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Abstract 36 

Dataset partitioning and validation techniques are required in all artificial neural network 37 

based waste models. However, there is currently no consensual approach on the validation 38 

techniques. This study examines the effects of three time series nested forward validation 39 

techniques (rolling origin - RO, rolling window - RW, and growing window - GW) on total 40 

municipal waste disposal estimates using recurrent neural network (RNN) models, and 41 

benchmarks model performance with respect to multiple linear regression (MLR) models. 42 

Validation selection techniques appear important to waste disposal time series model construction 43 

and evaluation. Sample size is found as an important factor on model accuracy for both RNN and 44 

MLR models. Better performance in Trial RW4 is observed, probably due to a more consistent 45 

testing set in 2019. Overall, the MAPE of the waste disposal models ranging from 10.4% to 12.7%. 46 

Both GW and RO validation techniques appear appropriate for RNN waste models. However, 47 

MLR waste models are more sensitive to the dataset characteristics, and RO validation technique 48 

appears more suitable to MLR models. It is found that data characteristics are more important than 49 

training period duration. It is recommended data set normality and skewness be examined for waste 50 

disposal modeling. 51 

 52 

Key words: Waste disposal rates; time series modeling; forward validation techniques; 53 

Recurrent Neural Network; regression analysis; municipal solid waste management  54 



 
 

3 
 

1. Introduction 55 

In addition to waste management optimization studies (Lavigne et al. 2021, 56 

Hosseinalizadeh et al. 2022, Narayanamoorthy et al. 2022), waste forecasting studies are 57 

commonly conducted due to their practical significance. Waste generation and disposal rates are 58 

vital to effective planning and operation of municipal solid waste management systems, which is 59 

particularly important under the global increasing trend of population growth and urbanization 60 

(Sun et al., 2020; Ahmad et al., 2021; Ekeocha, 2021). Accurate and timely waste estimates in all 61 

stages of a waste management system (waste storage, collection, transportation, recycling, and 62 

disposal) facilitates cost savings, promotes cleaner production, and helps to minimize health and 63 

environmental risks. For example, many waste generation and disposal modeling studies apply 64 

their predictive results to design facilities and improve operations (Ali and Ahmad, 2019; Vu et 65 

al., 2019a; Vu et al., 2020), or to better manage the COVID-19 pandemic (Mahmud et al. 2022, 66 

Vu et al., 2021a; 2021b). Environmental impacts associated with landfill gas emissions (Karimi et 67 

al. 2021, Yilmaz et al. 2021), soil contamination (Wu et al. 2022), and leachate production (Pan et 68 

al. 2019b, Ishii et al. 2022) are well documented.  69 

Due to its practical importance, time series modeling has been widely attempted in the field 70 

of waste management. As discussed in the following sub-sections, many approaches have been 71 

explored to improve model prediction performance, including the use of advanced modeling 72 

techniques, the selection of suitable explanatory variables for models, the application of lagged 73 

inputs in time series, the optimization of predictive model structure, and to a lesser degree, the use 74 

of different validation approaches on model construction.  75 

1.1 Regression and machine learning based waste predictive models 76 
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Regression techniques are commonly employed to study waste generation, recycling, and 77 

disposal trends (Habuer and Moriguchi, 2014; Panzone et al., 2021; Wang et al., 2021). Rimaityte 78 

et al. (2012) used autoregressive integrated moving average regression and seasonal exponential 79 

smoothing to forecast weekly municipal solid waste (MSW) generation in an eastern-European 80 

city and reported generally accurate prediction. Ghinea et al. (2016) used prognostic tools and 81 

regression time series analysis to forecast MSW generation in Romania and found that the S-curve 82 

trend model was the most appropriate. Montecinos et al. (2018) proposed a Theil-Sen regression-83 

based model and successfully forecasted waste from the agro-food industry in Canada and United 84 

States using historical data.  85 

Recently, the application of artificial neural network (ANN) on waste studies has become 86 

increasingly popular as concluded by a review article (Xu et al., 2021). Shahabi et al. (2012) 87 

applied ANN with an optimized number of neurons in hidden layers to predict weekly MSW 88 

generation in Saqqez City, Iran. Abbasi and Hanandeh (2016) used four different machine learning 89 

algorithms to forecast monthly MSW generation in the Logan City Council region in Australia and 90 

reported satisfactory modeling performance. Kontokosta et al. (2018) applied gradient boosting 91 

regression trees and ANN to predict weekly MSW generation in the city of New York, United 92 

States, using several demographic, socioeconomic, and climatic variables. They found that 93 

temperature, precipitation, wind speed, and snow were important features for their prediction 94 

models. Vu et al. (2019b) applied ANN time series with lagged variables to predict weekly yard 95 

waste in Austin, Texas, United States, and found that the prediction error could be reduced by up 96 

to 50% at the optimal time lag. However, most of these ANN-based studies did not explicitly 97 

consider the effects of dataset partition and validation approaches. For example, Xu et al. (2021) 98 

reviewed 177 ANN-based waste modeling studies published from 2010 to 2020 and reported only 99 
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12% involved cross validation. Validation techniques are often less explored in time series 100 

forecasting due to potential serial correlation (Bergmeir et al., 2018). 101 

1.2 Data set partition and validation for time series ANN-based models  102 

The partitioning of dataset into training, validation, and testing is required for most ANN-103 

based models (Arahameri et al. 2020, Saha et al. 2021, Xu et al. 2021). Validation techniques are 104 

often used to preserve dataset quality, reduce model uncertainty, and minimize overfitting (Renno 105 

et al., 2016; Oliveira et al., 2019; Persis et al., 2021). Depending on data characteristics and dataset 106 

size, both cross-validation and forward validation techniques have been applied for time series 107 

predictive models. Bergmeir and Benítez (2012) critically examined six validation approaches 108 

including cross-validation, blocked cross validation, non-dependent cross validation, last block, 109 

second block, and second subset cross-validation, to assess model prediction performance and 110 

suggested the use of blocked cross-validation for stationary time series. Bergmeir et al. (2014) 111 

used four different techniques (blocked cross-validation, one out of sample (OOS), OOS - 112 

recursive scheme, and OOS - rolling scheme) to evaluate predictive model performance from 113 

datasets with 50 to 600 data points, and concluded that the blocked cross-validation was better 114 

than other OOS-based approaches for small time series data size with data points less than 600. 115 

They further indicated that K-fold cross validation is generally applicable for purely autoregressive 116 

models (Bergmeir et al., 2018). On the other hand, Cerqueira et al. (2020) compared K-fold cross-117 

validation, OOS, and prequential approach for time series forecasting evaluation, and noted that 118 

blocked cross-validation is applicable to stationary time series, whereas OOS-based methods are 119 

suitable for non-stationary time series data. 120 

Different validation methods on time series analysis are adopted in various waste modeling 121 

studies unitizing machine learning methods. Johnson et al. (2017) adapted two Gradient Boosted 122 
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Regression Tree models to predict short-term waste and recyclable generation rates in the city of 123 

New York. They used a time series forward validation for the spatiotemporal model and a 10-fold 124 

cross-validation for the spatial model by ignoring temporal effects. Johnson et al. (2017) reported 125 

that the time series forward validation approach associated with the spatiotemporal model had a 126 

lower RMSE of 4.32 to 28.56, whereas the 10-fold cross-validation approach associated with the 127 

spatial model had a higher RMSE of 4.22 to 45.33. Abbasi et al. (2019) applied 8-fold cross 128 

validation to model MSW generation in Tehran, Iran, using radial basis function neural network 129 

and captured at least 74% of variability in monthly MSW generation rate. Recently, Vu et al. 130 

(2022) examined the effects of input dataset characteristics on waste disposal rate model accuracy 131 

and recommended k-fold cross validation on skewed datasets with higher variances. 132 

  Cubillos (2020) used a Recurrent Neural Network (RNN) - long short-term memory 133 

