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ABSTRACT

Digital image processing methodologies can be applied to different problems related to sustainable 
development, including the monitoring of water bodies through multi-temporal satellite images. 
Monitoring and predicting flooded areas are relevant procedures for understanding waterbody 
dynamics and supporting studies related to floods, droughts and water-resource management. This 
study proposed a methodological approach to map and predict variations in the flooded area of Kirwin 
Lake, USA, based on Landsat 8 satellite images collected between January 2013 and November 2022. The 
flooded area was estimated through the Otsu image segmentation method, and the resulting monthly 
time series was modeled using Autoregressive Integrated Moving Average (ARIMA), Seasonal ARIMA 
(SARIMA), Exponential Smoothing (ETS), and Holt-Winters models. The results showed evidence of annual 
seasonality in the flooded-area time series. Among the evaluated models, Holt-Winters presented the 
best predictive performance, with the lowest RMSE, MAPE and Theil’s U coefficient values, indicating 
greater ability to represent the seasonal behavior of the flooded area and to produce predictions closer 
to the observed values. Therefore, the proposed approach proved to be useful for transforming satellite 
images into a predictive monitoring tool, contributing to future studies on hydrological monitoring and 
reservoir surface-area dynamics.
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RESUMO

Metodologias de processamento digital de imagens podem ser aplicadas a diferentes problemas 
relacionados ao desenvolvimento sustentável, incluindo o monitoramento de corpos hídricos por 
meio de imagens de satélite multitemporais. O monitoramento e a predição de áreas alagadas 
são procedimentos relevantes para compreender a dinâmica de corpos d’água e subsidiar estudos 
relacionados a inundações, secas e gestão de recursos hídricos. Este estudo propôs uma abordagem 
metodológica para mapear e predizer variações na área alagada do Lago Kirwin, nos Estados Unidos, 
com base em imagens do satélite Landsat 8 coletadas entre janeiro de 2013 e novembro de 2022. 
A área alagada foi estimada por meio do método de segmentação de imagens de Otsu, e a série 
temporal mensal resultante foi modelada utilizando os modelos Autoregressive Integrated Moving 
Average (ARIMA), Seasonal ARIMA (SARIMA), Exponential Smoothing (ETS) e Holt-Winters. Os resultados 
evidenciaram sazonalidade anual na série temporal da área alagada. Entre os modelos avaliados, o 
Holt-Winters apresentou o melhor desempenho preditivo, com os menores valores de RMSE, MAPE 
e coeficiente U de Theil, indicando maior capacidade de representar o comportamento sazonal da 
área alagada e produzir previsões mais próximas dos valores observados. Portanto, a abordagem 
proposta mostrou-se útil para transformar imagens de satélite em uma ferramenta preditiva de 
monitoramento, contribuindo para estudos futuros sobre monitoramento hidrológico e dinâmica da 
área superficial de reservatórios.

Palavras-chave: Sensoriamento remoto; Monitoramento hidrológico; Dinâmica de reservatórios; 
Segmentação por limiarização; Algoritmo de Otsu; Variabilidade da superfície hídrica

1 INTRODUCTION

The analysis of waterbodies based on digital image processing stands out in 

the sustainable development context. Landslide mapping (Intrieri et al., 2018), sealed 

surface estimates (Lei; Weng, 2018), detection of changes in forests (Xu; Wang, 2020), 

and river flood monitoring (Khan et al., 2014; Muhadi et al., 2020) are some examples.

Recently, deep learning techniques have been applied to detect and 

delineate water bodies in high-resolution satellite images, using tools like 

Detectron2 (Fernandes; Fialho; Patriarca, 2024). Moreover, artificial intelligence-

based approaches have been developed for near real-time monitoring of 

contaminants in coastal waters, integrating remote sensing data and onboard 

satellite processing, such as in the Phisat-2 mission (Razzano et al., 2024). 

Another relevant application is the estimation of water turbidity using remotely 

piloted aircraft (RPA) images combined with machine learning techniques like 
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Artificial Neural Networks and Random Forest, providing an efficient water 

quality monitoring system (Andrade et al., 2024).

According to Zhou et al. (2020), monitoring the surface of lakes and rivers 

is essential to guide actions aimed at mitigating damage to exposed populations. 

It is necessary to constantly take images of regions holding waterbodies. This 

process allows requires constant image acquisition from the same region, at 

different moments, to gather the so-called “multi-temporal images”. The flooded 

areas in water bodies based on multi-temporal images are an important aspect to 

be assessed. Using the segmentation method is a natural way to estimate these 

areas. Zhou et al. (2020) used the classic method known as Otsu (Otsu, 1979) to 

identify the surface of lakes. Muhadi et al. (2020) introduced a study that compared 

image segmentation techniques used to extract water information based on digital 

images to monitor floods in Malaysia. In addition, recent studies on sustainable 

development address that risks involved in wetlands can significantly affect 

populations living in Sri Lanka wetlands (Samaraweera, 2024). 

