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Abstract  12 
 13 
A rapid and sustained evaporative stress causes soils to lose moisture within days to weeks during 14 
sensitive crop phases. This rapid soil depletion can severely affect agricultural systems and 15 
manifest as events commonly referred to as agricultural flash droughts (AFDs). AFDs are often 16 
detected using literature-based thresholds that assume uniformity across time and space. This 17 
may, however, poorly represent the occurrence and impacts of AFDs in local contexts and limit 18 
usefulness to decision-makers who require context-specific information. This study aims to 19 
overcomes these limitations by introducing an impact-informed calibration of the Standardized 20 
Evaporative Stress Ratio (SESR) by linking SESR thresholds to observed crop losses. 21 
Thresholds are derived temporally across crop management periods and spatially across soil 22 
textures. The proposed calibration approach is tested in Nicaragua’s Dry Corridor of Central 23 
America, where rainfed agriculture predominates. Results suggest that although SESR exhibits 24 
coherent evaporative stress signals during years with drought-induced crop losses, literature-25 
based thresholds showed limited skill in translating these signals into agriculturally relevant flash 26 
drought detection across different crop management periods and soil textures. Threshold 27 
performance varies across crop management periods and soil textures. Reliable thresholds could 28 
not be detected in sandy soils, whereas clay-rich soils exhibited stable and skilful thresholds. In 29 
loamy–silty soils, skilful thresholds were mainly observed during March and the pre-sowing 30 
period, with limited skill thereafter. Validation results also showed that calibrated thresholds, 31 
within the crop periods-soil combinations identified as skilful, successfully detected flash 32 
drought events associated with crop losses more frequently than those reported in the literature. 33 
Together, these findings indicate that monitoring AFD using impact-informed thresholds has an 34 
operational value for drought management and can support better decision-making.  35 
 36 
Keywords: Evaporative stress; Impact-informed thresholds; Crop management periods; Soil 37 
Textures, Dry Corridor; Drought monitoring 38 

1. Introduction 39 
 40 
Drought is one of the major climate-related hazards affecting crop yields, particularly in 41 
dryland regions dominated by rainfed systems (Kibler et al., 2023; Verbist et al., 2018). This 42 
hazard thus undermines progress towards Sustainable Development Goals 1, 6 and 13. 43 
Drought arises when a prolonged lack of precipitation leads to low water availability in the 44 
soil, rivers, and reservoirs (Svoboda et al., 2002; Yuan et al., 2019). When these conditions 45 
are further intensified by high temperatures and evaporative stress that increase rapidly and 46 
persist over days to weeks, flash drought can develop (Basara et al., 2019; Noguera et al., 47 
2022). Under these conditions, soils lose water faster than it is replenished, causing abrupt 48 
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soil moisture decline and severely affecting agricultural systems (Yuan et al., 2019). When 49 
such rapid depletion affects the sensitive crop growth stages in rainfed systems (Verbist et 50 
al., 2018), the resulting conditions are commonly referred to as agricultural flash droughts 51 
(AFDs) (Lovino et al., 2024). These events often evolve over only a few weeks, leaving 52 
limited time for farmers and institutions to adjust planting decisions, resource allocation, or 53 
short-term water management (Yuan et al., 2023). Because of the rapid onset and severe 54 
impacts on rainfed agriculture, AFDs are a critical climate-related risk that needs to be 55 
explicitly considered in early warning systems, risk management, and drought monitoring in 56 
dryland regions.   57 
 58 
A widely used approach for flash drought detection relies on the Standardized Evaporative Stress 59 
Ratio (SESR), derived from the ratio of actual and potential evaporation (Edris et al., 2023; Otkin 60 
et al., 2022). In most applications, flash droughts are detected based on SESR and literature-61 
based fixed percentile thresholds, implicitly assuming that a given percentile represents a 62 
comparable level of stress across regions and seasons. Yet percentiles are purely relative 63 
measures of rarity rather than of absolute stress, so a fixed percentile does not necessarily imply 64 
the same level of plant and soil-water stress everywhere (Hobbins and Huntington, 2016; Otkin 65 
et al., 2022). This assumption fails particularly in drylands with rainfed systems, because high 66 
evaporative demand and chronically low soil moisture make evaporative stress part of the normal 67 
background (Hobbins and Huntington, 2016; Kibler et al., 2023). In such settings, a fixed SESR 68 
percentile threshold does not consistently distinguish anomalous evaporative stress from 69 
background conditions across soil textures, and may not correspond to the same SESR levels at 70 
which agricultural impacts occur (Suliman et al., 2024; Yu et al., 2023). These issues highlight 71 
a broader methodological limitation of current SESR-based flash drought detection frameworks 72 
when applied across diverse climate and soil conditions.  73 

