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Abstract 35 

The literature suggests that long short-term memory (LSTM) paired with recurrent neural network 36 

(RNN) can better express long- and short-term reliance of a data set. The study objectives are to 37 

quantify mixed waste disposal (MWD) behaviors at a Canadian landfill from 2013 to 2021, and 38 

develop separate RNN-LSTM models to predict MWD rates under four meteorological seasons. 39 

Seasonal variations are clearly presented in the historical disposal data, with higher MWD of 417.8 40 

tonnes/month in summer and about 289.7 tonnes/month in winter. The variabilities of MWD are 41 

also different among the seasons. Winter experienced the least variation, probably due to 42 

similarities in inhabitants’ lifestyles. All seasonal sets are negatively skewed, and the highest 43 

skewness is observed in summer. The overall model performance using the entire data range is 44 

generally satisfactory, with R2 values between 0.72 ~ 0.86. Meteorological seasons appear to be a 45 

significant factor in waste disposal rate modeling. The model performances are less reliable for 46 

smaller disposal rates less than 200 tonnes/day, with 0.01 < R2 < 0.59. The results suggest the 47 

disposal behaviors on a quiet day can be quite different. The use of distinct time series related to 48 

seasons on MWD modeling is original. The proposed analytical approach provides an alternative 49 

waste modeling approach accounting for both short term (seasonal) and longer term (annual) 50 

effects.  51 

 52 

 53 

Keywords: Landfill waste disposal; Municipal solid waste; Meteorological season; Time series 54 

analysis; Long short-term memory; Recurrent neural network. 55 
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 60 

 61 

1.0 INTRODUCTION 62 

1.1 Waste forecasting and sustainable waste management 63 

Waste generation is a part of our daily life (Adamović et al., 2017; Ali and Ahmad 2019; 64 

Karimi et al., 2020), and is related to many of the 17 United Nations’ sustainable development 65 

goals (Hannan et al. 2020; Harijani and Mansour, 2022). Sustainable waste management strategies 66 

are therefore essential to prevent its impacts on the environment and human life (Elsaid and 67 

Aghezzaf, 2015; Towa et al., 2020; Singh et al., 2022).  68 

Forecasting waste generation and disposal is key to formulating sustainable waste 69 

management policies and facilitating strategic planning (Younes et al. 2016; Karimi et al., 2021; 70 

Vu et al., 2022). Inaccurate prediction of waste quantity might result in various management issues 71 

in treatment and disposal stages (Abbasi and Hanandeh, 2016; Lin et al. 2021; Kittipongvises et 72 

al. 2022). Waste quantity modeling is an integral component of the daily operation of a solid waste 73 

management system, including collection, transportation, diversion, recycling, and disposal of 74 

waste (Smejkalova et al., 2020; Moazzeni et al. 2022; Vila et al. 2022). Accurate waste modeling 75 

also improves our understanding on waste recycling and disposal behaviors during the COVID 76 

lockdowns (Adusei et al. 2022, Mahmud et al. 2022, Singh et al. 2022), better preparing policy 77 

makers for a future pandemic. 78 

Over the last decade, various waste forecasting models and techniques have been studied 79 

and applied in Europe (Denafas et. al., 2014; Edjabou et al., 2018; Estay-Ossandon et al., 2018), 80 
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Asia (Chhay et al., 2018; Liu et al., 2019; Ma et al., 2020) and America (Goel et al., 2017; Duman 81 

et al., 2019; Vu et al., 2019) due to waste management’s practical importance and environmental 82 

significance. For example, Abbasi and El Hanandeh (2016) applied various artificial intelligence 83 

modelling approaches to forecast municipal solid waste (MSW) generation in Logan City, 84 

Australia. Sun and Chungpaibulpatana (2017) identified the influential variables that affect MSW 85 

generation and developed an artificial neural network (ANN) model to forecast MSW generation 86 

rates in Bangkok, Thailand. Kumar et al. (2018) adopted three different machine learning 87 

approaches to predict various plastic waste generation rates with respect to the high, middle, and 88 

low socioeconomic groups in Dhanbad, India. Abbasi et al. (2019) applied a radial basis function 89 

neural network to forecast monthly and seasonal MSW generation and assessed the effects of 90 

various socioeconomic and demographic variables on waste generation in Tehran, Iran. Vu et al. 91 

(2019) employed machine learning approaches to investigate the time-lagged effects of variables 92 

on forecasting municipal yard waste generation in Austin, United States.  93 

1.2 Time series forecast and ANN-based models 94 

Time-series models are developed to forecast unknown data by explaining the relationships 95 

in observed data acquired in the past (Sodanil and Chatthong 2014, Sunayana et al. 2021) and/or 96 

examining fluctuations in the observed data over time (Noori et al., 2009, Magazzino and Falcone, 97 

2022). Time-series forecasting is particularly useful for stationary data sets, and the use of machine 98 

learning techniques in time series modeling is increasingly popular (Adusei et al. 2022, Vu et al. 99 

2022b). ANN can effectively deal with noisy, fuzzy, inconsistent, and probabilistic data (Ali and 100 

Ahmad 2019). Xu et al. (2021) recently reviewed 177 waste studies utilizing ANN and reported 101 

ANN models’ superior self-learning abilities to map non-linear relationships and to provide 102 

accurate predictions.  103 
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ANN-based models were successfully applied to forecast MSW generation and disposal 104 

behaviors on different time scales (Younes et al. 2015; Nabavi-Pelesaraei et al., 2017; Vu et al., 105 

2019). However, a major drawback of traditional ANN-based models for MSW time-series 106 

analysis is their inability to fully recognize long-term effects in MSW generation (Niu et al., 2021). 107 

The literature suggests that long short-term memory (LSTM) paired with ANN can better express 108 

long- and short-term reliance and can help with issues including rapid long-term memory loss and 109 

vanishing and exploding gradients (Huang et al., 2020; Boulila et al. 2021; Niu et al., 2021). This 110 

is particularly important in waste modelling studies since seasonal variations of MSW quantity 111 

and composition are commonly observed and documented across the globe (Edjabou et al. 2017, 112 

Abbasi et al. 2019, Abylkhani et al. 2019), contributing to the resulting uncertainties of time series 113 

modelling. For instance, Abylkhani et al. (2019) conducted seasonal samplings of MSW in Astana 114 

and reported noticeable changes in waste composition and calorific value. Abdallah et al. (2020) 115 

reviewed ANN-based waste studies from 2004 to 2019 and concluded that these models better 116 

capture seasonal variation effects. 117 

Given its potential benefits, LSTM has been successfully applied in various environmental 118 

applications across the globe, including modeling of fish populations in Philippine (Labao and 119 

Naval, 2019), air quality in Madrid (Navares and Aznarte 2020), and ocean current speed along 120 

the Norwegian coast (O'Donncha et al. 2022). LSTM neural network models have also been 121 

attempted on various time scales to forecast MSW generation and disposal rates. Cubillos (2020) 122 

made use of a multi-site LSTM neural network to predict MSW generation rates from households 123 

using weekly historical data from 2011 to 2018. Cubillos (2020) showed that the LSTM models 124 

on average improve the results by 85% when compared with traditional methods such as 125 

Autoregressive Integrated Moving Average (ARIMA). Niu et al., (2021) also compared the LSTM 126 
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neural network, ARIMA model, and conventional ANN time series models in forecasting MSW 127 

generation in Suzhou, China, and reported higher accuracy from the LSTM neural network model. 128 

Vu et al., (2021a) modeled total waste disposal rates in Regina, Canada, using recurrent neural 129 

network LSTM (RNN-LSTM) and separated waste fractions and obtained satisfactory results. 130 