Therefore, monitoring and forecasting the flooded areas in water bodies 

are essential procedures to provide warnings on both floods and water shortages. 

The present study aims to propose a method to assess and predict flooded areas 

in water bodies.

 2 TIME SERIES MODELS 

Overall, a time series can be represented by a graphic that shows 

patterns, such as upward and downward moves (trend) or a pattern that 

repeats itself (seasonal variation) (Hyndman et al., 2008). Information to 

set observations of a time series (γι,..., γn) is an attempt to predict a future 

observation in time n + h (Hyndman et.al, 2008).

Thus, γt is an observation in time t, and χt is the state vector containing 

unobserved components that describe the level, trend, and seasonality of the 
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series. In the state-space model of linear innovations, the measurement equation, 

presented in Equation (2.1), describes the relationship between the unobserved 

state vector and the observed value of the series (Hyndman et.al, 2008). The 

transition equation, presented in Equation (2.2), describes the evolution of the 

state vector over time (Hyndman et al., 2008). The model can be written as follows:

𝑦𝑦𝑦𝑦 =  𝑤𝑤 ′𝑥𝑥𝑥𝑥 −  1 +  𝐸𝐸𝐸𝐸     (2.1) 

𝑥𝑥𝑥𝑥 =  𝐹𝐹 𝑥𝑥𝑥𝑥 −  1 +  𝑔𝑔𝑔𝑔𝑔𝑔     (2.2), 

 

(2.1)

(2.2)

Where Et is a white noise series and F, g, and w are coefficients of the state-

space representation. Hence, the time series yt is an additive model represented by the 

combination of components trend T, seasonality S, and error E, which is not captured 

by the model at period t, according to Equation (2.3) (Hyndman et al., 2008).

𝑦𝑦 =  𝑇𝑇 +  𝑆𝑆 +  𝐸𝐸     (2.3) 

 

(2.3)

Accordingly, T corresponds to the long-term direction of the series, S is the pattern 

repeating itself within a known periodicity and E is the unpredicted behavior of the series 

(Hyndman et al., 2008). Time series data can show a wide variety of patterns, so it is 

interesting to split this series into several components; each one of them would represent 

an underlying pattern category (Hyndman & Athanasopoulos, 2018). This decomposition 

can be additive or multiplicative, according to Equations (2.4) and (2.5), respectively: 

𝑦𝑦𝑡𝑡 = 𝑆𝑆𝑡𝑡 + 𝑇𝑇𝑡𝑡 + 𝑅𝑅𝑡𝑡    (2.4) 

𝑦𝑦𝑡𝑡 = 𝑆𝑆𝑡𝑡  ×  𝑇𝑇𝑡𝑡  × 𝑅𝑅𝑡𝑡     (2.5) 

 

(2.4)

(2.5)

Where in yt are data, St is the seasonal component, Tt is the component of the 

trend cycle and Rt is the remaining component – all these components are gathered 

in period t. The use of each one of these components will depend on variations in 

the seasonal pattern or on the cycle of trends (Hyndman & Athanasopoulos, 2018). 
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Data transformation until variations in the series seem stable over time, followed 

by additive decomposition, is an alternative to multiplicative decomposition 

(Hyndman & Athanasopoulos, 2018). Thus, whenever a log transformation is used, it 

will become equivalent to a multiplicative decomposition, as shown in Equation (2.6). 

log 𝑦𝑦𝑡𝑡 = log 𝑆𝑆𝑡𝑡 + log 𝑇𝑇𝑡𝑡 + log 𝑅𝑅𝑡𝑡     (2.6) 

 

(2.6)

Accordingly, the decomposition of the time series recorded for the flooded 

area was carried out to analyze this area’s behavior in detail. It was essential to assess 

the time series to generate a data prediction for the flooded area in the waterbody, 

therefore, it was necessary to build models to better disclose them. 

2.1 Autoregressive integrated moving average

The ARIMA, proposed by George Box and Gwilym Jenkins, back in 1979 

(BOX, 2013), was the first adopted formalism. When it comes to architecture 

terms, the study followed ARIMA (p, d, q), according to which, p is the number of 

autoregressive parameters (AR), d is the number of differences to stabilize the 

time series (I) and q informs the number of moving average parameters (MA).