(LSTM) algorithm to predict weekly household waste generation in Herning, Denmark. The 134 

sliding window, a validation approach for time series, was applied to assess the model performance 135 

in testing stages and they found that window size played an important role in reducing model 136 

errors, with the optimal window size ranging from 4 to 12 weeks (Cubillos, 2020). RNN-LSTM 137 

was also successfully applied to model municipal waste disposal rates at Regina landfill, Canada, 138 

during the COVID pandemic (Vu et al., 2021a; 2021b). 139 

1.3 Objectives, novelties, and impacts 140 

Studies on the impacts of forward validation techniques on time series model construction 141 

related to waste management are very limited. There is currently no consensual approach on the 142 

validation techniques and the best performance estimation methods (Cerqueira et al., 2020, Xu et 143 

al. 2021). The objectives of this paper are to examine the effects of time series nested forward 144 

validation techniques on total waste disposal (TWD) estimates using RNN-LSTM models, and to 145 
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compare and benchmark model performance with respect to multiple linear regression (MLR) 146 

models. MLR has been traditionally used for waste prediction studies (Jahandideh et al., 2009; 147 

Azadi and Karimi-Jashni 2016; Kumar and Samadder, 2017) and is selected here to facilitate result 148 

comparison with literature. 149 

Unlike some time series events, most waste generation or disposal rates change temporally 150 

(Bruce et al., 2016; Kumar and Samadder, 2017; Richter et al., 2021b). In other words, municipal 151 

waste disposal trends are to a certain degree non-stationary, making them challenging to evaluate 152 

using conventional validation techniques. This study explicitly analyzes three nested forward 153 

validation techniques including rolling origin, rolling window, and growing window on time series 154 

waste disposal models. The study helps to fill the knowledge gap and potentially reduce bias in 155 

performance assessment of waste disposal time series. It is hypothesized that validation techniques 156 

are sensitive to time series RNN-LSTM model construction on total waste disposal rates. Reliable 157 

waste models allow better understanding of evolution of waste disposal behaviors, helping 158 

establishment of evidence-based waste policies on landfill regionalization (Karimi et al. 2022b, 159 

2022c, Richter et al. 2019b, 2021c) and illegal dumping (Serror et al. 2020, Karimi et al. 2022a). 160 

1.4 Study area and period 161 

Compared to other industrialized nations, Canada has a higher per capita waste generation 162 

rate (Bruce et al. 2016, Wang et al. 2016). Regina, with an approximate population of 236,500 163 

(Statistics Canada, 2016), is the capital city of Saskatchewan, Canada. Regina has been selected 164 

as the study area since the city’s waste disposal trends and behaviors have been extensively studied 165 

and reported (Richter et al., 2021a, & 2021b; Vu et al., 2021a). Historical records of total municipal 166 

waste disposal rate at the Regina landfill, and other climatic and economic indicators such as 167 

average weekly temperature, humidity, maximum wind speed and unemployment rates were 168 
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collected, verified, and consolidated during the 7-year study period (January 1st, 2013 to December 169 

29th, 2019). The Regina landfill is the sole municipal landfill in the region, serving both the City 170 

and the surrounding area. Canadian landfill design standards vary across jurisdictions, and 171 

inconsistencies are not uncommon (Richter et al., 2019a). The Regina landfill site has an ongoing 172 

groundwater monitoring program (Pan et al., 2019a & 2019b), and an active landfill gas 173 

management system operating on the covered portion of the site (Bruce et al., 2017; 2018). During 174 

the study period, the average disposal rate at Regina landfill was 3,692 tonnes/week. Total waste 175 

disposal (TWD) consisted of mixed waste, treated biomedical waste, construction and demolition 176 

waste, grit and asphalt. The average weekly temperature, humidity, and maximum windspeed 177 

during the study period was 3.1oC, 68.7%, and 28.7 km/h respectively (Weather Underground, 178 

2020). City-level weekly unemployment rates are not available, and the average Saskatchewan 179 

unemployment rate of 5.3% was used. 180 

2. Methodology 181 

 182 

The workflow of the study is illustrated in Figure 1. Firstly, historical records of daily TWD, 183 

climatic, and economic data were collected and processed. Secondly, correlation analysis was 184 

conducted to select statistically significant input variables for TWD predictive models. Thirdly, 185 

two separate sets of TWD models (RNN-LSTM and MLR) were developed using the three 186 

validation approaches under different trials. Finally, validation approaches on RNN-LSTM and 187 

MLR model performance were examined using Mean Absolute Percentage Error (MAPE) and R2 188 

values. The details are separately discussed in Sections 2.1, 2.2., 2.3, and 2.4. 189 

  190 
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 215 

Figure 1: Methodology flow chart and numerical study design 216 

 217 

Rolling window (RW) approach 

• Trial RW1: Training in 2013-

2014, validation in 2015, 

testing in 2016. 

• Trial RW2: Training in 2014-

2015, validation in 2016, 

testing in 2017. 

• Trial RW3: Training in 2015-

2016, validation in 2017, 

testing in 2018. 

• Trial RW4: Training in 2016-

2017, validation in 2018, 

testing in 2019. 

 

Data collection and processing 

• Daily total waste disposal (TWD) rates, temperature, humidity, maximum wind speed, as well as weekly 

unemployment rates are collected during the study period (Jan 1, 2013 to Dec 29, 2019). 

• Daily data was converted to weekly data for analysis. 

 

Input variables selection 

• Input variables are selected from the literature. Pearson correlation coefficients between TWD and other 

variables (temperature, humidity, maximum wind speed, and unemployment rate) were calculated. 

• Non-significant variables with coefficients less than |0.2| are removed . 

RNN-LSTM and MLR predictive model building with 4-fold cross validation 

• RNN structure is selected by preliminary trials. RNN models with an input layer, a single hidden 

layer with 128 neurons, and an output layer are constructed using Tensorflow 2.0 with modified 

codes from Valkov (2019). 

• MLR models are applied to model the relationship between the dependent variable (TWD) and the 

explanatory variables by minimizing the residual error term. 

• MLR models were commonly applied in waste studies, and the relationship between the dependent 

Rolling origin (RO) approach 

• Trial RO1: Training in 2013-

2014, validation in 2015, 

testing in the rest of data. 

• Trial RO2: Training in 2013-

2016, validation in 2016, 

testing in the rest of data. 

• Trial RO3: Training in 2013-

2016, validation in 2017, 

testing in the rest of data. 

• Trial RO4: Training in 2013-

2017, validation in 2018, 

testing in the rest of data. 

Growing window (GW) approach 

• Trial GW1: Training in 2013-

2014, validation in 2015, 

testing in 2016. 

• Trial GW2: Training in 2013-

2015, validation in 2016, 

testing in 2017. 

• Trial GW3: Training in 2013-

2016, validation in 2017, 

testing in 2018. 

• Trial GW4: Training in 2013-

2017, validation in 2018, 

testing in 2019. 

Evaluation of RNN and MLR model performance 

among the three validation techniques 

Model performance assessment using MAPE and R2 values 
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 218 

2.1 Data collection and processing, and input variables selection 219 

Daily TWD rates at the Regina landfill during the 7-year period were collected. Climatic 220 

and economic variables were selected from literature (Kannangara et al., 2018; Kontokosta et al., 221 

2018; Vu et al., 2019b). Average daily temperature, humidity, and maximum wind speed were 222 

collected from The Underground Weather (2021), and were consolidated to weekly data. The 223 

weekly unemployment rates were collected from the Government of Saskatchewan (2021). 224 

The processed weekly TWD rates were analyzed using individual violin plots to identify 225 

the distribution, skewness, and independency of the sets. An additional violin plot on weekly TWD 226 

during the entire 7-year study period is used to quantify the distribution of the complete dataset. A 227 

recent waste modeling study by Vu et al. (2022) suggested that variance of the input dataset may 228 

be important to model construction process.To select input variables for the RNN-LSTM and MLR 229 

models, Pearson correlation coefficients between weekly TWD rates, and temperature, humidity, 230 

maximum wind speed, and unemployment rates were calculated based on Equation 1. Variables 231 

with low correlation with TWD rates (< |0.2|) and/or statistically insignificant results (p > 0.05) 232 

were removed. Highly inter-correlated input variables with coefficients higher than |0.95| (Abdoli 233 

et al., 2011; Vu et al., 2019b) were removed to minimize multicollinearity among the inputs. 234 