Given the changes in waste disposal behaviors reported by Richter et al. (2021a), Vu et al., (2021b) 131 

proposed a new RNN-LSTM modeling framework to estimate mixed waste disposal (MWD) rates 132 

in Regina, Canada, during the COVID-19 pandemic using lagged model inputs and distinct time-133 

series and reported better modeling results. Recently, Vu et al., (2022a) applied an RNN-LSTM 134 

model to quantify the benefits of a K-fold cross-validation technique for MWD estimation. The 135 

literature suggests that ANN-based LSTM models appear appropriate for MSW forecasts. 136 

However, the application of LSTM neural network modelling in forecasting waste disposal with 137 

respect to separated seasons (Winter, Spring, Summer, and Fall) have not been conducted and is 138 

poorly understood.  139 

1.3 Novelty, objectives, and practical implications 140 

In this study, RNN-LSTM predictive models are developed to forecast seasonal MWD 141 

behaviors with respect to the four seasons using distinct time series. The literature suggests that 142 

MSW generation rates and/or composition in various countries all have observable correlations 143 

with ambient temperature (Abbasi et al., 2019; Adeleke et al., 2021; Vu et al. 2021b). Thus, this 144 

study is focused on meteorological seasons that are solely represented by ambient temperature 145 

(Kutta and Hubbart 2016) of the geographical location of the selected site.  The study objectives 146 

are to (i) quantify MWD behaviors at the landfill in Regina, the capital city of Saskatchewan, 147 

Canada, with respect to meteorological seasons from 2013 to 2021, and (ii) develop RNN-LSTM 148 
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predictive models using distinct time series to predict daily MWD rates under four meteorological 149 

seasons.  150 

The use of distinct time series related to meteorological seasons on MSW disposal 151 

modeling is original. Unlike most waste modeling studies utilizing a single, continuous time series, 152 

the proposed analytical technique with distinct time series provide an alternative waste modeling 153 

approach accounting for both short term (seasonal) and longer term (annual) effects. It is 154 

hypothesized that the proposed approach better capture the seasonal variations of waste recycling 155 

and disposal behaviors. The proposed approach using distinct time series require more data 156 

processing and modeling work, but the results will help local authorities to better understand the 157 

fluctuations and evolution of MSW disposal behaviors with respect to time. 158 

1.4 Study Area 159 

Canadians generate more solid waste per capita than other industrialized nations and send 160 

majority of the waste to landfill for permanent disposal (Chowdhury et al. 2017; Richter et al. 161 

2017; Richter et al. 2018). The capital city of Saskatchewan, Regina, is selected as the study area. 162 

Regina’s population was estimated at about 215,000 (Statistics Canada, 2017), and has been quite 163 

consistent for the last few years, with a population density of about 1,194 cap/km2 (Richter et al., 164 

2021). Regina has well-defined seasons, with average ambient temperatures ranging between -19 165 

to 0 °C in winter, 0 to +18 °C in spring, +10 to +27 °C in summer, and -9 to +18 °C in fall (Weather 166 

Underground, 2022). The Regina landfill is the only municipal landfill in the Regina area and 167 

receives waste from the city as well as nearby communities. The City’s landfill operates throughout 168 

the week except in winter when it operates six days per week (City of Regina 2020). The landfill 169 

accepts six types of waste, including mixed waste, construction and demolition waste, grit, asphalt 170 

shingles only, asphalt shingles mixed, and treated biomedical waste (City of Regina 2020). The 171 
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landfill has a monitoring program for groundwater quality (Pan et al. 2019a and 2019b) and an 172 

extraction system for landfill gas (Bruce et al. 2017, Bruce et al. 2018). The present study focused 173 

only on mixed waste, which consists of disposed waste from residential, industrial, commercial, 174 

and institutional sources. Mixed waste represents about 62% of the total waste stream disposed of 175 

the landfill by weight (Vu et al., 2021b).  176 

 177 

2. METHODOLOGY 178 

Each of the four components of the methodological flowchart depicted in Figure 1 is 179 

separately discussed in the following subsections. 180 

2.1 Data collection and processing 181 

About 8.8 years (January 1st, 2013 to October 26th, 2021) of daily MWD data was obtained 182 

from the historical landfill records of the City of Regina (City of Regina, 2021). An interquartile 183 

Range (IQR) filtering technique (Kannangara et al., 2018) is adopted to remove outliers. The 184 

corresponding boundaries are computed using Equations 1, 2, and 3. IQR filtering is used to 185 

minimize negative effects associated with excessively deviated data (Niu et al., 2021) and improve 186 

the consistency of the data set. The daily disposal rate outliers are attributable to system shutdown 187 

and maintenance during holidays, regular landfill scale calibrations, and emergency disposals 188 

during landfill closure at the Regina landfill (Vu et al., 2021a).  189 

 190 

IQR = Q3 – Q1 (1) 

Upper bound = Q3 + IQR × 1.5 (2) 

Lower bound = Q1 – IQR × 1.5 (3) 

Where: IQR=Interquartile Range; Q1=First Quartile of the dataset; Q3=Third Quartile of 191 

the dataset. Overall, about 3.52% of the data points are identified as outliers and thus removed. 192 
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 193 

 

Data collection & processing

Model development:

The four meteorological seasons datasets were used as inputs to 

developed  four models with data division ratio 70:15:15 ( training: 

validating: testing).

Comparison & analysis of model performance using: 

1. Correlation coefficient (R square) 

2. Root mean square error (RMSE)

 Winter model     Spring model     Summer model       Fall model

Input: Winter 
dataset

LSTM Layer: 1
Dropout rate: 

0.2
Output: 1

Input: Spring 
dataset

LSTM Layer: 1
Dropout rate: 

0.2
Output: 1

Input: Summer 
dataset

LSTM Layer: 1
Dropout rate: 

0.2
Output: 1

Input: Fall 
dataset

LSTM Layer: 1
Dropout rate: 

0.2
Output: 1

Data gathering

Model 

performance

Model 

development

 & prediction

Seasonal variation in data and meteorological season definition

    (Winter, Spring, Summer & Fall datasets)Pre-processing

 194 

Figure 1: Methodology flow chart 195 

 196 

2.2. Seasonal variation and definition 197 

Most studies of the seasonal variations of waste generation do not specifically define the 198 

type of season as whether meteorological or astronomical (Denafas et. al., 2014; Edjabou et al. 199 

2018; Edjabou et al. 2019). Recently, Adusei et al. (2022) explicitly studied waste disposal 200 

behaviors during both meteorological and astronomical seasons, and compared the waste 201 

generation behaviors using RNN-LSTM models. In this study, only meteorological seasons are 202 

considered. A clustered column chart of the MWD rate was plotted from January 2013 to October 203 
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2021 to examine seasonal variations in the disposal data. The Regina landfill is located in the 204 

Northern hemisphere (50.445° N, 104.619° W), and the entire data set was classified into the four 205 

meteorological seasons. Using the historical temperature records, the following simplified seasons 206 

are adopted for modeling purposes: Winter (December, January, February), Spring (March, April, 207 

May), Summer (June, July, August), and Fall (September, October, November) (Trenberth, 1983; 208 

Kutta and Hubbart 2016). The skewness and spread of the seasonal MWD sets are examined using 209 

boxplots. 210 

2.3. Model Development and Prediction 211 

ANN-based models are commonly adopted in various environmental studies (Joshi and 212 

Miller 2021; Xu et al. 2021). The four meteorological season datasets were used to develop the 213 