Equations (2.7), (2.8) and (2.9) describe models AR AR(p), i.e., ARIMA (p, 0, 

0), models MA MA(q), i.e., ARIMA (0, 0, q), and the Autoregressive moving average 

models ARMA (p, q), i.e., ARIMA (p, 0, q) (Abonazel; Darwish, 2022). 

y𝑡𝑡 = c + ϕ1y𝑡𝑡−1 + ϕ2y𝑡𝑡−2 + ⋯+ ϕ𝑝𝑝y𝑡𝑡−𝑝𝑝 + ε𝑡𝑡,  ￼  (2.7) 

y𝑡𝑡 = c − ε𝑡𝑡 − θ1ε𝑡𝑡−1 − θ2ε𝑡𝑡−2 − ⋯− θ𝑞𝑞ε𝑡𝑡−𝑞𝑞, (2.8) 

y𝑡𝑡 = c + ϕ1y𝑡𝑡−1 + ϕ2y𝑡𝑡−2 + ⋯+ ϕ𝑝𝑝y𝑡𝑡−𝑝𝑝 + ε𝑡𝑡 − θ1ε𝑡𝑡−1 − θ2ε𝑡𝑡−2 − ⋯− θ𝑞𝑞ε𝑡𝑡−𝑞𝑞, (2.9) 

 

(2.7)

(2.8)

(2.9)

Wherein Ф, θ and εt are parameters AR(p), MA(q) and random error or white 

noise, respectively. Thus, the main idea of this model lies in the assumption that 

the linearity of the time series oftentimes follows normal statistical distribution 
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(Farsi et al., 2021), because it was created to analyze and predict stationary data 

of the time series. 

2.2 Seasonal autoregressive integrated moving average 

Seasonal ARIMA, or SARIMA, was the second adopted model; it was 

proposed to predict seasonal time series, based on the ARIMA presentation 

mode (p, d, q) (P, D, Q), according to which, parameters (P, D, Q) are seasonal 

equivalents of (p, d, q) that describe the non-seasonal part (Farsi et al., 2021). 

Hence, SARIMA can be expressed through Equation (2.10):

∅𝑝𝑝(𝐵𝐵)Φ𝑃𝑃(𝐵𝐵𝑠𝑠)𝑊𝑊𝑡𝑡 = 𝜃𝜃𝑞𝑞(𝐵𝐵)Θ𝑄𝑄(𝐵𝐵𝑠𝑠)𝑤𝑤𝑡𝑡  (2.10) 

 

(2.10)

Where in P presents the order of the seasonal AR model, D points out the number 

of seasonal differences, Q refers to the seasonal MA order, s is periodicity,  is the white 

noise value within the period t and B is the counter shift operator (Farsi et al., 2021).

2.3 Exponential smoothing

The Exponential Smoothing model (ETS) was the third model to be 

adopted; it can be used to predict data without a clear trend or seasonal 

pattern (Hyndman & Athanasopoulos, 2018). This model continuously 

revises a prediction based on recent information about estimated data. 

Therefore, it regards weighed measurements that give an exponentially 

higher weight to observations about recent predictions than those set for 

older predictions (Hyndman et al., 2008). This process focuses on three 

components that, altogether, form a time series (T), (S) and (E); therefore, 

the association among them is additive or multiplicative, although some 

variations are observed (Hyndman et al., 2008).

The classification of these models starts with the trend component, which 

regards the combination of a level term (l) to a growth term (b). These terms can be 
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combined into five future-trend types (Hyndman et al., 2008). Th is a trend predicted 

at the next h periods and φ is a damping parameter (0 < φ < 1); The five possible 

trend specifications used in the ETS framework are presented in Equations (2.11) to 

(2.15). Equation (2.11) represents the absence of trend, Equation (2.12) represents 

the additive trend, Equation (2.13) represents the damped additive trend, Equation 

(2.14) represents the multiplicative trend, and Equation (2.15) represents the damped 

multiplicative trend. (Hyndman et al., 2008).

None: 𝑇𝑇ℎ = 𝑙𝑙        (2.11) 

Additive: 𝑇𝑇ℎ = 𝑙𝑙 + 𝑏𝑏ℎ      (2.12) 

 

(2.11)

(2.12)

Smoothing Additive: 𝑇𝑇ℎ = 𝑙𝑙 + (ϕ + ϕ2 + ⋯ + ϕℎ)𝑏𝑏   (2.13) 

Multiplicative: 𝑇𝑇ℎ = 𝑙𝑙𝑏𝑏ℎ      (2.14) 

Smoothing Multiplicative: 𝑇𝑇ℎ = 𝑙𝑙𝑏𝑏(ϕ+ϕ2+⋯+ϕℎ)     (2.15) 

 

(2.13)

(2.14)

(2.15)

A seasonal component and an error component are introduced after 

the trend component is defined; it is done in an additive or multiplicative way 

(Hyndman et al., 2008). In case the error is ignored, there will be fifteen exponential 

smoothing methods involving both the association trend and the seasonal 

components (Hyndman et al., 2008).