𝑅 =
∑ (𝑋𝑖 − 𝑋 ) × (𝑌𝑖 − 𝑌 )𝑛

𝑖=1

∑ (𝑋𝑖 − 𝑋 ) × ∑ (𝑌𝑖 − 𝑌 )𝑛
𝑖=1

𝑛
𝑖=1

     (1) 236 

Where: 235 

R: Pearson correlation coefficient 237 
n: Number of data points 238 
Xi: Value of variable X at data point i 239 

Yi: Value of variable Y at data point i 240 

𝑋 : The mean of variable X 241 
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𝑌 : The mean of variable Y 242 
 243 

2.2 The three nested forward validation techniques  244 

A nested forward validation is a type of forward validation technique, in which the data is 245 

divided into 3 stages: training, validation, and testing. As shown in Figure 2, three 4-fold nested 246 

forward validation techniques were adopted in the present study, including Rolling Origin (RO), 247 

Rolling Window (RW), and Growing Window (GW).  248 

(a) Rolling Origin - RO 

Year 2013 2014 2015 2016 2017 2018 2019 
        

Trial RO1        
        
Trial RO2        
        
Trial RO3        
        
Trial RO4        
        

(b) Rolling Window - RW 

Year 2013 2014 2015 2016 2017 2018 2019 
        

Trial RW1            
        
Trial RW2            
        
Trial RW3            
        
Trial RW4            
        

(c) Growing Window - GW 

Year 2013 2014 2015 2016 2017 2018 2019 
        

Trial GW1            
        
Trial GW2             
        
Trial GW3              
        
Trial GW4               

        

 
Legend: Training  Validation  Testing  

 249 

Figure 2: The three 4-fold nested forward validation techniques for the RNN-LSTM and MLR 250 

models: (a) Rolling Origin, (b) Rolling Window, (c) Growing Window. Note: RO4 and GW4 are 251 

identical. RW1 and GW1 are also identical. They are shown here for completeness. 252 

 253 
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RO is a validation approach in which the training stage of the model is a block of data that 254 

grows with each split stage, and the testing stage is the rest of the dataset (Schnaubelt, 2019). As 255 

such, the training-to-testing ratios are not consistent among the RO1 to RO4 trials (Figure 2a). 256 

However, all available data are used in the model construction. The RO approach was adopted by 257 

Tashman (2000) and Schnaubelt (2019). As shown in Figure 2b, RW is a validation approach in 258 

which the training stage of the model is a block of data that goes forward with each split stage, and 259 

the testing stage is a following split stage. Unlike others, the training-validation-testing ratio 260 

among the four trials is kept constant (50:25:25), thus when the training data moves forward a 261 

split, the old data from the beginning of the series is eliminated (Bergmeir and Benítez, 2012). 262 

Finally, GW shown in Figure 2c is a validation approach in which the training stage of the model 263 

is a block of data that grows with each split stage, and the testing stage is the following split 264 

(Cerqueira et al., 2020). As such, the length of the training set increases with the trials. It should 265 

be noted that some trials are identical (e.g. RO4 and GW4, RW1 and GW1), and the redundant 266 

trials are shown for illustrative purposes. In other words, a total of 10 unique sets are shown in 267 

Figure 2.   268 

2.3 RNN-LSTM and MLR models development 269 

RNN-LSTM and MLR models were constructed to predict weekly TWD rates using the 270 

selected input parameters from correlation analysis (Section 2.1). There were 10 unique RNN-271 

LSTM models and 10 unique MLR models developed (Figure 2), and each model had multiple 272 

input features. The structure of RNN-LSTM models included three layers: an input layer, a single 273 

hidden layer with 128 neurons, and an output layer. The model was constructed using Tensorflow 274 

2.0 with modified codes from Valkov (2019). A similar RNN modeling approach was adopted by 275 

Vu et al. (2021b and 2022) for municipal waste disposal rate modeling in Regina, Canada. MLR 276 

https://www.sciencedirect.com/science/article/abs/pii/S0169207000000650#!
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models have been commonly applied in waste modeling studies, and the relationship between the 277 

dependent variable (TWD) and explanatory variables are established by minimizing the residual 278 

error term (Equation 2).  279 

𝑦 = 𝛽0 + ∑ 𝛽𝑖

𝑛

𝑖=1

𝑥𝑖 + 𝜀     (2) 280 

Where: 281 

y: Dependent variable 282 
xi:  Explanatory independent variables 283 
βi: Regression coefficients 284 

ε: Residual error 285 
n: Number of independent variables 286 
 287 

2.4 Predictive model performance assessment 288 

Mean Absolute Percentage Error (MAPE) and R2 values are applied in various waste 289 

modeling studies (Abdoli et al., 2012; Azadi et al., 2016, Olatunji et al., 2019) and are popular 290 

metrics for the assessment of ANN-based modeling performance (Xu et al., 2021). MAPE is scale 291 

independent (Equation 3) and thus is suitable to compare with other studies. R2 is a dominant and 292 

commonly reported evaluation index for ANN-based modelling (Janarthanan et al., 2021; Wang 293 

et al., 2021; Zhang et al., 2021). The model prediction is more accurate when R2 value is closer to 294 

unity (Equation 4). 295 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑ |

𝑌𝑎 
𝑖 − 𝑌𝑝

𝑖

𝑌𝑎
𝑖

|

𝑛

𝑖=1

×  100                 (3) 296 

 297 

𝑅2 =
∑ (𝑌𝑝

𝑖 − 𝑌𝑝) × (𝑌𝑎
𝑖 − 𝑌𝑎)𝑛

𝑖=1

∑ (𝑌𝑝
𝑖 − 𝑌𝑝)𝑛

𝑖=1

2
 ×  ∑ (𝑌𝑎

𝑖 − 𝑌𝑎)𝑛
𝑖=1

2      (4) 298 

 299 

Where: 300 
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n: Number of data points 301 
Ya: Actual mass of total waste disposal 302 

Yp: Predicted mass of total waste disposal 303 

𝑌𝑎: The mean actual mass of total waste disposal 304 

𝑌𝑝: The mean predicted mass of total waste disposal 305 

 306 

3. Results and discussion 307 

3.1 TWD sets independency, distribution, and skewness  308 

Given the use of nested forward validation techniques, the independency, distribution, and 309 

skewness of the sets may impact model construction in the validation stage and prediction accuracy 310 

in the testing stage. Since different annual datasets were used in the training, validation, and testing 311 

of the models, it is necessary to first analyze the input data characteristics. The violin plots in 312 

Figure 3 show the distributions of the weekly TWD rates in a given year during the 7-yr study 313 

period. The thicker vertical line represents the interquartile range, while the thinner vertical line 314 

shows the complete data range excluding the outliers. The white dot is the median and the black 315 

dot is the mean, and the respective rotated kernel density function is plot on each side.  316 

The last violin plot “All years” in Figure 3 represents the entire 7-year weekly TWD rates 317 

at the Regina landfill. The “all years” TWD data set appears normally distributed, with median 318 

value (white dot = 3,780 tonnes/week) only slightly above the mean value (black dot = 3,692 319 

tonnes/week). A bimodal distribution is clearly observed in the “all years” set, with higher 320 

probability densities near the 25th and 75th percentiles. This is probably due to the distinct waste 321 

disposal characteristics and recycling behaviors in the high (summer) and low (winter) seasons at 322 

the Regina landfill (Richter et al. 2021a; 2021b; Adusei et al. 2022). Higher probability densities 323 

are consistently observed in the high seasons than the low seasons during the study period (Figure 324 

3), indicating that the waste disposal behaviors are more consistent in summer months than winter 325 

months.  326 
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The TWD rates in 2013 and 2014 were noticeably higher than other years, with median 327 

values well above 4,000 tonnes per week (Figure 3). Higher uncertainties with larger TWD data 328 

variabilities are also observed in 2013 and 2014. The data range (i.e. max - min) of 3,976 329 

tonnes/week in 2013 and 3,803 tonnes/week in 2014. For comparison, the data range in 2019 was 330 

only 2,509 tonnes/week, or about 63% of that of 2013. It appears the disposal behaviors were quite 331 

consistent in Regina from 2015 to 2019, probably due to stable population, economy, and waste 332 

policy (Richter et al. 2021a). Bimodal distributions are consistently observed during the study 333 

period. 334 

 335 

Figure 3: Weekly total waste disposal at the Regina landfill from 2013 to 2019 336 