RNN-LSTM predictive models to forecast daily MWD rates in the respective meteorological 214 

seasons. Each model consists of an input layer, a single LSTM layer with 128 LSTM units, a 215 

dropout layer of 0.2 dropout rate, and an output layer, similar to a previous study (Adusei et al. 216 

2022). The selected network structure is based on trials, and is also comparable to other studies 217 

used by waste researchers (Xu et al. 2021). The dropout layer was added to the model to help 218 

reduce the complexity of the structure and prevent the models from overfitting (Zhang et al., 2020). 219 

All models were built in Python 3 Jupyter Notebook using TensorFlow 2.0. For partitioning of the 220 

data set, the literature suggests a ratio of 70:15:15 for training, validation, and testing, respectively 221 

(Pandey et. al., 2016; Xu et al., 2021), and the same ratio was adopted in this study.  222 

2.4. Evaluation of Model Performance 223 

The performance of the four RNN-LSTM models was evaluated by comparing the actual 224 

and predicted waste disposal during the testing stage. About 25% of the MWD in all the 225 

meteorological seasons was below 200 tonnes/day, representing the quiet days on weekends and 226 
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statutory holidays; the outputs of the models are separately discussed for MWD rates below and 227 

above 200 tonnes/day in Sections 3.3 and 3.4. 228 

Different evaluation techniques were proposed by the researchers to measure the 229 

forecasting models’ performances. The present study adopted the coefficient of determination (R2) 230 

and root mean square error (RMSE) to assess the performance of the models (Kumar et al., 2018; 231 

Hadzima-Nyarko et al, 2019; Nui et al., 2021). The R2 value ranges from 0 to 1, and measures the 232 

agreement between the actual and predicted sets. The closer the R2 value is to 1, the better the 233 

agreement (Ali and Ahmad, 2019). RMSE quantifies the modelling error directly; however it is 234 

scale dependent and is sensitive to erroneous data (Xu et al. 2021). The RMSE and R2 square 235 

values were computed using Equations 4 and 5, respectively;   236 

𝑅𝑀𝑆𝐸 =
√

∑ (𝑋𝑎 
𝑖 − 𝑋𝑃

𝑖 )
2z

i=1
 

𝑧
 

(4) 

𝑅2 = 1 −  
∑ (𝑋𝑝

𝑖 − 𝑋𝑎 
𝑖 )

2𝑧
𝑖=1

∑ (𝑋𝑎 
𝑖 − 𝑋𝑎̅̅ ̅ )

2𝑧
𝑖=1

 (5) 

Where 237 

z represents the number of data points 238 

𝑋𝑎 represents the actual mass of the total mixed waste 239 

𝑋𝑃 represents the predicted mass of the total mixed waste 240 

𝑋𝑎
̅̅̅̅  represents the average of the actual mass of the total mixed waste 241 

 242 

3. RESULTS & DISCUSSION 243 

3.1. Seasonal variation in data 244 
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Figure 2 shows a clustered column chart of MWD at the City of Regina landfill from 245 

January 2013 to October 2021. Each bar represents the mean MWD rate in a given month during 246 

the 8.8-year study period. Generally, less waste is disposed of during the beginning and end of the 247 

year, whereas more waste is disposed of during the middle of the year. Seasonal variations are 248 

clearly presented, with higher MWD in summer (red bars, Figure 2). The monthly MWD rate for 249 

an average year is about 353.12 tonnes/month. The seasonal averages are about 289.72 250 

tonnes/month in winter (blue bars, Figure 2) and 346.17 tonnes/month in spring (Green bars). The 251 

average disposal rate in summer about 417.80 tonnes/month and in fall is about 358.79 252 

tonnes/month.  The inconsistencies in disposal rates support the use of seasonal sets in waste 253 

modeling. 254 

According to Vu et al. (2021b), more outdoor activities occur in summer compared to 255 

winter in Regina, resulting in more MSW. This may also be attributed to the availability of 256 

additional summer jobs and other employment opportunities, which influences waste generation 257 

and disposal (Intharathirat et al., 2015). The higher summer MWD rates may be traced to the 258 

dietary habits of residents, as well as the tourism seasonality (Azadi & Karimi-Jashni 2016). The 259 

average disposal rates in fall are about 5.67 tonne/month higher than the average overall disposal 260 

rate (338.10 tonnes/month), probably due to the clean ups required for transition from the warm to 261 

the cool season such as winterization of yards and decks (Denafas et al., 2014). Given the distinct 262 

MWD behaviors in Regina, four separate RNN-LSTM models were built to better capture the 263 

disposal behaviors in Regina. 264 

 265 
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 266 
Figure 2: Monthly variations of mixed waste disposal rates in Regina from 2013 to 2021 267 

 268 

 269 

3.2. Examining variability of waste disposal behaviors under meteorological seasons 270 

The boxplot in Figure 3 shows the distribution of MWD rates in four seasons during the 271 

study period. The broken bar represents mean and the solid bar represents the median. The edges 272 

of the box represent the first and third quantile, and the whiskers outside of the box represent the 273 

minimum and maximum values. Winter experienced the least variation, with a considerably 274 

shorter IQR than other seasons (Figure 3). During the cold winter, there are fewer outdoor activities 275 

in Regina and most residents prefer to be indoors (Vu et al., 2021b). Waste disposal behaviors are 276 

generally associated with the lifestyle of the inhabitants (Ayeleru et al., 2018), and similarities in 277 

inhabitants’ lifestyles may contribute to a higher consistency in waste disposal behaviors in 278 

Regina. On the other hand, the data variability is much larger in spring and summer, where 279 

residents enjoy the warmer weather with diverse ways of living. 280 

A closer look at the boxplots reveals that all seasonal sets are negatively skewed, with mean 281 

disposal rates lower than the medians. The highest skewness is observed in summer, coincidence 282 
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with the time period with longest daylight hours and generally the period with the most diverse 283 

activities. The higher skewness in summer MWD may also be a result of potential cross 284 

contamination from other waste streams. For example, a small quantity of leaves and yard waste 285 

(Denafas et al., 2014) and renovation waste (Kumbhar et al., 2013; Richter et al. 2021b) is 286 

commonly generated in summer and could have easily skewed the disposal rates, as the bulk 287 

densities of these materials are very different from mixed waste. Regular waste audits are 288 

recommended to monitor seasonal changes in waste composition. For instance, Vu et al. (2021a) 289 

modeled waste disposal rates using separated waste fractions and obtained more accurate results.  290 

 291 
Figure 3: Comparisons of the mixed waste disposal rates in the four meteorological seasons at 292 

Regina landfill 293 
 294 

As is shown in Figure 3, the highest median (472.86 tonnes/day) is observed in summer. 295 

This indicates that around half of the days in summer experienced MWD above 473 tonnes/day. 296 

The seasonal variations observed are significant, and careful planning and scheduling of landfill 297 
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crews is recommended. With the exception of winter, the three remaining seasons all have 298 

surprisingly similar maximum daily disposal rates of around 800 tonnes/day. This may be 299 

attributed to the limiting capacity of the infrastructures such as scale house queue time, landfill 300 

tipping face area, and/or waste compactor availability. The results suggest that more landfill 301 

operators and equipment could be beneficial during the summer operation. Most of the current 302 

work on assessment of waste management system performances ignore sessional variation effects 303 

(Ibáñez-Forés et al. 2019, Pan et al. 2019c, Bolingbroke et al. 2021). Considerations of seasonal 304 

variations on waste management system performance are recommended to provide a more 305 

comprehensive assessment of a given waste management system. 306 

 307 

3.3. Effects of meteorological seasons on model accuracy 308 

The trained and validated models are used to predict the disposal rates, and the results are 309 

then compared with the actual data in the testing set.  Figure 4 compares the outputs of the four 310 