2.4 Holt-winters

Holt (1957) expanded his studies on simple exponential smoothing to predict 

data with trends; he created the so-called Holt method. Then, along with Winters (1960), 

he developed the Holt-Winters method to capture seasonality (Hyndman et al., 2008) - 

this was the fourth model adopted for the present study. This is the additive model by 

Holt-Winters with additive trend and seasonality. Their multiplicative method is based 

on additive trend and multiplicative seasonality, and it is seen as one of the models used 

in exponential smoothing to disregard the error (Hyndman & Athanasopoulos, 2018).
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The Holt-Winters seasonal method comprises the forecast equation and 

three smoothing equations — one for the level ℓt, one for the trend bt, and 

one for the seasonal component st, with corresponding smoothing parameters 

α, β and γ (Hyndman & Athanasopoulos, 2018). The Holt-Winters additive 

and multiplicative formulations are presented in Equations (2.16) and (2.17), 

respectively. Equation (2.16) represents the additive formulation, in which the 

seasonal effect is added to the level and trend components. Equation (2.17) 

represents the multiplicative formulation, in which the seasonal effect is 

proportional to the level of the series (Hyndman & Athanasopoulos, 2018):

Additive method: 𝑦𝑦𝑡𝑡+ℎ|𝑡𝑡| = 𝑙𝑙𝑡𝑡 + ℎ𝑏𝑏𝑡𝑡 + 𝑠𝑠𝑡𝑡+ℎ−𝑚𝑚(𝑘𝑘+1) (2.16) 

Multiplicative method: 𝑦𝑦𝑡𝑡+ℎ|𝑡𝑡| = (𝑙𝑙𝑡𝑡 + ℎ𝑏𝑏𝑡𝑡)𝑠𝑠𝑡𝑡+ℎ−𝑚𝑚(𝑘𝑘+1) (2.17) 

 

(2.16)

(2.17)

Where k is the integer part of (h−1)/m, which ensures that the estimates of the 

seasonal indices used for forecasting come from the final year of the sample. Use m to 

denote the period of the seasonality (Hyndman & Athanasopoulos, 2018).

 2. 5 Assessment measurements

Formalisms ARIMA, ETS, SARIMA and Holt-Winters were used at the data 

modeling stage and applied to flooded area images based on the detailed assessment 

of residuals of these images. This procedure was necessary to predict likely changes in 

the herein assessed flooded area of the waterbody using the best-performing model. 

A prediction error estimator and the relative quality of the statistical models for a 

given data set were used to make the scientific analysis of the best model to the herein 

assessed time series (Pho et al, 2019), the so-called Akaike Information Criterion – AIC. 

This criterion was essential to assess the training data (Cavanaugh; Neath, 2019). This 

methodology is useful for selecting regression predictors and setting the order of an 
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ARIMA model. The Akaike Information Criterion used to compare the fitted models is 

presented in Equation (2.18) (hyndman & Athanasopoulos, 2018): 

𝐴𝐴𝐴𝐴𝐴𝐴 = 𝑇𝑇 log (𝑆𝑆𝑆𝑆𝑆𝑆𝑇𝑇 ) + 2(𝑘𝑘 + 2)     (2.18) 

 

(2.18)

In this expression, T is the number of observations adopted to the estimate, SSE 

imply the sum of squared residuals, and k is the number of predictors in the model. 

The model with the minimal AIC value is often the best model for the prediction 

(Hyndman & Athanasopoulos, 2018).

The Shapiro-Wilk test was also used to assess whether an empirical distribution 

is similar to a normal distribution when the p-value is compared to a 0.05 significance 

level (González; Cosmes, 2019). Subsequently, the behavior of the series was analyzed 

through autocorrelation and partial autocorrelation correlograms fed with specification 

thresholds for significance level (Alsharif; Younes; Kim, 2019).

Predictions for all models were plotted along with the assessed time series. 

The accuracy of each model was analyzed through prediction-performance 

measurements. Root Mean Square Error (RMSE) was the first adopted measurement; 

it measures the root of the Mean Squared Error (MSE), which, in its turn, concerns 

the subtraction of what had happened,  of the projected value, and , which led to the 

error (Hodson, 2022). The RMSE calculation is shown in Equation (2.19). 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = √1
𝑛𝑛∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑖𝑖∧)

2𝑛𝑛
𝑖𝑖=1     (2.19) 

 

(2.19)

The benefit of using it lies in the fact that the scale of the error changes to 

correspond to the ideal work measurement unit when the square root is calculated since 

it enables assessing the power of the prediction made for a data set (Kumar et al., 2022). 

