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Abstract. Agricultural drought, which occurs due to a significant reduction in the moisture required for vegetation growth,

is the most complex amongst all drought categories. The onset of agriculture drought is slow and can occur over vast areas

with varying spatial effects, differing in areas with a particular vegetation land cover or specific agro-ecological sub-regions.

These spatial variations imply that monitoring and forecasting agricultural drought require complex models that consider the

spatial variations in a given region of interest. Hierarchical Bayesian Models are suited for modelling such complex systems.5

Using partially pooled data with sub-groups that characterise spatial differences, these models can capture the sub-group

variation while allowing flexibility and information sharing between these sub-groups. This paper’s objective was to improve

the accuracy and precision of agricultural drought forecast in spatially diverse regions with a Hierarchical Bayesian Model.

Results showed that the Hierarchical Bayesian Model was better at capturing the variability for the different agro-ecological

zones and vegetation land covers compared to a regular Bayesian Auto-Regression Distributed Lags model. The forecasted10

vegetation condition and associated drought probabilities were more accurate and precise with the Hierarchical Bayesian

Model at 4 to 10 weeks lead times. Forecasts from the hierarchical model exhibited higher hit rates with a low probability of

false alarms for drought events in semi-arid and arid zones. The Hierarchical Bayesian Model also showed good transferable

forecast skills over counties not included in the training data.

1 Introduction15

Drought is a naturally occurring phenomenon that affects the food security of approximately 55 million people annually and

can severely impact a country’s economy (Vatter, 2019; Deleersnyder, 2018; Nicolai-Shaw et al., 2017). Drought, in most

cases, is associated with below-average precipitation and is referred to as meteorological drought. Prolonged meteorological

drought event mainly leads to a significant reduction in the amount of soil moisture required for vegetation growth, thus

resulting in an agricultural drought (Heim, 2002; Boken et al., 2005). Hence, agricultural drought events are considered a20

physical manifestation of meteorological drought (Boken et al., 2005).
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Agricultural drought, which is the focus of this paper, is known be to very complex (Boken et al., 2005), this is because,

aside from the soil moisture dynamics, the severity of agriculture drought events are further augmented by over exploitation of

vegetation through various human and wild life activities like deforestation and overgrazing (Lal, 2012)

Its onset can be slow and can occur in vast areas with varying spatial impact (Boken et al., 2005). For instance, the impact25

of drought may differ within a given region depending on whether they are dominated by trees, grasslands or croplands. In

croplands especially, variation in drought occurrences may be also attributed to farming practices. Spatial differences in drought

impact can also arise due to the varied agro-ecological sub-regions within an affected area. These differences indicate that Early

Warning Systems (EWS) for agricultural drought will require very complex models.

Drought EWS have been recognised by global initiatives like the United Nations Sustainable Development Goals (SDG) for30

effective drought monitoring and hazard preparedness (IISD, 2018). As such, international agencies like United Nations De-

velopment Programme (UNDP) and the United States Agency for International Development (USAID) 1 mandated to monitor

drought hazards have developed and deployed several EWS. These systems assist drought management officials and people

living in drought-prone communities to prepare for hazardous events (UN, 2018). The Famine Early Warning Systems Net-

work (FEWS NET) 2 is an example of such EWS. The system, developed by the USAID, utilises household data together35

with agro-climatic indicators and vegetation health to monitor drought and its impact (FEWSNET, 2021). However, drought

forecast for anticipatory action via the FEWS NET platform is mainly based on expert judgement (Funk et al., 2019) rather

than the use of advanced statistical methods or machine learning models.

Recent advances in computational power and processing hardware have enabled researchers to develop and deploy machine

learning models (Bishop, 2006) such as Support Vector Machines (Shao and Lunetta, 2012) and various neural network archi-40

tectures (Da Silva et al., 2017). Machine learning models enables the construction of predictive or prescriptive models using

advanced statistical methods to capture hidden patterns in data (Bishop, 2006). In the field of drought research, most of the data

used within machine learning models come from satellite Earth Observation (EO) images. These datasets are available over

long temporal periods, cover vast areas and are easy to access. Therefore, they provide a cost-effective way of developing mod-

els for monitoring and forecasting drought events over vast regions. Examples of such EO datasets include precipitation, soil45

moisture levels, Normalised Difference Vegetation Index (NDVI), Enhanced Vegetation Index (EVI) and Vegetation Condition

Index (VCI) (Kogan, 1995) all derived from remotely sensed EO data. Nay et al. (2018), for instance, used Gradient Boosting

Machine to forecast EVI with lagged spectral bands from the Moderate Resolution Imaging Spectroradiometer (MODIS) EO

data. Tian et al. (2019) worked on forecasting dryland vegetation condition using NDVI via an Eco-hydrological model driven

by surface water extent also derived from MODIS images. Others include Barrett et al. (2020) and Adede et al. (2019) who50

applied Gaussian Processes and Artificial Neural Networks respectively in their research to develop robust models for short to

medium-term forecasts of vegetation conditions. All the models used in the cited works were mainly implemented by aggre-

gating data over similar land cover types and Agro-Ecological Zones (AEZ). The differences in the AEZs or land covers within

the region were not considered.

