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Abstract 

Desertification is major issue in arid and semi-arid lands (ASAL) with devastating 

environmental and socio-economic impacts. Time series analysis was applied on 

19 years’ pixel-wise monthly mean Normalized Difference Vegetation Index 

(NDVI) data. The aim of this study was to identify a time series model that can be 

used to predict NDVI at the pixel level in an arid region in Kenya. The Holt-Winters 

and Seasonal Auto Regressive Integrated Moving Average (SARIMA) models 

were developed and statistical analysis was carried out using both models on the 

study area. We performed a grid search to optimise and determine the best hyper 

parameters for the models. Results from the grid search identified the Holt-Winters 

model as an additive model and a SARIMA model with a trend autoregressive (AR) 

order of 1, a trend moving average (MA) order of 1 and a seasonal MA order of 2, 

with both models having a seasonal period of 12 months. It was concluded that the 

Holt-Winters model showed the best performance for 600 ✕ 600 pixels (MAE = 

0.0744, RMSE = 0.096) compared to the SARIMA model. 

Keywords: Arid, Desertification, Kenya, MODIS NDVI, SARIMA, The Holt-Winters 

model. 

http://www.ajrsp.com/
mailto:kawamukai@ai.u-hyogo.ac.jp


Academic Journal of Research and Scientific Publishing | Vol 2 | Issue 23       

Publication Date: 5-3-2021      

 

 

    www.ajrsp.com                                                                                                                       2  

ISSN: 2706-6495 

 

1. Introduction 

ASALs are susceptible to droughts and flooding and are at an increased risk of 

desertification, which in turn threatens livelihoods, food security and biodiversity 

(IUCN, 2020; UNDP, 2013). Desertification is defined as land degradation in drylands 

(ASAL and dry sub-humid areas) as a result of climate change and anthropogenic 

activities resulting in long term loss in biological productivity and ecological integrity 

(UNCCD, 1994; Mirzabaev, et.al. 2019; Huang, et.al 2015). Drylands cover 46.2% of 

the earth’s surface and are home to 3 billion people (Mirzabaev, et.al. 2019) including 

the arid and semi-arid (ASAL) regions. The arid areas contain barren and sparse 

vegetation mostly covered with shrubland and grassland while the semi-arid and dry-

humid regions are covered with grassland (Huang, et.al 2015). Desertification hotspots 

denoted by a decline in vegetation productivity extended to 9.2% of drylands between 

1980s and 2000s, with a projected increase due to climate change and increased human 

activities (Mirzabaev, et.al. 2019). The ASAL constitutes over 80% of the total land in 

Kenya and accounts to 30% of the country’s population who are engaged in pastoralism 

and small scale agriculture (IUCN, 2020). According to studies in 1997, 64% of Kenya’s 

land likely experienced moderate desertification while 23% of the land was at risk of 

severe to very severe desertification (Macharia, 2004). A recent study by Gichenje and 

Godinho, (2018) found that 21.6% of the country experienced persistent negative trends 

in vegetation during 1992 – 2015 period.  

Limited and precise field data for vegetation production (Chamaillé-Jammes and 

Fritz, 2009) has led to drawbacks in monitoring and forecasting vegetation (Wang et. al. 

2018), thus, remote sensing has become an indispensable tool that provides information 

about ecological processes and time series of different ecological variables can be 

obtained from such data (Fernández-Manso, et.al., 2011). Remotely sensed vegetation 

indices such as NDVI are widely used to detect greening and browning trends (de Jong, 

et.al. 2011) and can reveal regions with thriving or stressed vegetation.  

Time series models commonly used in predictive analysis in econometrics such 

as the Holt-Winters and SARIMA models have been increasingly used for monitoring 

ecological and environmental variables. 
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Fernández-Manso, et.al., (2011) developed a SARIMA model and elaborated a short-

term forecast of the NDVI in each 10-day period using 10-days maximum value 

composite (MVC) bands of the NDVI obtained from National Oceanic and Atmospheric 

Administration (NOAA) Advanced Very High Resolution Radiometer (AVHRR) data. 