Since RMSE is scale-dependent, there is no universal threshold to classify its value as 

low or high. In this study, RMSE was interpreted comparatively among the fitted models, 

considering that lower RMSE values indicate smaller prediction errors in the same unit 
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of the flooded-area series. Therefore, the model with the lowest RMSE was considered 

to have better predictive performance, especially when this result was consistent with 

the MAPE and Theil’s U coefficient values. (Hodson, 2022).

The second adopted measurement was the Mean Absolute Percentage 

Error (MAPE), which measures the mean absolute percentage error by dividing the 

difference between the observed value and the predicted value (the result of the 

error) by the observed value (Elsaraiti; Marabet, 2022) – the signal is ruled out. This 

calculation is shown in Equation (2.20). 

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 = 1
𝑛𝑛∑ |𝑦𝑦𝑖𝑖−𝑦𝑦𝑖𝑖

∧

𝑦𝑦𝑖𝑖
| 

      (2.20) 

 

(2.20)

Finally, Theil’s U coefficient, which allows the relative comparison between formal 

prediction methods and simplistic methods, was used (Lopez-Garcia; Martinez-Damian; 

Arana-Coronado, 2022). This measurement is defined according to Equation (2.21).

𝑈𝑈 𝑑𝑑𝑑𝑑 𝑇𝑇ℎ𝑒𝑒𝑒𝑒𝑒𝑒 =
√1
𝑛𝑛∑ (𝑦𝑦𝑖𝑖∧−𝑦𝑦𝑖𝑖)

2𝑛𝑛
𝑖𝑖=1

√1
𝑛𝑛∑ (𝑦𝑦𝑖𝑖∧)

2𝑛𝑛
𝑖𝑖=1 +√1

𝑛𝑛∑ (𝑦𝑦𝑖𝑖)2𝑛𝑛
𝑖𝑖=1

  (2.21) (2.21)

If Theil’s coefficient is equal to 0, the prediction is perfect; if it is equal to 1, the 

accuracy of the assessed prediction method is equal to that of the simplistic random 

walk method, whose prediction for the next instant in time meets the last observation 

of the series. In case it is higher than 1, the model is not useful for predictive purposes 

(Lopez-Garcia; Martinez-Damian; Arana-Coronado, 2022). Therefore, it is possible to 

observe that this relative prediction measurement embodies non-negative values. 

3 MATERIALS AND METHODS

The present study is directed to the collection of images in the region of the Kirwin 

reservoir, in Phillips County, Kansas, USA. Kirwin Lake (USA) was the water body selected 

for application, which was monitored monthly between 2013 and 2022. Lake images 
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were taken at each assessed period, and its flooded area was estimated through the 

Otsu method, based on information provided by the resolution of the selected images. 

Then, the time series models guided by the image processing of the lake were adopted 

to describe its temporal behavior and to predict the future flooded area. Autoregressive 

integrated moving average (ARIMA) (Hyndman & Athanasopoulos, 2018), seasonal ARIMA 

(SARIMA) (Box et.al, 2015), exponential smoothing (ETS) (Hyndman et.al, 2008), and Holt-

Winters (Hyndman & AthanasopouloS, 2018) were the predictors taken to comparison. 

Holt-Winters recorded the best performance rates.

As shown in Figure 1, it is located close to Kirwin City, at coordinates 39°39′22″N 

99°09′40″W, Northern Kansas (USGS, 2022). The Kirwin National Wildlife Refuge is 

located on the lakeshore” ou “around the lake, and is one of the most important wildlife 

preservation units in the USA (Jorgensen; Stullken, 1981).

 Figure 1 – Kirwin Reservoir, Kansas State, USA

Source: Authors (2023) 

The U.S. Bureau of Reclamation built this refuge and still runs it to control floods 

and irrigation in the region. The refuge has a built area of 22.55 Km², and a capture 

area of 3,540 Km² (Jorgensen; Stullken, 1981).
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3.1 Proposed methodology

The herein developed methodological trajectory is divided into 5 stages: (i) 

data collection, (ii) image processing, (iii) waterbody’s area calculation, (iv) statistical 

modeling, and (v) models’ performance assessment. Stages (ii), (iii), (iv), and (v) were 

carried out in R language (R core team, 2022). These stages are introduced in the 

flowchart depicted in Figure 2. 

