to give a quick and 

precis check regarding different ensemble 

classes. Table 5 contains the NSE and RMSE 

for different categories, techniques, and input 

models. Concerning inserted values, it can be 

revealed that M3SE (combining ensemble 

method) upgraded strongly the quality of ETO 

estimations, such that it increased the NSE 0.28 

(from 0.69 to 0.97) and decreased RMSE 4 mm 

(from 5.67 to 1.67). Also, boosting generated an 

improved SWR estimation such that NSE was 

raised 0.02 and RMSE was reduced 2.28 mm. 

Table 5. Results of coincident comparison of different ensemble techniques in producing enhanced SWR simulations. 

 NSE RMSE (mm) 

Ensemble classes 

Combining and 

averaging 

Techniques 
WAM 0.84 4.19 

M3SE 0.97 1.67 

Input models ETO models 0.69* 5.67* 

Ensemble learning 
Techniques 

Boosting 0.99 0.78 

Bagging 0.88 4.403 

Input models DTR 0.92 3.06 

* The average values were inserted. 

Further discussion was proceed using error 

decomposition results. Fig. 12 supplies with a 

radar chart-based AED propagation for each 

ensemble method in which the amount of 

occurred error at any decade is recognized 

through radius quantity (i.e., major grid lines of 

3, 6, 9, and 12 mm) and area of white polygon 

reflects the error propagation. For example, the 

occurred absolute error in 30 days for WAM 

and bagging are respectively, 5.8 and 4 mm 

almost. Based on this analysis, more AED 

multiplication occurred in WAM and bagging 

methods (more white area), while in M3SE and 

especially boosting, slight error prediction was 

taking place. To protect this finding, the RMSE 

and NSE values were inserted into Fig.12 to 

give a quick conclusion. 

In proceeding, the quantity of the ROI index is 

presented in Fig. 13 as a doughnut pie chart 

defining ability of each ensemble technique in 

improvement of SWRs simulation. This graph 

gives the percentage of improvement and 

compares the strong of different ensemble 

methods simultaneously. Indeed, this analysis 

is another expression of derived results of Table 

5, so it can be thought that this Fig. 13 is a 

concurrent comparison of different ensemble 

methods. The ROI results confirm that 

ensemble modelling can improve the quality of 

the final prediction irrespective of the type of 

ensembling. ROI analysis expresses that in 

combination and averaging techniques (with 

same input models), the execution of M3SE is 

more promoted. Because, the M3SE method 

improved the quality of ETO models’ 

prediction more than WAM. For example, 

WAM enriched the FPM by more than 38 

percent, while this progress in M3SE was near 

75.33 percent. Further, the relevance of the 

boosted-ensemble learning machine may be 

almost similar to combined-ensemble methods 

because implementing boosting algorithm 

accompanied by DTR makes better predictions 

by more than 74 percent. These results strongly 

agree with related studies' findings (Ebrahimy 

et al., 2020; Sharafati et al., 2020; Mirzaei et al., 
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2021). For example, boosting algorithm’s

proficiency was reported by Kumari and

Toshniwal (2021) for solar radiation 

forecasting. 

 
Fig. 12. A radar chart representing AED of SWR simulation during 10-days periods in separate of different ensemble methods: the radius 

shows the absolute error and white area represents the amount of uncertainty propagations. 

 
Fig. 13. A doughnut pie chart delineating ROI context of different ensemble techniques separately different classes and input models. 



                                                                                            Jafarzadeh, A. et al.,   / Sustainable Earth Trends     6(3)  2026    70-88                                          85

Overall, Boosting and M3SE ensemble 

methods have been recommended as the 

promising potentials for improving SWR 

simulation relying on derived results. Finally, a 

practical guideline regarding findings of current 

study is presented here to conduct proper 

direction for best selection of ensemble 

modeling. Determining the type of input 

models set, a relative path for selecting 

different techniques of ensemble modelling

may be proposed through provided diagram in 

Fig. 14. Considering existing specifications in 

participating models and available algorithms 

(including frequency mapping, LSL, MCMC), 

the candidate techniques for ensemble 

modelling can be realized. This flowchart is 

unique and has been obtained relying on current 

study and may be upgraded in future, while it is 

surely a practical guideline for all simulation 

types. 

 
Fig. 14. A flowchart to select the most suitable techniques for ensemble modelling: Black arrows under Goal column (first left) show the 

direction of essential step while other blues and red arrows guide user from input model to best selection in last row (Techniques). 

4. Conclusion 

        This paper explores the fact of affecting 

different approaches to dealing with ensemble 

modelling in the water requirement domain. A 

comparative survey was built to conceptualize 

the efficacy of ensemble modelling and clarify 

each technique's domain application, 

shortcomings, and strengths. To describe the 

proposed plan, the relevance of different 

ensemble methods was addressed to produce 

some developed series of SWRs in Birjand, 

south of IRAN. Different ETO models and a 

DTR machine were hired as input models to 

simulate the SWRs. Then, three primary 

ensemble techniques, named combination, 

averaging, and learning-based ensemble, were 

conducted to generate enhanced SWRs 

simulations. The performance evaluation of 

base models and ensemble techniques was 

addressed through time series comparison, 

AED analysis, statistical indices, and ROI. The 

evaluation results indicate that applied 

ensemble systems are not only of high quality 

but also capable of presenting a skilful 

prediction of SWR compared to base models. 

Overall, the findings of this study recommend 

the boosting and M3SE algorithms as attractive 

and good potential for enhancing the outcome 

of machine learning and experimental models. 

Because these two methods have been able to 

improve the accuracy of their base models by 

near 75%. The derived findings revealed that 

the boosted-based ensemble technique 

improved the DTR simulation by more than 74 

percent. It is found that the use of bagging 
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ensemble methods has a good outcome when 

the base learner is accompanied by variance 

error. Contrary to bagging, boosting 

accomplishes the ensemble process when the 

base learner faces a bias error. It is inferred that 

the combining ensemble method, M3SE, could 

better the performance of the ETO models 

between 22 and 75 percent for the best and 

worst participating models. However, using 

this method needs some concerns that must be 

examined further. Indeed, pre-processing must 

be committed to inspecting the existence of 

collinearity or inter-independence between 

input models. However, M3SE was strictly 

proposed when there is no inter-dependence 

between base models and BMA, more 

complicated method, was recommended in 

presence of collinearity. Some future research 

scopes are worthy of consideration to develop 

and promote the proposed plan. First, the 

current study examined the boosting algorithm 

based on the AdaBoost method. In contrast, 

there are some well-known algorithms (e.g., 

eXtreme and XGBoost) whose application was 

ignored here. Second, this study examined the 

limited ETO models as the base models, while 

abundant models there are for estimating 

referencing evapotranspiration. Further, we 

applied the DTR in an ensemble machine, and 

the examination of the rest learning machines is 

wholly felt. Third, since the current study 

focused only on limited data (second-year 

water requirement) and one specified crop (i.e., 

saffron), implementing the proposed plan for 

other crops with various growing patterns is 

precious to explore.
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