They concluded that time series models could be used for vegetation monitoring at 

regional level. Riaño, et.al., (2007) used 18 years’ time series monthly NOAA- AVHRR 

and demonstrated that SARIMA model is a powerful tool for forecasting potential burned 

area with significant statistical results. Ji and Peters (2004) used the conterminous U.S 

1-km AVHRR NDVI dataset obtained from the Earth Resources Observation Systems 

(EROS) Data Centre, U. S Geological Survey to design a vegetation forecast greenness 

(VGF) model based on the SARIMA model. They used the model to predict short-term 

vegetation status in cropland and grassland up to 12 weeks in advance, with higher R2 

achieved for shorter predictions. Mutti, et. al. (2020), modelled NDVI using a lower 

resolution MODIS MOD13A2 product, at 500m spatial resolution and compared the 

performance of the Holt-Winters and SARIMA models at desertification hotspots in 

Brazil. They concluded that the use of non-pixel-wise models limits their applicability in 

forecasting degradation patterns in vulnerable regions. 

The above mentioned studies used coarse and lower resolution NDVI data. Thus, 

this study used the finer resolution MODIS MOD13Q1 Terra Vegetation Indices product, 

at a spatial resolution of 250m. We used 19 years of NDVI data from February 2000 to 

September 2019 to develop pixel-wise time series models based on the Holt-Winters and 

SARIMA models to predict vegetation in an arid region in Kenya. We analysed the 

temporal trends in NDVI during the study period and compared the performance of the 

Holt-Winters and SARIMA models in NDVI prediction using pixel-wise NDVI time 

series. 

2. Materials and Methods 

2.1  Study area 

The study area was carried out in a semi-arid to arid region in Kenya, 
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Located in the eastern part of the country in the Middle Tana River Basin region (Figure 

1). 600 ✕ 600 pixels, covering an area of 22, 500 km2 was used in the study. The region 

is located at coordinates 0° and 2° S and 38° and 40°E. The elevation is below 1300 m 

(Knoop, et.al., 2012) and the region receives a bimodal rainfall below 800 mm (Baker, 

et.al., 2015) and an annual temperature between 24°C to 34°C. Pastoralist grazing land, 

dry land farming and dryland forestry are practised due to the semi-arid to arid nature of 

the region (Knoop, et.al., 2012). The region has a variety of vegetation predominately 

bushland, woodland and a few patches of forest (Baker, et.al., 2015). However, it faces 

land degradation due to uncontrolled sand mining, removal of trees and overgrazing 

(Knoop, et.al, 2012), making the region more vulnerable to desertification. In addition, 

further land degradation occurs due to charcoal production as an alternative means for 

survival among the pastoralist communities (Baker, et.al., 2015). 

 

Figure 1. The study area (on the right side), corresponds to an area covering 600 ✕ 600 

pixels (22, 500 km2) located in the Middle Tana River Basin in Kenya.  
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Inset map (on the left side) shows the East Africa countries (Kenya, Tanzania and 

Uganda) and the MODIS tile (h21v09) used. 

2.2  Remote sensing data 

NDVI data was obtained from the MOD13Q1 Terra Vegetation Indices product at 16-

days composite period at a finer spatial resolution of 250m, recommended for pixel-wise 

modelling. The data is freely available and can be downloaded from the USGS 

EarthExplorer. A total of 452 images were used covering a period of 19 years, from 

February 2000 to September 2019.  The data was derived from the MODIS tile: h21v09, 

which covers parts of Kenya, Tanzania and Uganda (inset map in Figure 1). 600 ✕ 600 

pixels were extracted from the top right corner of the tile to analyse and model the pixel-

wise NDVI time series.  

Monthly mean pixel-wise NDVI time series was created by calculating the 

average NDVI per month from the 16-days composite period. This was achieved by 

creating a pandas dataframe to create monthly time series data. We divided 80% of the 

mean monthly pixel-wise data into a training dataset which was used to train the models 

and 20% as a testing dataset to validate the models’ predictions. 

2.3  Time series models 

Pixel-wise NDVI time series were modelled using the Holt-Winters and SARIMA 

models and was implemented using Python programming language (Python Software 

Foundation, 2020). Both models were implemented using the statsmodels library; a 

python module that provides classes and functions for the estimation of statistical 

models, conducting statistical tests and statistical data exploration (Perktold, et.al. 2020). 