Figure 2 – Methodological trajectory

Source: Authors (2023)

3.2 Image database 

 Landsat satellite images taken from the collection of scientific products were used 

for dataset selection purposes; these images are available in the section associated with 

the extension of surface water. The rate of 10% cloud coverage and shading was included 

as additional criteria. Results are requested after all these parameters are inserted and, 

subsequently, it is possible to download images in DIAG.TIF format, which is ideal for 

the Otsu method, because it is expressed in a grey scale. Images of the herein assessed 

reservoir were rescaled because they recorded 5,000mm x 5,000mm in dimension and 

showed other waterbodies. The ideal dimension for the present study was 350mm x 

350mm, because it put the reservoir in the center of the image, as shown in Figure 3.  
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Figure 3 – Rescaled images of the Kirwin reservoir on site of USGS, at different moments

Source: Authors (2023)

In total, 119 images of the Kirwin reservoir were collected between 2013 and 

2022, and it allowed estimation of the flooded area in this region, based on the collected 

data. An algorithm was built in R software to process the images.

3.3 The Otsu method

An algorithm was created in R software 4.2.1 (R core team, 2022) to meet 

the image processing stages. The images were saved in a computer drive and 

processed according to the Otsu method (Otsu, 1979). It is an image segmentation 

method that analyzes grey image level histograms to find optimum segmentation 

thresholds. This method sets the optimum segmentation threshold by maximizing 

maximizing between-class variance, which regards pixel intensity variation in 

each class (Pandey et al., 2017). It was necessary to create a function that applies 

image threshold through the Otsu method given the need for mass processing 

procedures to set the pixels corresponding to the continent and those that set 

water occupation in the study site. The separation of these pixels allowed changing 

their color to white in sites forming the flooded area.

3.4 Estimation of the flooded area

Each pixel records a score of 1, and it enables summing all of them in the 

sequence of the study. If one takes into consideration that image resolution in 

the present research was 30m, then, each pixel has an area of 900 m². Thus, the 
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sum of all pixels, multiplied by this value leads to an estimated flooded area in the 

waterbody, as shown in Figure 4. 

Figure 4a shows a flooded area of 14,369,400 m² in May 2014. In figure 4b, the 

same evaluated lake region presented a flooded area of 10,974,600 m² in October 

2015. In Figure 4c, the Lake Kirwin region, had a flooded area of 24,050,700 m² in June 

2019. The application of codes for capturing images allowed changing values of the 

flooded area expressed in m², every month, starting in January 2013 and ending in 

November 2022 – allowing the creation of the time series.

Figure 4 – Images of the Kirwin reservoir after application of the Otsu method, at 

different times. In image a) the flooded area in May 2014 is shown, in image b) the 

flooded area in October 2015 and in image c) the flooded area in June 2019

 

a) b) c) 

Source: Authors (2023)

3.5 Time series models 

	The image processing algorithm was added to a new script in R language to meet 

the statistical modeling stage and to carry out the statistical analysis of the time series. 

In total, 107 observations were separated for training and 12 for test. It was done to 

seek modeling to predict changes in the herein assessed flooded area in the waterbody. 

Thus, it was possible to assess how close the tested models were to the actual results. 

Subsequently, data in the study are consolidated and it allows plotting the 12-

step ahead prediction based on parameters of the best analyzed model to identify 
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likely changes in the flooded area. It would allow assessing changes in the flooded area 

analyzed in the current study. 

All files used in the present article are available at the repository of the author 

at https://github.com/Hevertonbarbosa/dados_artigo_PRODER_hbn.git; it contributes 

to the reproducible research culture.

4 RESULTS AND DISCUSSION

A box plot was created through the annual evolution shown in Figure 5, 

according to a detailed analysis of the monthly series recorded for the flooded area in 

the assessed waterbody. 

Figure 5 – Box plot of the annual evolution of the flooded area in Kirwin reservoirs.

 

Source: Authors (2023)

It is possible to observe that, from 2016 onwards, there was greater variation 

in the flooded area of Kirwin Reservoir, followed by an increase in its median values. 

The median values increased between 2017 and 2019, indicating a relevant change 

in the flooded area during this period. In 2020, lower variability and a decrease in 

https://github.com/Hevertonbarbosa/dados_artigo_PRODER_hbn.git
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median values were observed, and this downward trend remained in 2021 and 2022. 

Outliers were also observed in 2015, 2017, 2018, and 2019, indicating months with 

higher flooded-area values in the waterbody.

These variations may be associated with the hydrological and operational dynamics 

of Kirwin Reservoir. Its water levels fluctuate from year to year according to rainfall, snow 

runoff, drought periods, and irrigation use (U.S. FISH AND WILDLIFE SERVICE, [s.d.]). In 

addition, the reservoir is part of an agricultural and irrigation system in the North Fork 

Solomon River Valley, where water releases below Kirwin Dam are an important source for 

irrigation and drought conditions can affect water availability (Jorgensen; Stullken, 1981). 