RNN-LSTM predictive models with respect to the meteorological seasons. The horizontal and 311 

vertical axes represent the actual and predicted MWD rates, respectively. Overall, all four models 312 

appear to predict the MWD rates satisfactorily, as discussed further in Section 3.4. A closer look 313 

at Figure 4 reveals that model performances are generally better when disposal rate is above 200 314 

tonnes/day. It appears that the trained models are not capable of predicting smaller disposal rates 315 

consistently. A separate disposal model could be specifically built using only small disposal rate 316 

data (< 200 tonne/day). The results suggest the disposal behaviors on a quiet day (near and before 317 

statutory holidays) can be quite different and a separated model is recommended. On the other 318 

hand, accurate modelling of MWD rates on quiet days (< 200 tonne/day) has lower impact on 319 

human resources management and may be of lesser practical interest. 320 
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The winter model is less accurate compared to other seasonal models (Figure 4). The 321 

Winter model generally under-predicts the actual MWD rates, as there are more points below the 322 

45-degree line (Figure 4a). Meteorological seasons appear to be a significant factor in waste 323 

disposal rate modeling, at least using disposal data at Regina landfill.   324 

 325 

 326 

Figure 4: Effect of the meteorological seasons on model accuracy 327 
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 328 

The spring model is versatile and predicts MWD rates in the entire data range accurately. 329 

The modeling errors are unbiased, and are distributed evenly along the 45-degree line, as shown 330 

in Figure 4b. The mean values of the predicted (373.93 tonnes/day) and actual at the testing set 331 

(370.78 tonnes/day) agree well with each other using the spring model.  The performance of the 332 

summer and fall models are similar (Figure 4c and 4d). Both models capture the respective 333 

seasonal disposal behaviors well, although slightly higher data scattering is observed in the Fall 334 

model (Figure 4d). 335 

 336 

3.5. Overall model performance 337 

The R2 and RMSE of the four models are shown in Figures 5a and 5b, respectively. The 338 

performance indicators for the entire set are shown in the left-hand-side column. Darker colors 339 

represent better model performance (higher R2 or lower RMSE), as shown in Figures 5a and 5b. 340 

 341 

Figure 5: Heatmaps of the R-square and RMSE values of the RNN-LSTM models 342 
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 343 

The overall model performance using the entire data range is generally satisfactory, with 344 

R2 values between 0.72 ~ 0.86 (left-hand-side column, Figure 5a). A recent review study on 177 345 

ANN waste studies concluded that R2 ≥ 0.8 implies acceptable modeling performance (Xu et al. 346 

2021). The poorer winter model performance (R2 = 0.72) may be due to the narrower data range 347 

(Figure 3), negatively affecting the model training process. On the other hand, the winter model’s 348 

RMSE value of 72 tonnes/day is the lowest among the models (left-hand-side column, Figure 5b). 349 

This is because RMSE is scale dependent and the average winter disposal rate is the lowest among 350 

the seasons (Figure 3). 351 

Seasonal effect is more pronounced on quiet days (statutory holidays) with minimal 352 

disposal. The model performances are not acceptable for smaller disposal rates less than 200 353 

tonnes/day, with 0.01 < R2 < 0.59 (middle column, Figure 5a) and 85 < RMSE < 154 (middle 354 

column, Figure 5b). The results suggest that MWD behaviors on quiet days are quite different, and 355 

specific models for quiet days are recommended. Although the MWD rates on quiet days are 356 

relatively low, closure of the landfill on statutory holidays are not recommended. Lack of access 357 

to disposal facilities are some of the key factors on illegal dumping activities (Đidelija et al. 2022, 358 

Karimi and Ng 2022, Karimi et al. 2022). The Spring model performs better than others (R2 = 0.59, 359 

RMSE = 85), probably due to a well-trained model using an input set with broader IQR (Figure 360 

3). Models built using only larger disposal rates are not as robust as the models trained with the 361 

whole set, with the resulting R2 ranging from 0.38 to 0.74 (right-hand-side column, Figure 5a). 362 

Similar to all and data-driven models, a larger data set is recommended for neural network model 363 

training and validation. 364 

 365 
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 366 

4. CONCLUSION 367 

Seasonal variations of municipal solid waste recycling and disposal behaviors are well 368 

documented in literature. Recent literature suggests that LSTM neural network models better 369 

represent long- and short-term dependency and is applicable to different time series forecast. This 370 

study examines seasonal variations in MWD rates at Regina landfill and built different RNN-371 

LSTM predictive models with respect to the four meteorological seasons. We found that the use 372 

of distinct time series accurately captures the waste disposal characteristics at Regina. About 8.8 373 

years of historical landfill daily waste record was collected, verified, and processed. A total of 70% 374 

of MWD data is used in training and 15% in model validation. The trained and validated model 375 

results are then compared to the actual data in the testing set (the remaining 15%). Effects of 376 

smaller disposal rates (MWD < 200 tonnes/day) on model accuracy are separately discussed. 377 

The average MWD rate during the study period is about 353.12 tonnes/month. Seasonal 378 

variations are clearly observed, with considerably more disposal in summer, with a MWD rate of 379 

about 417.80 tonnes/month. Variability of MWD behaviors also changes with respect to the time 380 

of the year. Winter experienced the least variation, with a considerably shorter IQR, probably due 381 

to the winter lifestyle of the residents. Seasonal variation of the MWD rate is significant, and 382 

careful planning and scheduling of the landfill crews are recommended. The results suggest that 383 

more resources are required during the peak disposal seasons.  384 

In general, performance indicators of all RNN-LSTM models utilizing the complete data 385 

set are better when MWD rate > 200 tonnes/day. The trained models appear incapable of predicting 386 

smaller disposal rates consistently. The results suggest the disposal behaviors can be quite different 387 

on a quiet day at the landfill, and a separated model is warranted. The Winter model generally 388 
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under-predicted the actual MWD rates. The spring model, on the other hand, predicts MWD rates 389 

in the entire data range accurately. The associated modeling errors are evenly distributed and not 390 

biased.   391 

With the exception of the winter model, the overall model performance using the entire 392 

data range is satisfactory, with R2 ≥ 0.80. The poorer winter model performance may be due to the 393 

narrower data range of the input set. All models fail to fully capture the disposal behaviors when 394 

MWD rates <200 tonnes/day, resulting in a lower R2 and a higher RMSE.  395 

The proposed analytical approach is important to the development of appropriate waste 396 

management plans and data-driven waste policies in different time periods. The study also fills a 397 

knowledge gap on LSTM neural network modeling using multiple distinct time series. The 398 

seasonal modeling approach can be applied to other cities and urban centers. 399 

  400 



21 

 

REFERENCES 401 

Abbasi, M., Hanandeh, A.E., (2016). Forecasting municipal solid waste generation using artificial intelligence 402 
modelling approaches. Waste Management, 56, 13–22. https://doi.org/10.1016/j.wasman.2016.05.018 403 

Abbasi, M., Rastgoo, M. N., & Nakisa, B. (2019). Monthly and seasonal modeling of municipal waste generation 404 
using radial basis function neural network. Environmental Progress & Sustainable Energy, 38(3), e13033. 405 
https://doi.org/10.1002/ep.13033 406 

Abdallah, M., Abu Talib, M., Feroz, S., Nasir, Q., Abdalla, H., & Mahfood, B. (2020). Artificial intelligence 407 
applications in solid waste management: A systematic research review. Waste Management, 109, 231–246. 408 
https://doi.org/10.1016/j.wasman.2020.04.057 409 