We configured each model using a grid search (Brownlee, 2018a; 2018b) to automate 

and identify the hyperparameters resulting in the best performance for the Holt-Winters 

and SARIMA models that produced the best fit models to the pixel-wise NDVI time 

series data. 

http://www.ajrsp.com/
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2.3.1 The Holt-Winters model 

The Holt-Winters model developed by Holt (2004) and Winters (1960) also known as 

Triple Exponential Smoothing supports the trend and seasonal component in time series 

data. The model consists of three smoothing parameters associated with the level (α), 

trend (β) and seasonality (γ). The grid search returned the best parameters for the Holt-

Winters model as add, add and 12 for the level, trend and seasonality parameters 

respectively, resulting in an additive Holt-Winters model, which was applied to the pixel-

wise NDVI time series data. The additive model was used as the trend and seasonality in 

our data does not increase over time. In addition, previous studies applied the additive 

model with significant results (Mutti, et. al., 2020). The three smoothing equations 

associated with the additive Holt-Winters model for a series {xt} are as follows 

(Cowpertwait and Metcalfe, 2009): 

𝛼𝑡 =  α(𝑥𝑡 − 𝑠𝑡−𝑝) + (1 −  α)(𝑎𝑡−1 +  𝑏𝑡−1) (1) 

𝑏𝑡 =  𝛽(𝑎𝑡 − 𝑎𝑡−1) + (1 −  𝛽)𝑏𝑡−1  (2) 

𝑠𝑡 =  γ(𝑥𝑡 − 𝑎𝑡) + (1 −  γ)𝑠𝑡−𝑝  (3) 

Where: at, bt and st are the estimated level, trend and seasonal effect respectively 

at time t, p is the period, and α, β and γ are the smoothing parameters. 

The forecasting equation for xn+k  made after the observation at time n is shown 

below (Cowpertwait and Metcalfe, 2009): 

�̂�𝑛+𝑘|𝑛 =  𝑎𝑛 + 𝑘𝑏𝑛 + 𝑠𝑛+𝑘−𝑝 k ≤ p (4) 

We imported the class: statsmodels.tsa.holtwinters.ExponentialSmoothing from 

the statsmodels library to implement the Holt-Winters model. We specified the 

configuration for the Holt-Winters model by defining the parameters as seasonal_periods 

= 12, trend = ‘add’, seasonal = ‘add’. The seasonal_periods denotes the number of 

periods in a complete seasonal cycle, in this case: 12, for the 12 months in a year,  
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The trend and seasonal defines the type of trend component and type of seasonal 

component respectively and can either be additive or multiplicative. The model was then 

fitted to the training data using the fit () function to select the smoothing parameters for 

the level, trend and seasonality. The forecast () function returns a one-step forecast and 

was used to make the predictions. 

2.3.2 SARIMA model 

The SARIMA model is an extension of the Auto Regressive Integrated Moving Average 

(ARIMA) model developed by Box et. al, (1994) to support seasonality in time series 

data. The SARIMA model requires few parameters to describe a time series which 

exhibit non-stationary within and across seasons and is represented as:  

𝑆𝐴𝑅𝐼𝑀𝐴(𝑝, 𝑑, 𝑞)(𝑃, 𝐷, 𝑄)  (5) 

Where (p, d, q) is the non-seasonal part of the model, (P, D, Q) is the seasonal 

part of the model and s is the length of the seasonal period (Durdu, 2010). The model is 

expressed as shown in equation (6): 

𝜙𝑝(𝐵)Ф𝑃(𝐵𝑠)∇𝑑∇𝑠
𝐷𝑧𝑡 = 𝜃𝑞(𝐵)𝛩𝑄(𝐵𝑠)𝑎𝑡  (6) 

where: p is the order of the non-seasonal AR, d is the number of regular 

differencing, q is the order of non-seasonal MA, P is the order of the seasonal AR, D is 

the number of seasonal differencing, Q is the order of seasonal MA, Φ is the seasonal 

AR parameter of order P, Θ is the seasonal MA parameter of order Q. 