Moreover, thresholds used in the literature are usually defined independently of the crop 74 
calendar, even though short dry spells during sensitive growth stages can cause damage (Verbist 75 
et al., 2018), while a similar stress outside these windows has limited impact (Bucheli et al., 76 
2021; Teleubay et al., 2025). This creates a gap between when SESR anomalies are detected and 77 
when impacts occur in the local context. Others indicator such as the Vegetation Health Index 78 
(VHI) provides more direct evidence of agricultural stress on the ground, but it is reactive, 79 
signalling stress only after it has occurred (Li et al., 2023; Rojas, 2020). In contrast, SESR 80 
responds earlier to anomalies in the surface energy and water balance (Anderson et al., 2016; 81 
Hobbins and Huntington, 2016), offering a timely physically based signal of evaporative stress 82 
that has the potential to support operational use (Buitink et al., 2021; Leasor et al., 2020; Li et 83 
al., 2023; Teleubay et al., 2025) when appropriately calibrated (McEwen et al., 2021; Shyrokaya 84 
et al., 2024). This suggests that SESR could support improved detection and monitoring of 85 
agricultural relevant flash drought conditions if thresholds were calibrated to local agricultural 86 
conditions and impact evidence. However, there is still no widely applied approach to 87 
systematically calibrating SESR thresholds across both crop management periods and soil 88 
textures, particularly in dryland, rainfed systems, which limits the operational relevance of SESR 89 
for agricultural flash drought monitoring and management. 90 

In many dryland regions, these limitations are particularly critical for smallholder rainfed 91 
systems, where flash droughts can quickly translate into crop failure, food insecurity, and income 92 
loss (Solh and van Ginkel, 2014) as has occurred in the Central American Dry Corridor of 93 
Nicaragua, where recurrent drought episodes have been associated with declining crop yields 94 
and heightened vulnerability among smallholder farmers. Strengthening agricultural flash 95 
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drought detection requires context-specific information that is essential for drought monitoring 96 
and management. This study addresses these limitations by calibrating SESR thresholds 97 
temporally across crop management periods and spatially across soil textures, using a benchmark 98 
of agricultural impacts. To do so, this physically based but standardised indicator was linked to 99 
locally observed drought-induced crop losses. The proposed approach aims to enhance the 100 
agricultural relevance of SESR-based flash drought detection for farmers and decision-makers 101 
in dryland, rainfed systems. Three main objectives were addressed: (i) to evaluate the potential 102 
agricultural relevance of the Standardized Evaporative Stress Ratio (SESR) for detecting 103 
anomalous evaporative stress during years with drought-induced crop losses, (ii) to calibrate and 104 
evaluate SESR thresholds across crop management periods and soil textures, and (iii) to validate 105 
literature-based and calibrated thresholds against locally independent agricultural benchmarks. 106 
In a wider context, the impact-based calibration approach which was tested in the Dry Corridor 107 
of Nicaragua offers a basis that could be adapted and tested in other dryland and rainfed regions 108 
and can support the integration of local informed and impact-based agricultural flash drought 109 
monitoring into drought management.   110 

2. Data and methods 111 
2.1 Overview of the study area: climate, agricultural, and edaphic context 112 
 113 
To develop and test the calibration process, this study focuses on the Nicaragua Dry Corridor, 114 
specifically in the northern portion of the Rio San Juan basin. This basin comprises eight 115 
hydrological catchments and includes major rivers such as the Sinecapa and Pacora (INETER et 116 
al., 2014). The basin spans diverse landscapes: The northern part overlaps with protected areas 117 
including Yalí, Miraflor-Moropotente and Tizey-Estanzuela. The middle part includes Lake 118 
Managua, several crater lagoons and additional protected areas, while the southernmost part 119 
comprises the Tisma wetland, a Ramsar site. In total, the basin encompasses 31 municipalities 120 
and approximately 640 settlements. At a broader scale, the study area forms part of the Central 121 
America Dry Corridor, which includes the countries of Guatemala, El Salvador, Honduras, and 122 
Costa Rica, bounded by the Caribbean region to the east and the Pacific Ocean to the west. 123 
 124 
Figure 1a-b shows that rainfed agriculture coverS approximately 40% of the study area 125 
(Teluguntla et al., 2023; Ubeda Trujillo and Rocha, 2020) with subsistence and commercial 126 
farming based on the main staples: beans and maize (van der Zee Arias et al., 2012). The main 127 
cropping cycle extends from May to August (Figure 1d), lasting about four months and including 128 
pre-sowing, sowing, growing (vegetative and flowering stages), and harvesting periods (Figure 129 
1e). This cropping cycle coincides with the rainy season (Figure 1c). The average annual 130 
precipitation is about 800 mm/year, and mean temperatures are above 25○C for the whole year 131 
(van der Zee Arias et al., 2012). A notable climatological feature is the Canícula, a 10–20-day 132 
mid-summer dry spell, commonly occurring from mid-July to August linked to the El Niño-133 
Southern Oscillation (Rojas et al., 2020). The Canícula temporally interrupts the rainy season 134 
and tends to intensify during El Niño years (Verbist et al., 2018). Atmospheric evaporative 135 
demand varies across climatic seasons and regions within the study area. Based on MOD16A2, 136 
during the dry season, in the east-central and south-central parts of the Pacific plains (46-80 137 
m.a.s.l.), potential evaporation (PET) reaches 8.5–9.3 mm day-1 when aggregated over 10-day 138 
periods. In contrast, in the north-eastern and western parts of the mountainous areas (682–1004 139 
m.a.s.l.), PET ranges from 7.5–8.3 mm day-1 (Salinas Marcenaro et al., 2023), reflecting elevated 140 
atmospheric evaporative demand before the onset of rains. PET decreases in both regions during 141 
the rainy season, with values of 4.5–6.0 mm day-1 in the Pacific plains and 3.5–4.5 mm day-1 in 142 
the mountainous ranges (Salinas Marcenaro et al., 2023). Overall, the Pacific shows the highest 143 
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evaporative demand through the year, while the northern mountain region exhibits the lowest 144 
PET, following a common annual pattern governed by the transition from the rainy to the dry 145 
season. The study area is characterised by six soil textures (DGOT, 2024): (1) coarser sandy, (2) 146 
moderately coarse sandy, (3) loamy and silty, (4) moderately fine clay-loam, (5) fine clayey, and 147 
(6) very fine expansive clayey soils (see Figure S1). 148 