Abylkhani, B., Aiymbetov, B., Yagofarova, A., Tokmurzin, D., Venetis, C., Poulopoulos, S., Sarbassov, Y., & 410 
Inglezakis, V. J. (2019). Seasonal characterisation of municipal solid waste from Astana city, Kazakhstan: 411 
Composition and thermal properties of combustible fraction. Waste Management & Research, 37(12), 412 
1271–1281. https://doi.org/10.1177/0734242x19875503 413 

Adamović, V. M., Antanasijević, D. Z., Ristić, M. Đ., Perić-Grujić, A. A., & Pocajt, V. V. (2017). Prediction of 414 
municipal solid waste generation using artificial neural network approach enhanced by structural break 415 
analysis. Environmental Science and Pollution Research, 24(1), 299-311. https://doi.org/10.1007/s11356-416 
016-7767-x  417 

Adusei, K. K., Ng, K. T. W., Mahmud, T. S., Karimi, N., Lakhan, C. (2022) “Exploring the use of astronomical 418 
seasons in municipal solid waste disposal rates modeling”. Sustainable Cities and Society, 104115. 419 
https://doi.org/10.1016/j.scs.2022.104115  420 

Ali Abdoli, M., Falah Nezhad, M., Salehi Sede, R., & Behboudian, S. (2012). Longterm forecasting of solid waste 421 
generation by the artificial neural networks. Environmental Progress & Sustainable Energy, 31(4), 628-422 
636. https://doi.org/10.1002/ep.10591 423 

Ali, S. A., & Ahmad, A. (2019). Forecasting MSW generation using artificial neural network time series model: a 424 
study from metropolitan city. SN Applied Sciences, 1(11), 1-16. https://doi.org/10.1007/s42452-019-1382-7 425 

Ayeleru, O. O., Okonta, F. N., & Ntuli, F. (2018). Municipal solid waste generation and characterization in the City 426 
of Johannesburg: A pathway for the implementation of zero waste. Waste Management, 79, 87-97. 427 
https://doi.org/10.1016/j.wasman.2018.07.026 428 

Azadi, S., & Karimi-Jashni, A. (2016). Verifying the performance of artificial neural network and multiple linear 429 
regression in predicting the mean seasonal municipal solid waste generation rate: A case study of Fars 430 
province, Iran. Waste management, 48, 14-23. https://doi.org/10.1016/j.wasman.2015.09.034. 431 

Bolingbroke, D., Ng, K. T. W., Vu, H. L., Richter, A. (2021) "Quantification of solid waste management system 432 
efficiency using input-output indices". Journal of Material Cycles and Waste Management, 23(3), 1015-433 
1025. https://doi.org/10.1007/s10163-021-01187-7   434 

Boulila, W., Ghandorh, H., Khan, M. A., Ahmed, F., Ahmad, J. (2021) A novel CNN-LSTM-based approach to 435 
predict urban expansion, Ecological Informatics, 64, 101325. https://doi.org/10.1016/j.ecoinf.2021.101325 436 

Bruce, N., Ng, K. T. W., Richter, A. (2017) "Alternative Carbon Dioxide Modeling Approaches accounting for High 437 
Residual Gases in LandGEM" Environmental Science and Pollution Research, 24(16), 14322-14336. 438 
https://dx.doi.org/10.1007/s11356-017-8990-9   439 

Bruce, N., Ng, K. T. W., Vu, H. L. (2018) "Use of Seasonal Parameters and their Effects on FOD Landfill Gas 440 
Modeling". Environmental Monitoring and Assessment, 190:291. https://doi.org/10.1007/s10661-018-441 
6663-x  442 

Chhay, L., Reyad, M. A. H., Suy, R., Islam, M. R., & Mian, M. M. (2018). Municipal solid waste generation in 443 
China: influencing factor analysis and multi-model forecasting. Journal of Material Cycles and Waste 444 
Management, 20(3), 1761-1770. https://doi.org/10.1007/s10163-018-0743-4 445 

Chowdhury, A., Vu, H. L., Ng, K. T. W., Richter, A., Bruce, N. (2017) "An Investigation on Ontario's Non-446 
hazardous Municipal Solid Waste Diversion using Trend Analysis". Canadian Journal of Civil 447 
Engineering, 44(11), 861–870. https://dx.doi.org/10.1139/cjce-2017-0168 448 

City of Regina, 2020. Garbage & Recycling. Available at https://www.regina.ca/home-property/recycling-garbage/ 449 
(Accessed on March 13, 2022).  450 

City of Regina, 2021. Daily waste disposal excel sheets data. Unpublished internal document. 451 
Cubillos, M. (2020). Multi-site household waste generation forecasting using a deep learning approach. Waste 452 

Management, 115, 8-1. https://doi.org/10.1016/j.wasman.2020.06.046 453 

https://doi.org/10.1002/ep.13033
https://doi.org/10.1016/j.wasman.2020.04.057
https://doi.org/10.1007/s11356-016-7767-x
https://doi.org/10.1007/s11356-016-7767-x
https://doi.org/10.1002/ep.10591
https://doi.org/10.1007/s42452-019-1382-7
https://doi.org/10.1016/j.wasman.2015.09.034
https://doi.org/10.1007/s10163-018-0743-4
https://dx.doi.org/10.1139/cjce-2017-0168
https://www.regina.ca/home-property/recycling-garbage/
https://doi.org/10.1016/j.wasman.2020.06.046


22 

 

Denafas, G., Ruzgas, T., Martuzevičius, D., Shmarin, S., Hoffmann, M., Mykhaylenko, V., Ogorodnik, S., 454 
Romanov, M., Neguliaeva, E., Chusov, A., Turkadze, T., IBochoidze, I., Ludwig, C. (2014). Seasonal 455 
variation of municipal solid waste generation and composition in four East European cities. Resources, 456 
Conservation and Recycling, 89, 22-30. https://doi.org/10.1016/j.resconrec.2014.06.001 457 

Đidelija, M., Kulo, M., Mulahusić, A., Tuno, N., Topoljak, J. (2022) Segmentation scale parameter influence on the 458 
accuracy of detecting illegal landfills on satellite imagery. A case study for Novo Sarajevo. Ecological 459 
Informatics, 70, 101755. https://doi.org/10.1016/j.ecoinf.2022.101755  460 

Duman, G. M., Kongar, E., & Gupta, S. M. (2019). Estimation of electronic waste using optimized multivariate grey 461 
models. Waste Management, 95, 241-249. https://doi.org/10.1016/j.wasman.2019.06.023  462 

Edjabou, M. E., Martín-Fernández, J. A., Scheutz, C., & Astrup, T. F. (2017). Statistical analysis of solid waste 463 
composition data: Arithmetic mean, standard deviation and correlation coefficients. Waste 464 
Management, 69, 13-23. http://dx.doi.org/10.1016/j.wasman.2017.08.036 465 

Edjabou, M. E., Boldrin, A., & Astrup, T. F. (2018). Compositional analysis of seasonal variation in Danish residual 466 
household waste. Resources, Conservation and Recycling, 130, 70-79. 467 
https://doi.org/10.1016/j.resconrec.2017.11.013 468 

Edjabou, M. E., Faraca, G., Boldrin, A., Astrup, T. F. (2019) Temporal and geographical patterns of solid waste 469 
collected at recycling centres. Journal of Environmental Management, 245, 384-397. 470 
https://doi.org/10.1016/j.jenvman.2019.05.059 471 

Elsaid, S., & Aghezzaf, E. H. (2015). A framework for sustainable waste management: challenges and 472 
opportunities. Management Research Review. https://doi.org/10.1108/MRR-11-2014-0264 473 