Thus, the differences observed in the flooded area may reflect the combined influence of 

seasonal climate variability and water-management demand. Although land-use changes 

in the contributing basin may also influence runoff and reservoir inflow, this factor was 

not directly assessed in the present study. Figure 6 sketches the month time series and 

shows data separation into training and test data; values recorded for the flooded area 

selected for the test group are observed after the vertical red line. Models were trained 

with data observed to the left of the vertical line.

Figure 6 – Time series of the flooded area in Lake Kirwin. The vertical line separates 

training data (to the left) from test data (to the right).

 

Source: Authors (2023)
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The flooded area showed a mean growing trend within the assessed period. Data 

logarithmical transformation was carried out to reduce the influence of outliers on the 

modeling phase. Time series patterns were analyzed in a decomposed way to improve 

the process of assessing the time series. It was done by decomposing its components, 

as shown in Figure 7. The trend of this series was extracted, and it presented the 

growing trend of the flooded area between 2016 and 2020. Then, one can observe 

annual seasonality in this series, and it reflects the influence of a given external factor. 

Then, annual seasonality can be observed in the series, which may be associated with 

hydroclimatic factors, especially rainfall distribution, snow runoff, drought periods, 

and irrigation-related water use. Kirwin Reservoir is part of an irrigation and flood-

control system (Jorgensen; Stullken, 1981). Its water levels may also vary according to 

rain, snowmelt runoff, and irrigation demand (U.S. FISH AND WILDLIFE SERVICE, [s.d.]). 

Therefore, the seasonal component may reflect the combined influence of climatic and 

water-management dynamics. The final section depicts the erratic behavior deriving 

from interruptions in the assessed series.

Figure 7 – Decomposition of the time series recorded for flooded area in Lake Kirwin

  

 
Source: Authors (2023)
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4.1 Modeling and prediction

The preliminary analysis of the ARIMA model, based on the autoarima function (R 

CORE TEAM, 2022), for training data, generated the best ARIMA model, which was that of 

order (0,1,2) and of the lowest AIC (-79.15). However, the assessment of its residuals – the 

difference between the original and the adjusted series (ATIQUE et al., 2019) - allowed 

identifying that it could be enhanced due to the existing significant autocorrelation in lag 

12. Accordingly, some relevant information remains in residuals whose projection can 

be enhanced. It was necessary to work on this model to present the seasonality that was 

not identified. Thus, seasonality 12 was taken into account and the best seasonal model 

was assessed by running the autoarima function once more. SARIMA (0,1,2) (1,0,0)12 

was the best tested model; it presented an AIC of -83.9, which was the lowest one among 

all seasonal models tested at this stage. Therefore, the SARIMA model was also used. 

Accordingly, and due to seasonality identification, the third model (ETS) was 

included in the analysis, as well as a fourth model known as Holt-Winters. From this 

point onwards, all analyses and results were based on assessing the residuals of these 

models; it was done to highlight the best model among the assessed ones and to 

allow predicting the flooded area in that region. Table 1 shows the results observed for 

parameters recorded for each assessed model.

Table 1 – Results of models set for the time series recorded for flooded area

MODEL SPECIFICATION COMPONENT PARAMETER ESTIMATE

ARIMA ARIMA (0,1,2)
Moving 
average

ma1 -0.595

ARIMA ARIMA (0,1,2)
Moving 
average

ma2 -0.185

SARIMA SARIMA (0,1,2)(1,0,0)12

Moving 
average

ma1 -0.185

SARIMA SARIMA (0,1,2)(1,0,0)12

Moving 
average

ma2 -0.166

SARIMA SARIMA (0,1,2)(1,0,0)12

Seasonal 
autoregressive

sar1 0.261

(Continued...)
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MODEL SPECIFICATION COMPONENT PARAMETER ESTIMATE

ETS ETS (A,N,A)
Smoothing 
parameter

alpha 0.293

ETS ETS (A,N,A) Level l 16.680

ETS ETS (A,N,A)
Standard 
deviation

sigma 0.148

HOLT-
WINTERS

Additive trend and seasonality
Smoothing 
parameter

alpha 0.239

HOLT-
WINTERS

Additive trend and seasonality
Trend 

parameter
beta 0.060

HOLT-
WINTERS

Additive trend and seasonality
Seasonal 

parameter
gamma 0.255

HOLT-
WINTERS

Additive trend and seasonality Level a 16.759

HOLT-
WINTERS

Additive trend and seasonality Trend b -0.002

Note: The seasonal components estimated for the Holt-Winters model were: s1 = 0.0745; s2 = -0.1294; 
s3 = -0.0630; s4 = -0.0284; s5 = 0.0411; s6 = 0.1162; s7 = 0.1261; s8 = -0.0040; s9 = 0.0009; s10 = 0.0231; 
s11 = 0.0367; s12 = -0.0065.
Source: Authors (2023)

Correlograms were used to enhance the analysis applied to find the best model 

to analyze the randomness of residuals in each assessed model. Figure 8 presents the 

correlogram of partial autocorrelation of residuals in the analyzed models. 