 337 

3.2 Selection of model input parameters  338 

Figure 4 shows the correlation coefficients between the target variable (TDW rates) and 339 

the potential four input variables from literature (unemployment rate, average temperature, 340 

humidity, and maximum wind speed). Temperature has the strongest correlation with the TWD 341 
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rates with a coefficient of + 0.75. The finding is consistent with other waste modeling studies 342 

(Azadi and Karimi-Jashni 2016; Vu et al. 2019b). Humidity has a negative coefficient of -0.52 343 

with the TWD, probably due to fewer disposal activities under rainy weather. A negative 344 

coefficient of -0.24 was observed between TDW and unemployment rates during the study period, 345 

suggesting less waste disposal when economy was weak. The coefficient between TWD and 346 

maximum wind speed is, however, not statistically significant (p > 0.05), and the coefficient is less 347 

than |0.1|. The parameter is therefore removed from the model construction.  348 

 349 

Figure 4: Pearson correlation coefficients between external variables and total waste disposal 350 

rates Number 0 in the vertical axis denotes the TWD in tonnes/week, numbers 1 to 4 denote the 351 

weekly unemployment rate (percentage), weekly average temperature (oC), average weekly 352 

humidity (percentage) and the weekly maximum wind speed (km/h), respectively. 353 

 354 
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The interrelationships between the three selected input variables are also examined. 355 

Humidity is negatively related to temperature (-0.62, Figure 4), however, the coefficient is less 356 

than |0.95|. As such, multicollinearity among the inputs is not detected, and the three parameters 357 

(average temperature, humidity, and unemployment rates) were selected as the inputs for both 358 

RNN and MLR predictive models.  359 

3.2 Effects of the nested forward validation techniques on RNN and MLR model 360 

performance  361 

Figure 5a shows the RNN and MLR model performance using the RO validation approach. 362 

Trial RO1 performance is relatively poor and has the highest MAPE and the lowest R2 for both 363 

RNN and MLR models. Unlike other cases, the data devoted to training in RO1 (156 data points) 364 

is fewer than that of the testing stage (209 data points), leading to insufficient training of the 365 

algorithms (Figure 2a). In addition, the training sets were skewed as TWD was noticeably higher 366 

in 2013 and 2014 (Figure 3). It appears that sample size is a significant factor on model accuracy 367 

for both RNN and MLR models.  368 

RO4 provided the best model performance among the trials. The highest R2 (0.83) and the 369 

lowest MAPE (8.16%) of RNN are observed in RO4 (Figure 5a). This is probably due to the 370 

similarities between the validation and the testing sets, and the consistency of the testing set in 371 

2019 (Figure 3). RO4 also has a training-validation-testing ratio of 71.4:14.3:14.3, similar to 372 

typical ratio of 70:15:15 adopted in many ANN-based waste studies (Xu et al. 2021). MLR in RO4 373 

also has the highest R2 (0.80) and a moderate MAPE of 11.70%.  374 

In general, RNN models outperform MLR models using RO validation approach. RNN 375 

time series models appear more sensitive to the length of the training period. With the exception 376 

of RO1, the model performance indicators R2 and MAPE agree well with each other. 377 
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 378 

  

  

  
Figure 5: Comparison of TWD model performance using different time series nested forward 379 

validation techniques a) Rolling origin; b) Rolling window; c) Growing window 380 
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As discussed in Section 2.2, the training-validation-testing ratio for all four RW trials are 382 

consistent (Figure 2b). As such, the differences in modeling performance may be attributed to the 383 

data characteristics of the input sets (Figure 3). The highest MAPE and the lowest R2 were 384 

observed in RW1 for both RNN and MLR models (Figure 5). The finding supports the observation 385 

that the training sets in 2013 and 2014 were skewed. 386 

In general, both RNN and MLR models have better performance in Trial RW4, probably 387 

due to a more consistent testing set in 2019 (Figure 3). The MLR model has the lowest MAPE of 388 

7.58% and the highest R2 of 0.79 in Trial RW2 (Figure 5b), probably due to the linearly decreasing 389 

TWD median trend observed between 2014 and 2017 (Figure 3). MLR models appear more 390 

appropriate for data exhibiting monotonic trend. 391 

A comparison between RO1 (Figure 5a) and RW1 (Figure 5b) reveals that extending the 392 

testing period by a factor of 4 has no obvious benefits to model accuracy. On the other hand, 393 

increasing the training set by a factor of 2.5 would improve model accuracy. For example, when 394 

comparing the RO4 (5-year training period, Figure 2a) with the RW4 (2-year training period, 395 

Figure 2b), the MAPE of the RNN model decreased from 8.16 to 7.71 with a longer training period. 396 

Similarly, the MAPE of the MLR model decreased from 11.7 to 7.87, highlighting the importance 397 

of a sufficient training period in time series modeling. 398 

Figure 5c shows the model performance using the GW validation approach. With the 399 

exception of GW1, the performances of other trials are quite consistent. GW4 and GW2 have 400 

slightly better performance, probably due to the consistency of the testing dataset in 2017 and 2019 401 

(Figure 3). Comparison between trials GW2 (Figure 5c) and RW2 (Figure 5b) reveal a longer 402 

training stage is beneficial to MAPE. R2 values for RNN and MLR, however, remained constant 403 

at 0.75 and 0.79, respectively. Comparing the performance indicators between trials GW2 and 404 
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RO2, and trials GW3 and RO3, confirmed that there are no obvious benefits to model accuracy for 405 

longer testing sets. 406 

Trial RW4 performed better among all cases, with lower MAPE (7.71% and 7.87%) and 407 

higher R2 value (0.83 and 0.80) for both RNN and MLR. The result suggests that data 408 

characteristics in both training and testing stages are more important than longer periods of the 409 

training stage. It is recommended dataset normality and skewness be examined before time series 410 

modeling. 411 

Figure 6 shows the average RNN and MLR model errors using RO, RW, and GW 412 

validation approaches. In all cases, the MAPE ranged from 10.4% to 12.7%. Xu et al. (2021) 413 

reviewed 177 waste studies published between 2010 and 2020 and reported a range of MAPE from 414 

4.0% to 34.1%. It can be seen from Figure 6a that RNN had the lowest average MAPE of 10.42% 415 

using GW, whereas the MLR had the lowest MAPE of 11.34% when using the RO. The results 416 

suggest that the validation approaches should be selected with respect to model type. In general, 417 

more data is beneficial to RNN time series models, and both GW and RO validation techniques 418 

appear appropriate. MLR, however, appears more sensitive to the dataset characteristics. RO 419 

validation techniques appear more suitable to MLR models, at least using waste disposal data 420 

considered in the present study. 421 

 In this study, R2 ranged from 0.65 to 0.77 in different trials. Xu et al. (2021) reported a range 422 

of 0.69 to 0.99 from the literature, many of which are from optimized models. The performance of 423 

RW and GW are identical with respect to R2. In general, the RO was the optimal time series 424 

validation approach for RNN and MLR models to predict TWD rates in the Regina landfill (Figure 425 

6b).  426 
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 428 

Figure 6: Comparison of the total waste prediction model performance of ANN and MLR with 429 

different time series nested forward validation techniques using a) MAPE; b) R2 value 430 

431 

Rolling origin Rolling window Growing window

RNN 10.47 11.40 10.42

MLR 11.34 11.63 12.74

 6

 7

 8

 9

 10

 11

 12

 13

 14

M
A

P
E

Rolling origin Rolling window Growing window

RNN 0.77 0.72 0.72

MLR 0.71 0.65 0.65

 0.50

 0.55

 0.60

 0.65

 0.70

 0.75

 0.80

R
2

v
al

u
e

(a) 

(b) 



 
 