Estay-Ossandon, C., Mena-Nieto, A., & Harsch, N. (2018). Using a fuzzy TOPSIS-based scenario analysis to 474 
improve municipal solid waste planning and forecasting: a case study of Canary archipelago (1999–475 
2030). Journal of Cleaner Production, 176, 1198-1212. https://doi.org/10.1016/j.jclepro.2017.10.324 476 

Gil, D., & Song, I. Y. (2016). Modeling and management of big data: challenges and opportunities. Future 477 
Generation Computer Systems, 63, 96-99. https://doi.org/10.1016/j.future.2015.07.019 478 

Goel, S., Ranjan, V. P., Bardhan, B., & Hazra, T. (2017). Forecasting solid waste generation rates. In Modelling 479 
trends in solid and hazardous waste management (pp. 35-64). Springer, Singapore. 480 
https://doi.org/10.1007/978-981-10-2410-8_3 481 

Grazhdani, D. (2016). Assessing the variables affecting on the rate of solid waste generation and recycling: An 482 
empirical analysis in Prespa Park. Waste Management, 48, 3-13. 483 
https://doi.org/10.1016/j.wasman.2015.09.028 484 

Hannan, M. A., Begum, R. A., Al-shetwi, A. Q., Ker, P. J., Al Mamun, M. A., Hussain, A., Basri, H., Mahlia, T. M. 485 
I. (2020) Waste collection route optimisation model for linking cost saving and emission reduction to 486 
achieve sustainable development goals. Sustainable Cities and Society, 62, 102393. 487 
https://doi.org/10.1016/j.scs.2020.102393 488 

Harijani, A. M., Mansour, S. (2022) Municipal solid waste recycling network with sustainability and supply 489 
uncertainty considerations. Sustainable Cities and Society, 81, 103857. 490 
https://doi.org/10.1016/j.scs.2022.103857 491 

Huang, L., Cai, T., Zhu, Y., Zhu, Y., Wang, W., & Sun, K. (2020). LSTM-based forecasting for urban construction 492 
waste generation. Sustainability, 12(20), 8555. https://doi.org/10.3390/su12208555 493 

Ibáñez-Forés, V., Bovea, M. D., Coutinho-Nóbrega, C., de Medeirosb, H. R. (2019) Assessing the social 494 
performance of municipal solid waste management systems in developing countries: Proposal of indicators 495 
and a case study. Ecological Indicators, 98, 164-178. https://doi.org/10.1016/j.ecolind.2018.10.031 496 

Intharathirat, R., Salam, P. A., Kumar, S., & Untong, A. (2015). Forecasting of municipal solid waste quantity in a 497 
developing country using multivariate grey models. Waste Management, 39, 3-14. 498 
https://doi.org/10.1016/j.wasman.2015.01.026 499 

Joshi, A., Miller, C. (2021) Review of machine learning techniques for mosquito control in urban environments. 500 
Ecological Informatics, 61, 101241. https://doi.org/10.1016/j.ecoinf.2021.101241 501 

Kamran, A., Chaudhry, M. N., & Batool, S. A. (2015). Effects of socio-economic status and seasonal variation on 502 
municipal solid waste composition: a baseline study for future planning and development. Environmental 503 
Sciences Europe, 27(1), 1-8. https://doi.org/10.1186/s12302-015-0050-9 504 

Kainen, P. C., Kůrková, V., & Sanguineti, M. (2013). Approximating multivariable functions by feedforward neural 505 
nets. In Handbook on Neural Information Processing (pp. 143-181). Springer, Berlin, Heidelberg. 506 
https://doi.org/10.1007/978-3-642-36657-4_5 507 

https://doi.org/10.1016/j.resconrec.2014.06.001
http://dx.doi.org/10.1016/j.wasman.2017.08.036
https://doi.org/10.1016/j.resconrec.2017.11.013
https://doi.org/10.1016/j.jenvman.2019.05.059
https://doi.org/10.1108/MRR-11-2014-0264
https://doi.org/10.1016/j.jclepro.2017.10.324
https://doi.org/10.1007/978-981-10-2410-8_3
https://doi.org/10.1016/j.wasman.2015.09.028
https://doi.org/10.1016/j.scs.2020.102393
https://doi.org/10.1016/j.scs.2022.103857
https://doi.org/10.3390/su12208555
https://doi.org/10.1016/j.ecolind.2018.10.031
https://doi.org/10.1016/j.wasman.2015.01.026
https://doi.org/10.1186/s12302-015-0050-9
https://doi.org/10.1007/978-3-642-36657-4_5


23 

 

Kannangara, M., Dua, R., Ahmadi, L., & Bensebaa, F. (2018). Modeling and prediction of regional municipal solid 508 
waste generation and diversion in Canada using machine learning approaches. Waste management, 74, 3-509 
15. https://doi.org/10.1016/j. wasman.2017.11.057 510 

Karimi, N., Richter, A., & Ng, K. T. W. (2020). Siting and ranking municipal landfill sites in regional scale using 511 
nighttime satellite imagery. Journal of Environmental Management, 256, 109942. 512 
https://doi.org/10.1016/j.jenvman.2019.109942  513 

Karimi, N., Ng, K. T. W., & Richter, A. (2021). Prediction of fugitive landfill gas hotspots using a random forest 514 
algorithm and Sentinel-2 data. Sustainable Cities and Society, 73, 103097. 515 
https://doi.org/10.1016/j.scs.2021.103097  516 

Karimi, N., Ng, K. T. W. (2022) "Mapping and Prioritizing Potential Illegal Dump Sites Using Geographic 517 
Information System Network Analysis and Multiple Remote Sensing Indices". Earth, 3 (4), 1123-1137. 518 
https://doi.org/10.3390/earth3040065 519 

Karimi, N., Ng, K. T. W., Richter, A. (2022) "Development and application of an analytical framework for mapping 520 
probable illegal dumping sites using nighttime light imagery and various remote sensing indices". Waste 521 
Management, 143, 195-205. https://doi.org/10.1016/j.wasman.2022.02.031   522 

Kittipongvises, S., Phetrak, A., Hongprasith, N., Lohwacharin, J. (2022) Unravelling capability of municipal 523 
wastewater treatment plant in Thailand for microplastics: Effects of seasonality on detection, fate and 524 
transport. Journal of Environmental Management, 302, 113990. 525 
https://doi.org/10.1016/j.jenvman.2021.113990 526 

Kutta, E., & Hubbart, J. A. (2016). Reconsidering meteorological seasons in a changing climate. Climatic Change, 527 
137(3–4), 511–524. https://doi.org/10.1007/s10584-016-1704-3 528 

Kumbhar, S., Gupta, A., & Desai, D. (2013). Recycling and reuse of construction and demolition waste for 529 
sustainable development. OIDA International Journal of Sustainable Development, 6(7), 83-92. 530 
https://ssrn.com/abstract=2383436 531 

Kumar, A., Samadder, S. R., Kumar, N., & Singh, C. (2018). Estimation of the generation rate of different types of 532 
plastic wastes and possible revenue recovery from informal recycling. Waste Management, 79, 781-790. 533 
https://doi.org/10.1016/j.wasman.2018.08.045 534 

Labao, A. B., Naval, P. C.(2019) Cascaded deep network systems with linked ensemble components for underwater 535 
fish detection in the wild. Ecological Informatics, 52, 103-121. https://doi.org/10.1016/j.ecoinf.2019.05.004  536 