Figure 8 – Partial autocorrelation of residuals in the used models

 
Source: Authors (2023) 

(Conclusion)
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Figure 8 shows significant autocorrelations in the residuals of ARIMA and 

SARIMA models. It also presents an interesting result for the analyses based on the 

availability of data within the specification thresholds to assess models ETS and Holt-

Winters. To better analyze these points, a prediction was generated and compared to 

data separated for the test. It was done through analysis based on prediction at a time 

horizon equal to 12 steps ahead. 

As observed in Figure 9, predictions generated through SARIMA and Holt-Winters 

presented performance close to test data of the assessed time series.

Figure 9 – Comparison of predictions for models assessed with test data

 
Source: Authors (2023)

Some measurements shown in Table 2 were used to analyze the accuracy of the 

assessed models. It was done to evidence the model accounting for the best performance.

The Holt-Winters model presented the best predictive performance for the test time 

series. It recorded the lowest RMSE among the evaluated models, indicating the smallest 

absolute prediction error in the flooded-area unit. This result was also consistent with the 

lowest MAPE and Theil’s U coefficient values, confirming the best relative performance of 

the Holt-Winters model in comparison with ARIMA, SARIMA and ETS.  
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Table 2 – Evaluation measurements applied to the assessed prediction models

MODEL RMSE (km2) MAPE (%) THEIL

ARIMA 1.879.976 7,672 1,126

SARIMA 1.400.625 5,872 0,625

ETS 1.573.033 7,868 0,730

Holt-
Winters

1.118.389 5,669 0,371

Source: Authors (2023)

Accordingly, all data of the time series were taken into account and a prediction 

was made based on the best model assessed through accuracy measurements. Figure 10 

shows the final prediction by taking into consideration the 12-step-ahead time horizon. 

Figure 10 – Final prediction for the flooded area by taking into consideration 12 months 

ahead

 

Source: Authors (2023)

It is possible to observe that data from the flooded area are similar to the last 

data collected in the last 12 months. Thus, there was evidence of a low probability of 
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an increase in flooded area in the following year at Kirwin Lake region. A highlight of 

this image was observed in January 2023, which demonstrated a notable decrease in 

the flooded area as a result of Kirwin Lake's presence in the area during the winter, 

when the majority of it is covered in ice.

The increase projected for May and June 2023 may be interpreted as a seasonal 

response captured by the Holt-Winters model, associated with the transition 

from spring to early summer. During this period, rainfall events and runoff may 

temporarily increase the reservoir surface area, although drought conditions and 

higher evaporative demand can still limit water availability. This interpretation is 

consistent with drought reports for May 2023, which indicated recent rainfall and 

partial drought improvement in northwestern Kansas, but also persistent drought 

conditions across the state (National Integrated Drought Information System, 2023). 

In addition, Kirwin Reservoir is part of an irrigation and flood-control system, so its 

flooded area may also be influenced by water-management demand and irrigation 

releases (Jorgensen; Stullken, 1981).

5. CONCLUSION

This study proposed a methodological approach to map and predict variations 

in the flooded area of Kirwin Lake, USA, based on Landsat 8 satellite images collected 

between January 2013 and November 2022. The proposed procedure combined digital 

image processing through the Otsu method with time-series modeling, allowing the 

transformation of multi-temporal satellite images into a monthly flooded-area series.

The results showed evidence of annual seasonality in the flooded-area time series. 

Among the evaluated models, Holt-Winters presented the best predictive performance, 

with the lowest RMSE, MAPE and Theil’s U coefficient values. This result indicates that 

the Holt-Winters model was more efficient in representing the seasonal behavior of the 

flooded area and in producing predictions closer to the observed values.
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Therefore, the combination of satellite image processing and Holt-Winters 

forecasting proved to be a useful strategy for monitoring and predicting flooded-area 

dynamics in water bodies. The proposed approach can support future studies related 

to hydrological monitoring, water-resource management and early assessment 

of possible changes in reservoir surface area. Future research may apply the same 

methodological structure to other reservoirs and compare its performance with 

additional forecasting models and environmental variables.
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