22 
 

3.3 Practical implications and limitations 432 

The use of forward validation techniques on time series model construction and accuracy 433 

testing is not well understood and there is no consensual approach on the performance estimation 434 

methods. This study examines the effects of RO, RW, and GW validation techniques on TWD 435 

estimates using RNN-LSTM and MLR. Conventional validation techniques are less applicable 436 

since waste disposal trends are not completely stationary. The study advances our understanding 437 

on performance assessment of time series machine learning and regression models. The results 438 

suggest that selection of validation techniques is important to waste disposal time series model 439 

construction and evaluation. It is recommended data set normality and skewness be examined 440 

before time series modeling. Overall, RO validation technique is more versatile and is 441 

recommended in waste disposal studies. Accurate and reliable waste disposal rate modeling is 442 

important to the design and operation of a sustainable waste management system. The work is 443 

important on sustainability assessment and environmental planning using machine learning 444 

algorithm. Waste forecasting technique discussed in this paper also has great practical implications 445 

on the energy use of various waste management systems (Nabavi-Pelesaraei et al. 2017a, 2017b).  446 

About 7-year of daily disposal rates were considered in this study. A longer data period 447 

may be beneficial given the skewness of the input set. Sociocultural and environmental factors on 448 

waste disposal and recycling behaviors (Izquierdo-Horna et al. 2022) are not explicitly considered 449 

in this study. Yang and Arhonditsis (2022) suggested that political and demographic factors may 450 

be relevant in Canada, and these factors are recommended in future studies. 451 

 452 

4. Conclusion 453 

 454 
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During the 7-year study period, the TWD data at Regina landfill appears normally 455 

distributed, with median of 3,780 tonnes/week. A bimodal distribution is observed, with higher 456 

probability densities near the 25th and 75th percentiles. Waste disposal behaviors were more 457 

consistent in summer months than winter months. The TWD rates in 2013 and 2014 were higher 458 

than the other years, with median values well above 4,000 tonnes per week. Three input parameters 459 

for the RNN and MLR models were selected using correlation analysis, and multicollinearity 460 

among the selected inputs was not detected.  461 

Trial RO1 performance is relatively poor due to insufficient training period and skewed 462 

training sets. Sample size is a significant factor on model accuracy for both RNN and MLR models. 463 

RO4 provided the best model performance among the RO trials owning to the similarities between 464 

the validation and the testing sets, and the consistency of the testing set in 2019. RNN time series 465 

models using RO appear sensitive to the training period length.  466 

Because of a more consistent testing set in 2019, both RNN and MLR models have better 467 

performance in Trial RW4. The MLR model has the best performance in Trial RW2, partly due to 468 

the linearly decreasing TWD median trend observed between 2014 and 2017. Extending the testing 469 

period by a factor up to four has no obvious benefits to model accuracy. On the other hand, 470 

increasing the training set by a factor of 2.5 led to observable improvement in model accuracy. 471 

Data characteristics in both training and testing stages are more important than longer period of 472 

the training stage.  473 

In all 20 models, the model accuracy is comparable to published studies, with MAPE 474 

ranging from 10.4% to 12.7%. Both GW and RO validation techniques appear appropriate for 475 

RNN models. MLR models, however, are more sensitive to the dataset characteristics and RO 476 

validation technique appears more suitable to MLR models, at least using waste disposal data 477 



 
 

24 
 

considered in the present study. Accurate waste disposal rate prediction and interpretation facilitate 478 

design, planning, and operation of a sustainable waste management system. This work also helps 479 

to establish data-driven waste policy in cities. 480 

Abbreviations: 481 

▪ ANN - Artificial neural network  482 

▪ GW - Growing Window 483 
▪ LSTM - Long short-term memory 484 

▪ MAPE - Mean absolute percentage error 485 

▪ MLR - Multiple linear regression 486 
▪ OOS - One out of sample 487 
▪ RMSE - Root mean square error 488 

▪ RNN - Recurrent neural network  489 
▪ RO - Rolling Origin  490 
▪ RW - Rolling Window  491 

▪ TWD - Total waste disposal 492 
 493 

  494 



 
 

25 
 

References 495 

Abbasi, M., El Hanandeh, A., 2016. Forecasting municipal solid waste generation using artificial intelligence 496 
modelling approaches. Waste Management, 56, 13–22. https://doi.org/10.1016/j.wasman.2016.05.018 497 

Abbasi, M., Rastgoo, M.N., Nakisa, B., 2019. Monthly and seasonal modeling of municipal waste generation using 498 
radial basis function neural network. Environmental Progress & Sustainable Energy, 38(3), 1–10. 499 
https://doi.org/10.1002/ep.13033 500 

Abdoli, M.A., Nezhad, M.F., Sede, R.S., Behboudian, S., 2012. Longterm forecasting of solid waste generation by 501 
the artificial neural networks. Environmental Progress & Sustainable Energy, 31 (4), 628–636. 502 
https://doi.org/10.1002/ep.10591 503 

Adusei, K. K., Ng, K. T. W., Mahmud, T. S., Karimi, N., Lakhan, C. (2022) “Exploring the use of astronomical 504 
seasons in municipal solid waste disposal rates modeling”. Sustainable Cities and Society, 86, 104115. 505 
https://doi.org/10.1016/j.scs.2022.104115 506 

Ahmad, M., Jiang, P., Murshed, M., Shehzad, K., Akram, R., Cui, L., Khan, Z. (2021) Modelling the dynamic 507 
linkages between eco-innovation, urbanization, economic growth and ecological footprints for G7 508 
countries: Does financial globalization matter? Sustainable Cities and Society, 70, 102881. 509 
https://doi.org/10.1016/j.scs.2021.102881 510 

Ali, A.S. and Ahmad, A., 2019. Forecasting MSW generation using artificial neural network time series model: 511 
a study from metropolitan city.  SN Applied Sciences, 1:1338. https://doi.org/10.1007/s42452-019-1382-7 512 

Arahameri, A., Saha, S., Roy, J., Tiefenbacher, J. P., Cerda, A., Biggs, T., Pradhan, B., Ngo, P. T. T., Collins, A. L. 513 
(2020) A novel ensemble computational intelligence approach for the spatial prediction of land subsidence 514 
susceptibility. Science of The Total Environment, 726, 138595. 515 
https://doi.org/10.1016/j.scitotenv.2020.138595 516 

Azadi, S., Amiri, H., Rakhshandehroo, G.R., 2016. Evaluating the ability of artificial neural network and PCA-M5P 517 
models in predicting leachate COD load in landfills. Waste Management. 55, 220–230. 518 
https://doi.org/10.1016/j.wasman.2016.05.025 519 

Azadi, S. and Karimi-Jashni, A. 2016. Verifying the performance of artificial neural network and multiple linear 520 
regression in predicting the mean seasonal municipal solid waste generation rate: A case study of Fars 521 
province, Iran. Waste Management, 48, 14-23. https://doi.org/10.1016/j.wasman.2015.09.034 522 

Bergmeir, C., Benitez, J.M., 2012. On the use of cross-validation for time series predictor evaluation. Information 523 
Sciences, 191, 192–213. https://doi.org/10.1016/j.ins.2011.12.028 524 

Bergmeir, C., Costantini, M., Benitez, J.M., 2014. On the usefulness of cross-validation for directional forecast 525 
evaluation. Computational Statistics & Data Analysis, 76, 132–143. 526 
https://doi.org/10.1016/j.csda.2014.02.001 527 

Bergmeir, C., Hyndman, R.J., Koo, B., 2018. A note on the validity of cross-validation for evaluating autoregressive 528 
time series prediction. Computational Statistics & Data Analysis, 120, 70–83. 529 
https://doi.org/10.1016/j.csda.2017.11.003 530 

Bruce, N., Asha, A., Ng, K. T. W. (2016) "Analysis of Solid Waste Management Systems in Alberta and British 531 
Columbia using Provincial Comparison". Canadian Journal of Civil Engineering, 43(4): 351-360. 532 
https://dx.doi.org/10.1139/cjce-2015-0414 533 

Bruce, N., Ng, K. T. W., Richter, A. (2017) Alternative Carbon Dioxide Modeling Approaches accounting for High 534 
Residual Gases in LandGEM, Environmental Science and Pollution Research, 24(16), 14322-14336. 535 
https://dx.doi.org/10.1007/s11356-017-8990-9 536 