Lin, K., Zhao, Y., Tian, L., Zhao, C., Zhang, M., Zhou T. (2021) Estimation of municipal solid waste amount based 537 
on one-dimension convolutional neural network and long short-term memory with attention mechanism 538 
model: A case study of Shanghai. Science of The Total Environment, 791, 148088. 539 
https://doi.org/10.1016/j.scitotenv.2021.148088 540 

Liu, J., Li, Q., Gu, W., & Wang, C. (2019). The impact of consumption patterns on the generation of municipal solid 541 
waste in China: Evidences from provincial data. International Journal of Environmental Research and 542 
Public Health, 16(10), 1717. https://doi.org/10.3390/ijerph16101717 543 

Ma, J., Ding, Y., Cheng, J. C., Jiang, F., & Wan, Z. (2019). A temporal-spatial interpolation and extrapolation 544 
method based on geographic Long Short-Term Memory neural network for PM2. 5. Journal of Cleaner 545 
Production, 237, 117729. https://doi.org/10.1016/j.jclepro.2019.117729. 546 

Ma, S., Zhou, C., Chi, C., Liu, Y., & Yang, G. (2020). Estimating physical composition of municipal solid waste in 547 
China by applying artificial neural network method. Environmental Science & Technology, 54(15), 9609-548 
9617. https://doi.org/10.1021/acs.est.0c01802 549 

Magazzino, C. and Falcone, P. M. (2022) Assessing the relationship among waste generation, wealth, and GHG 550 
emissions in Switzerland: Some policy proposals for the optimization of the municipal solid waste in a 551 
circular economy perspective. Journal of Cleaner Production, 351, 131555. 552 
https://doi.org/10.1016/j.jclepro.2022.131555 553 

Mahmud, T. S., Ng, K. T. W., Karimi, N., Adusei, K. K., Pizzirani, S. (2022) "Evolution of COVID-19 municipal 554 
solid waste disposal behaviors using epidemiology-based periods defined by World Health Organization 555 
guidelines". Sustainable Cities and Society, 87, 104219. https://doi.org/10.1016/j.scs.2022.104219    556 

Moazzeni, S., Tavana, M., Mostafayi, S. (2022) A dynamic location-arc routing optimization model for electric 557 
waste collection vehicles. Journal of Cleaner Production, 132571. 558 
https://doi.org/10.1016/j.jclepro.2022.132571 559 

Nabavi-Pelesaraei, A., Bayat, R., Hosseinzadeh-Bandbafha, H., Afrasyabi, H., & Berrada, A. (2017). 560 
Prognostication of energy use and environmental impacts for recycle system of municipal solid waste 561 
management. Journal of Cleaner Production, 154, 602-613. https://doi.org/10.1016/j.jclepro.2017.04.033 562 

https://doi.org/10.1016/j.%20wasman.2017.11.057
https://doi.org/10.1016/j.jenvman.2019.109942
https://doi.org/10.1016/j.scs.2021.103097
https://doi.org/10.3390/earth3040065
https://doi.org/10.1016/j.jenvman.2021.113990
https://doi.org/10.1007/s10584-016-1704-3
https://ssrn.com/abstract=2383436
https://doi.org/10.1016/j.wasman.2018.08.045
https://doi.org/10.1016/j.scitotenv.2021.148088
https://doi.org/10.3390/ijerph16101717
https://doi.org/10.1016/j.jclepro.2019.117729
https://doi.org/10.1021/acs.est.0c01802
https://doi.org/10.1016/j.jclepro.2022.131555
https://doi.org/10.1016/j.jclepro.2022.132571
https://doi.org/10.1016/j.jclepro.2017.04.033


24 

 

Navares, R., Aznarte, J. L. (2020) Predicting air quality with deep learning LSTM: Towards comprehensive models. 563 
Ecological Informatics, 55, 101019. https://doi.org/10.1016/j.ecoinf.2019.101019  564 

Niu, D., Wu, F., Dai, S., He, S., Wu, B. (2021) Detection of long-term effect in forecasting municipal solid waste 565 
using a long short-term memory neural network. Journal of Cleaner Production, 290, 125187. 566 
https://doi.org/10.1016/j.jclepro.2020.125187 567 

O'Donncha, F., Hu, Y., Palmes, P., Burke, M., Filgueira, R., Grant, J. (2022) A spatio-temporal LSTM model to 568 
forecast across multiple temporal and spatial scales. Ecological Informatics, 69, 101687. 569 
https://doi.org/10.1016/j.ecoinf.2022.101687  570 

Pan, C., Ng, K. T. W., Fallah, B., Richter, A. (2019a) "Evaluation of the Bias and Precision of Regression 571 
Techniques and Machine Learning Approaches in Total Dissolved Solids Modeling of an Urban Aquifer". 572 
Environmental Science and Pollution Research, 26(2), 1821-1833. https://doi.org/10.1007/s11356-018-573 
3751-y    574 

Pan, C., Ng, K. T. W., Richter, A. (2019b) "An Integrated Multivariate Statistical Approach for the Evaluation of 575 
Spatial Variations in Groundwater Quality near an Unlined Landfill". Environmental Science and Pollution 576 
Research, 26(6), 5724-5737. https://doi.org/10.1007/s11356-018-3967-x   577 

Pan, C., Bolingbroke, D., Ng, K. T. W., Richter, A., Vu, H. L.  (2019c) "The Use of Waste Diversion Indices on the 578 
Analysis of Canadian Waste Management Models". Journal of Material Cycles and Waste Management, 579 
21(3), 478-487. https://doi.org/10.1007/s10163-018-0809-3     580 

Pandey, D. S., Das, S., Pan, I., Leahy, J. J., & Kwapinski, W. (2016). Artificial neural network based modelling 581 
approach for municipal solid waste gasification in a fluidized bed reactor. Waste Management, 58, 202-582 
213. https://doi.org/10.1016/j.wasman.2016.08.023  583 

Raju, V. G., Lakshmi, K. P., Jain, V. M., Kalidindi, A., & Padma, V. (2020). Study the influence of 584 
normalization/transformation process on the accuracy of supervised classification. In 2020 Third 585 
International Conference on Smart Systems and Inventive Technology (ICSSIT), 729-735. IEEE. 586 
https://doi.org/10.1109/ICSSIT48917.2020.9214160 587 

Richter, A., Bruce, N. , Ng, K. T. W., Chowdhury, A., Vu, H. L. (2017) "Comparison between Canadian and Nova 588 
Scotian waste management and diversion models – A Canadian Case Study". Sustainable Cities and 589 
Society, 30:139-149. https://dx.doi.org/10.1016/j.scs.2017.01.013 590 

Richter, A., Ng, K. T. W., Pan, C. (2018) "Effects of Percent Operating Expenditure on Canadian Non-hazardous 591 
Waste Diversion". Sustainable Cities and Society, 38, 420-428. 592 
https://dx.doi.org/10.1016/j.scs.2018.01.026 593 

Richter, A., Ng, K. T. W., Vu, H. L., Kabir, G. (2021a) "Identification of behaviour patterns in waste collection and 594 
disposal during the first wave of COVID-19 in Regina, Saskatchewan, Canada". Journal of Environmental 595 
Management, 290, 112663. https://doi.org/10.1016/j.jenvman.2021.112663 596 

Richter, A., Ng, K. T. W., Vu, H. L., & Kabir, G. (2021b). Waste disposal characteristics and data variability in a 597 
mid-sized Canadian city during COVID-19. Waste Management, 122, 49-54. 598 
https://doi.org/10.1016/j.wasman.2021.01.004 599 