1https://usaid.gov/
2https://fews.net/
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This paper is part B of a previous study (Salakpi et al., 2021), were we used a Bayesian regression method to model the55

relationship between biophysical drivers and their effect on forecasting vegetation conditions. The approach was based on the

classical ’No-pooling’ method (See figure 1), where we fitted separate regression models to data extracted from their respective

regions. Pixels representing the biophysical indicators and vegetation conditions were sampled for different land cover and

aggregated over the regions of interest. The modelling approach also treated the effects of climate and other biophysical factors

on vegetation conditions independently for each region. The models were very skilful for medium to long term forecasts, but60

forecasts over regions with extensive cloud cover suffered due to the lack of data.

Although known to vary over the different regions, the effects of biophysical indicators on vegetation also show some

similarities across the different regions (Vicente-Serrano, 2007). Data for such analysis can be pooled over all the regions

of interest and analysed via the ’Complete-pooling’ modelling approach to capture these similarities. This approach allows

information sharing between the regions of interest, which is an advantage over the ’No-pooling’ approach (Gelman and Hill,65

2006). However, the ’Complete-pooling’ method is not very useful when the pooled data has sub-groupings, e.g., a pooled

soil moisture data from different regions with varied land cover types. In such a case, a more advanced approach would be

to combine the strengths of both the ’No-pooling’ and ’Complete-pooling’ methods into a model known as a ’Partial-pooled’

model or ’Hierarchical model’ (Gelman and Hill, 2006; Gelman et al., 2013). The hierarchical approach, which we demonstrate

in this paper, enables flexibility between the sub-groups while treating them independently at the same time (Gelman and Hill,70

2006). A Hierarchical Model, when implemented within a Bayesian framework, is referred to as a Hierarchical Bayesian

Model (HBM) (Gelman et al., 2013). HBMs have in recent times been recognised as a powerful approach for modelling and

analysing very complex data. They have been extensively used for research in fields like Astrophysics, Neuroscience and

Genetics (Sánchez and Bernstein, 2019; George and Hawkins, 2005; Storz and Beaumont, 2002). Although not commonly

used in the study of vegetation dynamics and drought monitoring, Senf et al. (2017) used an HBM to study the spatial and75

temporal variation in broad-leaved forests phenology using Landsat data.

3



Figure 1. Figure illustrating the concept of 'No-Pooling', 'Complete-Pooling' and 'Partial-Pooling' of the data.

The HBM is an extension of the regular Bayesian regression where model parameters differ based on the variations within

a given dataset (Gelman et al., 2013; Gelman and Hill, 2006). Thus, this paper sought to test the concept of forecasting

VCI, an EO based agricultural drought indicator, with an HBM and answer the following question.'Can we improve forecast

accuracy and precision by separately learning parameters for the effects of lagged precipitation and soil moisture on vegetation80

conditions in each AEZ or over varied land cover types?.

Another advantage of using the HBM is its transferability (Senf et al., 2017). Transfer learning in this context refers to the

process where models trained on a given dataset can be re-used to make predictions on different but related data that was not

part of the training set (Yang et al., 2017b). The partially pooled data used in HBMs makes it suitable for transfer learning

primarily because the training data are pooled from multiple regions, and the sub-groupings within the data are the same for85

the non-training sample data (Rosenstein et al., 2005).

Our objectives for this proof-of-concept are to:

– improve the forecast accuracy and precision of Bayesian Auto-Regression Distributed Lags (BARDL) model with a

Hierarchical Bayesian Model in regions with diverse AEZs, and land covers.

– test the transfer learning property of hierarchical model that enables pre-trained models to be used on similar data from90

a different location without the need to retrain the model (Yang et al., 2017a).
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2 Study Area and Data

2.0.1 Study Area

To test our concept of forecasting vegetation condition with HBM, we sampled data from some selected counties in Kenya

(Baringo, Kitui, Marsabit, Narok, Tana-River, Turkana), shown in �gure 2 with red boundary lines. The selected counties have95

diverse land use and land covers (LULC), ranging from crops to evergreen forests. These counties also have varied AEZs with

rainfall and temperature patterns ranging from moderate to extreme. During the short and long rainfall seasons, annual mean

precipitation range from 20mm to 200mm. Temperature across these counties also range from as low as10oC to 40oC (Ayugi

et al., 2016). The main economic activity in these counties is agriculture, predominantly agro-pastoral practices (Gebremeskel

et al., 2019; Vatter, 2019). However, extreme climatic variations make this region prone to prolonged drought events, and the100

impact of these dry spells vary over the various land covers within the AEZs.

We selected only six counties because the algorithm used for parameter sampling by the HBM can be very time-consuming

when the input data is more than 10,000 records. The sampling time is also mainly due to the complex nature HBMs.

Figure 2. Maps of Kenya showing Agro-Ecological Zones (AEZ) and Land Cover maps for the counting from which pixels were sampled.

Kenya AEZ boundary maps credit: IGAD Climate Prediction and Application Centre (ICPAC). Land Cover map credit: European Space

Agency (ESA), Climate Change Initiative (CCI)
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