Bruce, N., Ng, K. T. W., Vu, H. L. (2018) Use of Seasonal Parameters and their Effects on FOD Landfill Gas 537 
Modeling, Environmental Monitoring and Assessment, 190:291. https://doi.org/10.1007/s10661-018-6663-538 
x 539 

Cerqueira, V., Torgo, L. & Mozetič, I, 2020. Evaluating time series forecasting models: an empirical study on 540 
performance estimation methods. Machine Learning, 109, 1997–2028. https://doi.org/10.1007/s10994-020-541 
05910-7 542 

Cubillos, M., 2020. Multi-site household waste generation forecasting using a deep learning approach. Waste 543 
Management, 115, 8–14. https://doi.org/10.1016/j.wasman.2020.06.046  544 

Ekeocha, D. O. (2021) Urbanization, inequality, economic development and ecological footprint: Searching for 545 
turning points and regional homogeneity in Africa. Journal of Cleaner Production, 291, 125244. 546 
https://doi.org/10.1016/j.jclepro.2020.125244 547 

https://doi.org/10.1016/j.wasman.2016.05.018
https://doi.org/10.1002/ep.13033
https://doi.org/10.1002/ep.10591
https://doi.org/10.1016/j.scs.2022.104115
https://doi.org/10.1016/j.scs.2021.102881
https://doi.org/10.1007/s42452-019-1382-7
https://doi.org/10.1016/j.scitotenv.2020.138595
https://doi.org/10.1016/j.wasman.2016.05.025
https://doi.org/10.1016/j.wasman.2015.09.034
https://doi.org/10.1016/j.ins.2011.12.028
https://doi.org/10.1016/j.csda.2014.02.001
https://doi.org/10.1016/j.csda.2017.11.003
https://dx.doi.org/10.1139/cjce-2015-0414
https://dx.doi.org/10.1007/s11356-017-8990-9
https://doi.org/10.1007/s10661-018-6663-x
https://doi.org/10.1007/s10661-018-6663-x
https://doi.org/10.1007/s10994-020-05910-7
https://doi.org/10.1007/s10994-020-05910-7
https://doi.org/10.1016/j.wasman.2020.06.046
https://doi.org/10.1016/j.jclepro.2020.125244


 
 

26 
 

Ghinea, C., Dragoi, E.N., Comanita, E.D., Gavrilescu, M., Campean, T., Curteanu, S., Gavrilescu, M., 2016. 548 
Forecasting municipal solid waste generation using prognostic tools and regression analysis. Journal of 549 
Environmental Management, 182, 80–93. https://doi.org/10.1016/j.jenvman.2016.07.026 550 

Government of Saskatchewan, 2020. Unemployment Rate. https://dashboard.saskatchewan.ca/business-551 
economy/employment-labour-market/unemployment-552 
rate#:~:text=In%20September%202020%2C%20Saskatchewan's%20seasonally,average%20of%209.0%20553 
per%20cent (Accessed on August 17, 2021). 554 

Habuer, J. N. and Moriguchi, Y. 2014. Time-series product and substance flow analyses of end-of-life electrical and 555 
electronic equipment in China. Waste Management, 34(2) 489-497. 556 
https://doi.org/10.1016/j.wasman.2013.11.004 557 

Hosseinalizadeh, R, Shakouri, H., Izadbakhsh, H. (2022) Planning for energy production from municipal solid 558 
waste: An optimal technology mix via a hybrid closed-loop system dynamics-optimization approach. 559 
Expert Systems with Applications, 199, 116929. https://doi.org/10.1016/j.eswa.2022.116929 560 

Ishii, K., Sato, M., Ochiai, S. (2022) Prediction of leachate quantity and quality from a landfill site by the long short-561 
term memory model. Journal of Environmental Management, 310, 114733. 562 
https://doi.org/10.1016/j.jenvman.2022.114733 563 

Izquierdo-Horna, L., Kahhat, R., Vázquez-Rowe, I. (2022) Reviewing the influence of sociocultural, environmental 564 
and economic variables to forecast municipal solid waste (MSW) generation. Sustainable Production and 565 
Consumption, 33, 809-819. https://doi.org/10.1016/j.spc.2022.08.008 566 

Janarthanan, R., Partheeban, P., Somasundaram, K., Elamparithi, P. N. (2021) A deep learning approach for 567 
prediction of air quality index in a metropolitan city. Sustainable Cities and Society, 67, 102720. 568 
https://doi.org/10.1016/j.scs.2021.102720 569 

Jahandideh, S., Jahandideh, S., Asadabadi, E. B., Askarian, M., Movahedi, M. M., Hosseini, S., Jahandideh, M. 570 
2009. The use of artificial neural networks and multiple linear regression to predict rate of medical waste 571 
generation. Waste Management, 29(11), 2874-2879. https://doi.org/10.1016/j.wasman.2009.06.027 572 

Johnson, N.E., Ianiuk, O., Cazap, D., Liu, L., Starobin, D., Dobler, G., 2017. Patterns of waste generation: A 573 
gradient boosting model for short-term waste prediction in New York City. Waste Management, 62, 3–11. 574 
https://doi.org/10.1016/j.wasman.2017.01.037 575 

Kannangara, M., Dua, R., Ahmadi, L., Bensebaa, F. (2018) Modeling and prediction of regional municipal solid 576 
waste generation and diversion in Canada using machine learning approaches. Waste Management, 74, 3-577 
15. https://doi.org/10.1016/j.wasman.2017.11.057 578 

Karimi, N., Ng, K. T. W., Richter, A. (2021) "Prediction of fugitive landfill gas hotspots using a random forest 579 
algorithm and Sentinel-2 data". Sustainable Cities and Society, 73, 103097. 580 
https://doi.org/10.1016/j.scs.2021.103097 581 

Karimi, N., Ng, K. T. W., Richter, A. (2022a) Development and application of an analytical framework for mapping 582 
probable illegal dumping sites using nighttime light imagery and various remote sensing indices. Waste 583 
Management, 143, 195-205. https://doi.org/10.1016/j.wasman.2022.02.031 584 

Karimi, N., Ng, K. T. W., Richter, A. (2022b) Development of a regional solid waste management framework and 585 
its application to a prairie province in central Canada. Sustainable Cities and Society, 82, 103904.  586 
https://doi.org/10.1016/j.scs.2022.103904 587 

Karimi, N., Ng, K. T. W., Richter, A. (2022c) Integrating Geographic Information System network analysis and 588 
nighttime light satellite imagery to optimize landfill regionalization on a regional level. Environmental 589 
Science and Pollution Research. https://doi.org/10.1007/s11356-022-21462-w 590 

Kontokosta C., Hong, B., Johnson, N.E., Starobin, D. 2018. "Using machine learning and small area estimation to 591 
predict building-level municipal solid waste generation in cities." Computers, Environment and Urban 592 
Systems, 70, 151-162. https://doi.org/10.1016/j.compenvurbsys.2018.03.004 593 

Kumar, A. and Samadder. S. R. 2017. An empirical model for prediction of household solid waste generation rate – 594 
A case study of Dhanbad, India. Waste Management, 68, 3-15. 595 
https://doi.org/10.1016/j.wasman.2017.07.034 596 

Lavigne, C., Belien, J., Dewil, R. (2021) An exact routing optimization model for bio-waste collection in the 597 
Brussels Capital Region. Expert Systems with Applications, 183, 115392. 598 
https://doi.org/10.1016/j.eswa.2021.115392 599 