Singh, M., Karimi, N., Ng, K. T. W., Mensah, D., Stilling, D., & Adusei, K. (2022). Hospital waste generation 600 
during the first wave of COVID-19 pandemic: a case study in Delhi. Environmental Science and Pollution 601 
Research, 1-10. https://doi.org/10.1007/s11356-022-19487-2  602 

Smejkalová, V., Šomplák, R., Nevrlý, V., Burcin, B., & Kučera, T. (2020). Trend forecasting for waste generation 603 
with structural break. Journal of Cleaner Production, 266, 121814. 604 
https://doi.org/10.1016/j.jclepro.2020.121814 605 

Sodanil, M., & Chatthong, P. (2014). Artificial neural network-based time series analysis forecasting for the amount 606 
of solid waste in Bangkok. In Ninth International conference on digital information management (ICDIM 607 
2014),  16-20. IEEE. https://doi.org/10.1109/ICDIM.2014.6991427 608 

Sun, N. and Chungpaibulpatana, S. 2017.Development of an Appropriate Model for Forecasting Municipal Solid 609 
Waste Generation in Bangkok. Energy Procedia, 138, 907-912. 610 
https://doi.org/10.1016/j.egypro.2017.10.134 611 

Sunayana, Kumar, S., Kumar, R. (2021) Forecasting of municipal solid waste generation using non-linear 612 
autoregressive (NAR) neural models. Waste Management, 121, 206-214. 613 
https://doi.org/10.1016/j.wasman.2020.12.011 614 

Statistics Canada, 2017. Population Center, Saskatchewan and Saskatchewan province. Census Profile 2016. 615 
Statistics Canada Catalogue no. 98-316- X2016001. Ottawa. Released November 29th, 2017. Accessed 616 
from https:// wwwwe.statcan.gc.ca/census-recensement/2016/dp-pd/prof/index.cfm?Lang= E (accessed on 617 
February 15, 2022). 618 

https://doi.org/10.1016/j.wasman.2016.08.023
https://doi.org/10.1109/ICSSIT48917.2020.9214160
https://dx.doi.org/10.1016/j.scs.2017.01.013
https://dx.doi.org/10.1016/j.scs.2018.01.026
https://doi.org/10.1016/j.jenvman.2021.112663
https://doi.org/10.1016/j.wasman.2021.01.004
https://doi.org/10.1007/s11356-022-19487-2
https://doi.org/10.1016/j.jclepro.2020.121814
https://doi.org/10.1109/ICDIM.2014.6991427
https://doi.org/10.1016/j.egypro.2017.10.134
https://doi.org/10.1016/j.wasman.2020.12.011


25 

 

Thara, D. K., PremaSudha, B. G., & Xiong, F. (2019). Auto-detection of epileptic seizure events using deep neural 619 
network with different feature scaling techniques. Pattern Recognition Letters, 128, 544-550. 620 
https://doi.org/10.1016/j.patrec.2019.10.029 621 

Trenberth, K. E. (1983). What are the seasons? Bulletin of the American Meteorological Society, 64(11), 1276-1282. 622 
https://doi.org/10.1175/1520-0477(1983)064<1276:WATS>2.0.CO;2 623 

Vila, L. P., Trabucchi, A., Ferre, L., Grosso, M., Borgarello, M., Besagni, G. (2022) Bottom-up modelling of the 624 
Italian municipal waste generation: Model set-up, validation and pathways towards 2040. Journal of 625 
Cleaner Production, 357, 131719. https://doi.org/10.1016/j.jclepro.2022.131719 626 

Vu, H. L., Ng, K. T. W., & Bolingbroke, D. (2019). Time-lagged effects of weekly climatic and socio-economic 627 
factors on ANN municipal yard waste prediction models. Waste Management, 84, 129-140. 628 
https://doi.org/10.1016/j.wasman.2018.11.038 629 

Vu, H. L., Ng, K. T. W., Richter, A., Karimi, N., & Kabir, G. (2021a). Modeling of municipal waste disposal rates 630 
during COVID-19 using separated waste fraction models. Science of the Total Environment, 789, 148024. 631 
https://doi.org/10.1016/j.scitotenv.2021.148024   632 

Vu, H. L., Ng, K. T. W., Richter, A., & Kabir, G. (2021b). The use of a recurrent neural network model with 633 
separated time-series and lagged daily inputs for waste disposal rates modeling during COVID-634 
19. Sustainable Cities and Society, 75, 103339. https://doi.org/10.1016/j.scs.2021.103339  635 

Vu, H. L., Ng, K. T. W., Richter, A., & An, C. (2022a). Analysis of input set characteristics and variances on k-fold 636 
cross validation for a Recurrent Neural Network model on waste disposal rate estimation. Journal of 637 
Environmental Management, 311, 114869. https://doi.org/10.1016/j.jenvman.2022.114869  638 

Vu, H. L., Ng, K. T. W., Richter, A., Li, J., Hosseinipooya, S. A. (2022b) "Impacts of nested forward validation 639 
techniques on machine learning and regression waste disposal time series models". Ecological Informatics, 640 
72, 101897. https://doi.org/10.1016/j.ecoinf.2022.101897   641 

Weather Underground, (2020). Canada weather history. Regina, Saskatchewan 642 
https://www.wunderground.com/history/monthly/ca/regina/CYQR (accessed on May 15, 2022). 643 

Wu, F., Niu, D., Dai, S., & Wu, B. (2020). New insights into regional differences of the predictions of municipal 644 
solid waste generation rates using artificial neural networks. Waste Management, 107, 182-190. 645 
https://doi.org/10.1016/j.wasman.2020.04.015  646 

Xu, A., Chang, H., Xu, Y., Li, R., Li, X. and Zhao, Y., 2021. Applying artificial neural networks (ANNs) to solve 647 
solid waste-related issues: A critical review. Waste Management, 124, pp.385-402. 648 
https://doi.org/10.1016/j.wasman.2021.02.029 649 

Younes, M. K., Nopiah, Z. M., Basri, N. A., Basri, H., Abushammala, M. F., & KNA, M. (2015). Solid waste 650 
forecasting using modified ANFIS modeling. Journal of the Air & Waste Management Association, 65(10), 651 
1229-1238. https://doi.org/10.1080/10962247.2015.1075919 652 

Younes, M. K., Nopiah, Z. M., Basri, N. A., Basri, H., Abushammala, M. F., & Younes, M. Y. (2016). Landfill area 653 
estimation based on integrated waste disposal options and solid waste forecasting using modified ANFIS 654 
model. Waste Management, 55, 3-11. https://doi.org/10.1016/j.wasman.2015.10.020  655 

Zhang, K., Chen, J., Zhang, T., & Zhou, Z. (2020). A compact convolutional neural network augmented with 656 
multiscale feature extraction of acquired monitoring data for mechanical intelligent fault diagnosis. Journal 657 
of Manufacturing Systems, 55, 273-284. https://doi.org/10.1016/j.jmsy.2020.04.016 658 

https://doi.org/10.1016/j.patrec.2019.10.029
https://doi.org/10.1175/1520-0477(1983)064%3c1276:WATS%3e2.0.CO;2
https://doi.org/10.1016/j.jclepro.2022.131719
https://doi.org/10.1016/j.wasman.2018.11.038
https://doi.org/10.1016/j.scitotenv.2021.148024
https://doi.org/10.1016/j.scs.2021.103339
https://doi.org/10.1016/j.jenvman.2022.114869
https://www.wunderground.com/history/monthly/ca/regina/CYQR
https://doi.org/10.1016/j.wasman.2020.04.015
https://doi.org/10.1016/j.wasman.2021.02.029
https://doi.org/10.1080/10962247.2015.1075919
https://doi.org/10.1016/j.wasman.2015.10.020