We defined the SARIMA model by calling an instance of the class SARIMAX 

from the statsmodels library and also defined the model parameters (from the result of 

the grid search) of order (1, 0, 1) and seasonal_order = (0, 0, 2, 12). The order argument 

defines the AR parameters, differences and MA parameters of the model as 1, 0, and 1 

respectively, while the seasonal_order argument denotes the (P, D, Q, s) order of the 

seasonal component of the model, with the length of the seasonal period as 12, for the 12 

months’ yearly data. 
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 Similarly to the Holt-Winters model, we fitted the model to the training data using the 

fit() function before finally making the predictions using the forecast() function. Detailed 

explanation of the functions and classes can be found in the statsmodels module 

(Perktold, et.al. 2020). 

Figure 2 shows the summary of the flowchart used in the study. 

 

 

 

 

 

Figure 2. Flowchart of the study 

2.4  Models’ skills score 

The skills score for the Holt-Winters and SARIMA models was evaluated using the mean 

absolute error (MAE) and root mean square error (RMSE), which are common metrics 

used in model evaluations. The metrics were implemented using scikit-learn, a python 

module that provides tools for predictive data analysis (Pedregosa, et.al. 2011). Both 

metrics were imported from the sklearn.metrics module. 

MAE is the arithmetic average of the absolute values of the differences between 

the members of each pair. MAE is zero if the forecasts are perfect and increases as 

discrepancies between the forecasts and the observations become larger (Wilks, 2011). 

RMSE represents the individual quadratic differences between the observed and adjusted 

data (Camelo, et. al., 2018). MAE and RMSE are expressed as: 

𝑀𝐴𝐸 =  
1

𝑛
∑ |𝑦𝑘 −  𝑜𝑘|𝑛

𝑘=1   (7) 

𝑅𝑀𝑆𝐸 =  √
1

𝑛
∑ (𝑦𝑘 −  𝑜𝑘)2𝑛

𝑘=1   (8) 
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Where (yk, ok) is the kth of n pairs of forecasts and observations 

3. Results and Discussion 

  NDVI time series trend 

Figures 2 (a) and 2 (b) shows the 1 ✕ 1 NDVI time series for the training, testing and 

predicted values using the Holt-Winters and SARIMA models respectively. The models 

were tested on the sample data from September 2015 to September 2019 and a 6 months’ 

lead prediction was made. The observed NDVI ranged between 0.0 to 0.6, with the lowest 

observed value at 0.0, indicating that the region experienced scarce vegetation during 

that year. The SARIMA model performed poorly compared to the Holt-Winter model as 

it underestimates the predictions as the series consistently increased over time. 

 

Figure 3 (a). 1 ✕ 1 pixels monthly mean NDVI time series. The 6 months’ predictions 

were performed using the Holt-Winters model  
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Figure 3 (b). 1 ✕ 1 pixels monthly mean NDVI time series. The 6 months’ predictions 

were performed using the SARIMA model 

 

 Models evaluation 

For this study, we chose the models which had the best performance from the grid search. 

The models evaluation metrics for the mean pixel-wise NDVI are presented in Table 1 

and Table 2 for the 1 ✕ 1 and 600 ✕ 600 pixels respectively. The performance of the 

Holt-Winters model was best compared to the SARIMA model for both 1 ✕ 1 and 600 

✕ 600 pixels. 

Table 1. Models evaluation for the monthly mean pixel-wise NDVI for 1 ✕ 1 pixels 

Model MAE RMSE 

SARIMA(1, 0, 1)(0, 0, 2)12 0.0997 0.1185 

The Holt-Winters additive 0.0443 0.0037 
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Table 2. Models evaluation for the monthly mean pixel-wise NDVI for 600 ✕ 600 pixels 

Model MAE RMSE 

SARIMA(1, 0, 1)(0, 0, 2)12 0.1112 0.1344 

The Holt-Winters additive 0.0744 0.096 

4. Conclusion 

The aim of this study was to develop the Holt-Winters and SARIMA models for 

predicting NDVI in an arid region in Kenya. We analysed the temporal trends in NDVI 

during the study period and evaluated the performance of the Holt-Winters and SARIMA 

models in NDVI prediction using pixel-wise NDVI data. Results from the 1 ✕ 1 and 600 

✕ 600 pixels showed that the Holt-Winters model is more accurate than the SARIMA 

model based on the MAE and RMSE since it gives more significance to recent 

observations. 

The approach proposed in this study covered a few pixels due to the high 

computational power and cost involved in pixel-wise modelling. Future research 

perspective would be to explore more pixels covering a larger area and compare the 

models performance in different desertification hotspots. 
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