Mahmud, T. S., Ng, K. T. W., Karimi, N., Adusei, K. K., Pizzirani, S. (2022) "Evolution of COVID-19 municipal 600 
solid waste disposal behaviors using epidemiology-based periods defined by World Health Organization 601 
guidelines". Sustainable Cities and Society, 87, 104219. https://doi.org/10.1016/j.scs.2022.104219 602 

https://doi.org/10.1016/j.jenvman.2016.07.026
https://doi.org/10.1016/j.wasman.2013.11.004
https://doi.org/10.1016/j.eswa.2022.116929
https://doi.org/10.1016/j.jenvman.2022.114733
https://doi.org/10.1016/j.scs.2021.102720
https://doi.org/10.1016/j.wasman.2009.06.027
https://doi.org/10.1016/j.wasman.2017.01.037
https://doi.org/10.1016/j.wasman.2017.11.057
https://doi.org/10.1016/j.scs.2021.103097
https://doi.org/10.1016/j.wasman.2022.02.031
https://doi.org/10.1016/j.scs.2022.103904
https://doi.org/10.1007/s11356-022-21462-w
https://doi.org/10.1016/j.compenvurbsys.2018.03.004
https://doi.org/10.1016/j.wasman.2017.07.034
https://doi.org/10.1016/j.eswa.2021.115392


 
 

27 
 

Montecinos, J., Ouhimmou, M., Chauhan, S., Paquet, M. 2018. Forecasting multiple waste collecting sites for the 603 
agro-food industry. Journal of Cleaner Production, 187, 932-939. 604 
https://doi.org/10.1016/j.jclepro.2018.03.127  605 

Nabavi-Pelesaraei, A., Bayat, R., Hosseinzadeh-Bandbafha, H., Afrasyabi, H., Berrada, A. (2017a) Prognostication 606 
of energy use and environmental impacts for recycle system of municipal solid waste management. Journal 607 
of Cleaner Production, 154, 602-613. https://doi.org/10.1016/j.jclepro.2017.04.033 608 

Nabavi-Pelesaraei, A., Bayat, R., Hosseinzadeh-Bandbafha, H., Afrasyabi, H., Chau, K. (2017b) Modeling of energy 609 
consumption and environmental life cycle assessment for incineration and landfill systems of municipal 610 
solid waste management - A case study in Tehran Metropolis of Iran. Journal of Cleaner Production, 148, 611 
427-440. https://doi.org/10.1016/j.jclepro.2017.01.172 612 

Narayanamoorthy, S., Manirathinam, T., Geetha, S., Salahshour, S., Ahmadian, A., Kang, D. (2022) An approach to 613 
assess PWR methods to cope with physical barriers on plastic waste disposal and exploration from 614 
developing nations. Expert Systems with Applications, 117996. https://doi.org/10.1016/j.eswa.2022.117996 615 

Olatunji, O., Akinlabi, S., Madushele, N., Adedeji, P.A., Felix, I., 2019. Multilayer perceptron artificial neural 616 
network for the prediction of heating value of municipal solid waste. AIMS Energy, 7(6), 944–956. 617 
https://doi.org/10.3934/energy.2019.6.944 618 

Oliveira, V., Sousa, V., Dias-Ferreira, C. (2019) Artificial neural network modelling of the amount of separately-619 
collected household packaging waste. Journal of Cleaner Production, 210, 401-409. 620 
https://doi.org/10.1016/j.jclepro.2018.11.063 621 

Pan, C., Ng, K. T. W., Fallah, B., Richter, A. (2019a) Evaluation of the Bias and Precision of Regression 622 
Techniques and Machine Learning Approaches in Total Dissolved Solids Modeling of an Urban Aquifer, 623 
Environmental Science and Pollution Research, 26(2), 1821-1833. https://doi.org/10.1007/s11356-018-624 
3751-y  625 

Pan, C., Ng, K. T. W., Richter, A. (2019b) An Integrated Multivariate Statistical Approach for the Evaluation of 626 
Spatial Variations in Groundwater Quality near an Unlined Landfill. Environmental Science and Pollution 627 
Research, 26(6), 5724-5737. https://doi.org/10.1007/s11356-018-3967-x 628 

Panzone, L., Ulph, A., Areal, F., Grippo, V. 2021. A ridge regression approach to estimate the relationship between 629 
landfill taxation and waste collection and disposal in England. Waste Management, 129, 95-110. 630 
https://doi.org/10.1016/j.wasman.2021.04.054 631 

Persis, D. J., Venkatesh, V. G., Sreedharan, V. R., Shi, Y., Sankaranarayanan, B. (2021) Modelling and analysing 632 
the impact of Circular Economy; Internet of Things and ethical business practices in the VUCA world: 633 
Evidence from the food processing industry. Journal of Cleaner Production, 301, 126871. 634 
https://doi.org/10.1016/j.jclepro.2021.126871 635 

Richter, A., Ng, K. T. W., Fallah, B. (2019a) "Bibliometric and Text Mining Approaches to Evaluate Landfill 636 
Design Standards". Scientometrics,118(3), 1027-1049.  https://doi.org/10.1007/s11192-019-03011-4 637 

Richter, A., Ng, K. T. W., Karimi, N., Wu, P., Kashani, A. H. (2019b) "Optimization of waste management regions 638 
using recursive Thiessen polygons". Journal of Cleaner Production, 234, 85-96. 639 
https://doi.org/10.1016/j.jclepro.2019.06.178   640 

Richter, A., Ng, K. T. W., Vu, H. L., Kabir, G. (2021a) Identification of behaviour patterns in waste collection and 641 
disposal during the first wave of COVID-19 in Regina, Saskatchewan, Canada. Journal of Environmental 642 
Management, 290, 112663. https://doi.org/10.1016/j.jenvman.2021.112663 643 

Richter, A., Ng, K. T. W., Vu, H. L., Kabir, G. (2021b) Waste disposal characteristics and data variability in a mid-644 
sized Canadian city during COVID-19. Waste Management, 122, 49-54. 645 
https://doi.org/10.1016/j.wasman.2021.01.004 646 

Richter, A., Ng, K. T. W., Karimi, N., Chang, W. (2021c) "Developing a novel proximity analysis approach for 647 
assessment of waste management cost efficiency in low population density regions". Sustainable Cities and 648 
Society, 65, 102583, 1-12. https://doi.org/10.1016/j.scs.2020.102583 649 

Renno, C., Petito, F., Gatto, A. (2016) ANN model for predicting the direct normal irradiance and the global 650 
radiation for a solar application to a residential building. Journal of Cleaner Production, 135, 1298-1316. 651 
https://doi.org/10.1016/j.jclepro.2016.07.049 652 

Rimaityte, I., Ruzgas, T., Denafas, G., Racys, V., Martuzevicius, D. 2012. Application and evaluation of forecasting 653 
methods for municipal solid waste generation in an eastern-European city. Waste Management & Research, 654 
30 (1), 89–98. https://doi.org/10.1177/0734242X10396754 655 

Saha, S., Arahameri, A., Saha, A., Blaschke, T., Ngo, P. T. T., Nhu, V. H., Band, S. S. (2021) Prediction of landslide 656 
susceptibility in Rudraprayag, India using novel ensemble of conditional probability and boosted regression 657 

https://doi.org/10.1016/j.jclepro.2018.03.127
https://doi.org/10.1016/j.jclepro.2017.01.172
https://doi.org/10.1016/j.eswa.2022.117996
https://doi.org/10.3934/energy.2019.6.944
https://doi.org/10.1016/j.jclepro.2018.11.063
https://doi.org/10.1007/s11356-018-3751-y
https://doi.org/10.1007/s11356-018-3751-y
https://doi.org/10.1007/s11356-018-3967-x
https://doi.org/10.1016/j.wasman.2021.04.054
https://doi.org/10.1016/j.jclepro.2021.126871
https://doi.org/10.1007/s11192-019-03011-4
https://doi.org/10.1016/j.jenvman.2021.112663
https://doi.org/10.1016/j.wasman.2021.01.004
https://doi.org/10.1016/j.jclepro.2016.07.049
https://doi.org/10.1177/0734242X10396754


 
 

28 
 

tree-based on cross-validation method. Science of The Total Environment, 764, 142928. 658 
https://doi.org/10.1016/j.scitotenv.2020.142928 659 

Schnaubelt, Matthias (2019) A comparison of machine learning model validation schemes for non-stationary time 660 
series data, FAU Discussion Papers in Economics, No. 11/2019, Friedrich-Alexander-Universität Erlangen-661 
Nürnberg, Institute for Economics, Nürnberg. http://hdl.handle.net/10419/209136 662 

Serror, N., Portnov, B. A. (2020) Estimating the effectiveness of different environmental law enforcement policies 663 
on illegal C&D waste dumping in Israel. Waste Management, 102, 241-248. 664 
https://doi.org/10.1016/j.wasman.2019.10.043 665 

Shahabi, H., Saeed, K., Ahmed, B.B., Zabihi, H., 2012. Application of artificial neural network in prediction of 666 
municipal solid waste generation (case study: Saqqez city in Kurdistan province). World Appl. Sci. J., 20 667 
(2), 336–343. 10.5829/idosi.wasj.2012.20.02.3769 668 

Statistics Canada, 2016. Census Profile, 2016 Census - Regina [Census metropolitan area]. 669 
https://www12.statcan.gc.ca/census-recensement/2016/dp-670 
pd/prof/details/page.cfm?Lang=E&Geo1=CMACA&Code1=705&Geo2=PR&Code2=47&SearchText=reg671 
ina&SearchType=Begins&SearchPR=01&B1=All&TABID=1&type=0  (accessed August 17th, 2021).  672 

Sun, L., Chen, J., Li, Q., Huang, D. (2020) Dramatic uneven urbanization of large cities throughout the world in 673 
recent decades. Nature Communications, 11, 5366. https://doi.org/10.1038/s41467-020-19158-1 674 

Tashman, L.J., 2000. Out-of-sample tests of forecasting accuracy: an analysis and review. International Journal of 675 
Forecasting, 16(4), 437-450. https://doi.org/10.1016/S0169-2070(00)00065-0 676 

Valkov, V., 2019. Time Series Forecasting with LSTMs using TensorFlow 2 and Keras in Python. 677 
https://towardsdatascience.com/time-series-forecasting-with-lstms-using-tensorflow-2-and-keras-in-678 
python-6ceee9c6c651 (accessed on August 2nd, 2021). 679 

Vu, H. L., Bolingbroke, D., Ng, K. T. W., Fallah, B. (2019a) "Assessment of waste characteristics and their impact 680 
on GIS vehicle collection route optimization using ANN waste forecasts". Waste Management, 88, 118-681 
130.  https://doi.org/10.1016/j.wasman.2019.03.037 682 

Vu, H.L., Ng, K.T.W., and Bolingbroke, D., (2019b). Time-lagged effects of weekly climatic and socio-economic 683 
factors on ANN municipal yard waste prediction models. Waste Management, 84, 129–140. 684 
https://doi.org/10.1016/j.wasman.2018.11.038 685 

Vu, H. L., Ng, K. T. W., Fallah, B., Richter, A., Kabir, G. (2020) "Interactions of residential waste composition and 686 
collection truck compartment design on GIS route optimization". Waste Management, 102, 613-623. 687 
https://doi.org/10.1016/j.wasman.2019.11.028 688 

Vu, H. L., Ng, K. T. W., Richter, A., An, C. (2022) "Analysis of input set characteristics and variances on k-fold 689 
cross validation for a Recurrent Neural Network model on waste disposal rate estimation". Journal of 690 
Environmental Management, 311, 114869, 1-10. https://doi.org/10.1016/j.jenvman.2022.114869  691 

Vu, H. L., Ng, K. T. W., Richter, A., Kabir, G. (2021a) “The use of a Recurrent Neural Network model with 692 
separated time-series and lagged daily inputs for waste disposal rates modeling during COVID-19”. 693 
Sustainable Cities and Society, 75, 103339. https://doi.org/10.1016/j.scs.2021.103339 694 

Vu, H. L., Ng, K. T. W., Richter, A., Karimi, N., Kabir, G. (2021b) "Modeling of municipal waste disposal rates 695 
during COVID-19 using separated waste fraction models". Science of The Total Environment, 789, 148024. 696 
https://doi.org/10.1016/j.scitotenv.2021.148024 697 

Wang, C., Chu, Z., Gu, W. (2021) Participate or not: Impact of information intervention on residents’ willingness of 698 
sorting municipal solid waste. Journal of Cleaner Production, 318, 128591. 699 
https://doi.org/10.1016/j.jclepro.2021.128591 700 

Wang, Y., Ng, K. T. W., Asha, A. (2016) "Non-hazardous Waste Generation Characteristics and Recycling 701 
Practices in Saskatchewan and Manitoba, Canada". Journal of Material Cycles and Waste Management, 702 
18(4): 715-724. https://dx.doi.org/10.1007/s10163-015-0373-z 703 

Wang, Z., Zhou, X., Tian, J., Huang, T. (2021) Hierarchical parameter optimization based support vector regression 704 
for power load forecasting. Sustainable Cities and Society, 71, 102937. 705 
https://doi.org/10.1016/j.scs.2021.102937 706 

Weather Underground, 2020. Regina, Saskatchewan, Canada Weather History. 707 
https://www.wunderground.com/history/monthly/ca/regina/date/2020-8 (accessed on August 17th, 2021). 708 

Wu, G., Wang, L., Yang, R., Hou, W., Zhang, S., Guo, X., Zhao, W. (2022) Pollution characteristics and risk 709 
assessment of heavy metals in the soil of a construction waste landfill site. Ecological Informatics, 70, 710 
101700. https://doi.org/10.1016/j.ecoinf.2022.101700 711 

https://doi.org/10.1016/j.scitotenv.2020.142928
http://hdl.handle.net/10419/209136
https://doi.org/10.1016/j.wasman.2019.10.043
https://doi.org/10.1038/s41467-020-19158-1
https://www.sciencedirect.com/science/article/abs/pii/S0169207000000650#!
https://www.sciencedirect.com/science/journal/01692070
https://www.sciencedirect.com/science/journal/01692070
https://doi.org/10.1016/S0169-2070(00)00065-0
https://towardsdatascience.com/time-series-forecasting-with-lstms-using-tensorflow-2-and-keras-in-python-6ceee9c6c651
https://towardsdatascience.com/time-series-forecasting-with-lstms-using-tensorflow-2-and-keras-in-python-6ceee9c6c651
https://doi.org/10.1016/j.wasman.2019.03.037
https://doi.org/10.1016/j.wasman.2018.11.038
https://doi.org/10.1016/j.wasman.2019.11.028
https://doi.org/10.1016/j.jenvman.2022.114869
https://doi.org/10.1016/j.scs.2021.103339
https://doi.org/10.1016/j.scitotenv.2021.148024
https://doi.org/10.1016/j.jclepro.2021.128591
https://dx.doi.org/10.1007/s10163-015-0373-z
https://doi.org/10.1016/j.scs.2021.102937
https://www.wunderground.com/history/monthly/ca/regina/date/2020-8
https://doi.org/10.1016/j.ecoinf.2022.101700


 
 

29 
 

Xu, A., Chang, H., Xu, Y., Li, R., Li, X., and  Zhao, Y., 2021. Applying artificial neural networks (ANNs) to solve 712 
solid waste-related issues: A critical review. Waste Management, 124, 385–402. 713 
https://doi.org/10.1016/j.wasman.2021.02.029 714 

Yang, C., Arhonditsis, G. B. (2022) What are the primary covariates of environmental attitudes and behaviours in 715 
Canada? A national-scale analysis of socioeconomic, political, and demographic factors. Ecological 716 
Informatics, 69, 101661. https://doi.org/10.1016/j.ecoinf.2022.101661 717 

Yilmaz, M., Tunjum, J. M., Acker, C., Marten, B. (2021) Transport mechanisms and emission of landfill gas 718 
through various cover soil configurations in an MSW landfill using a static flux chamber technique. 719 
Journal of Environmental Management, 280, 111677. https://doi.org/10.1016/j.jenvman.2020.111677 720 

Zhang, M., Zhang, X., Guo, S., Xu, X., Chen, J., Wang, W., (2021) Urban micro-climate prediction through long 721 
short-term memory network with long-term monitoring for on-site building energy estimation. Sustainable 722 
Cities and Society, 74, 103227. https://doi.org/10.1016/j.scs.2021.103227 723 

 724 

https://doi.org/10.1016/j.wasman.2021.02.029
https://doi.org/10.1016/j.ecoinf.2022.101661
https://doi.org/10.1016/j.jenvman.2020.111677
https://doi.org/10.1016/j.scs.2021.103227