 149 
Figure 1. Overview of the northern part of the Rio San Juan basin. (a) croplands, (b) cropland in 150 
percentage, (c) climate seasons, (d) cropping cycles, and (e) crop management periods of the 151 
main cycle.  152 
2.2 Data and preprocessing 153 
 154 
Three main sources of data were used in this study: (1) MODIS MYD16A3GF (Steve et al., 155 
2021), (2) Vegetation Health Index (FAO, 2014), and (3) qualitative information such as 156 
newspapers and reports. Qualitative information was compiled from the two oldest national 157 
newspapers in Nicaragua and from reports produced by GIEWS (Global Information and Early 158 
Warning System on Food and Agriculture; https://www.fao.org/giews/reports/giews-159 
updates/en/), FEWS NET (Famine Early Warning Systems Network; https://fews.net/), and EM-160 
DAT (The International Disaster Database; https://www.emdat.be/).  161 
 162 
The MODIS dataset provides 8-day composites at 500 m spatial resolution from 2001 to 2024. 163 
From this dataset, actual evaporation (ET) and potential evaporation (PET) inputs were used to 164 
derive the Standardized Evaporative Stress Ratio (SESR) and the standardized changes in SESR 165 
following the approach of Christian et al. (2019). Preprocessing included (i) computing the 166 
Evaporative Stress Ratio as ET/PET; (ii) calculating long-term mean and standard deviation at 167 
each time step and grid point; and (iii) standardizing ESR into Standardized Evaporative Stress 168 
Ratio (SESR) using a z-score transformation:  169 
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                                                        𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖 =  (𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖 − 𝐸𝐸𝐸𝐸𝐸𝐸������𝑖𝑖𝑖𝑖𝑖𝑖) /𝜎𝜎𝜎𝜎𝜎𝜎𝜎𝜎𝑖𝑖𝑖𝑖𝑖𝑖                               (1) 170 

Where 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖 is the z-score of ESR at specific grid point (𝑖𝑖𝑖𝑖) and time step 𝑝𝑝. 𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖 is the 171 
evaporative stress ratio; and 𝜎𝜎𝜎𝜎𝜎𝜎𝜎𝜎𝑖𝑖𝑖𝑖𝑖𝑖 is the corresponding standard deviation across all years. 172 
(iv) computing temporal changes in SESR (ΔSESR-z):  173 
 174 
                                          (∆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖)𝑧𝑧 =  (∆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖 − ∆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆���������𝑖𝑖𝑖𝑖𝑖𝑖) /𝜎𝜎∆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖                       (2) 175 

Where ∆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖 is the change of SESR at specific grid point (𝑖𝑖𝑖𝑖) and time step 𝑝𝑝. ∆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆���������𝑖𝑖𝑖𝑖𝑖𝑖 and 176 
𝜎𝜎∆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖 are long-term mean and standardized deviation, respectively.  177 
 178 
The Vegetation Health Index (VHI) dataset has a 1 km spatial resolution and is available from 179 
1984 to 2024. Seven preprocessing steps are applied to ensure quality and temporal/spatial 180 
compatibility with SESR. This includes: (i) a range filtering that removes values outside the valid 181 
domain 0-1 (Kogan, 1995), (ii) an empirical saturation adjustment that smooths persistent 182 
maximum values (VHI =1) to reduce saturation artifacts (Gu et al., 2013), (iii) a conversion of 183 
decadal labels to ISO 8601 dates to ensure standardized time representation for further 184 
alignment; (iv) a resampling to 8-day intervals that aligns VHI to the temporal resolution of 185 
MODIS-based SESR products, (v) a linear temporal interpolation to 8-day resolution to fill 186 
temporal gaps and enable regular time-series analysis (Soltani et al., 2004), (vi) a spatial filling 187 
of voids through nearest-neighbour interpolation within valid data areas (Teoh et al., 2008), and 188 
(vii) a comparison of the original data with the final 8-day resampled version at various spatial 189 
points to evaluate the reliability of the harmonization process from the temporally interpolated 190 
dataset.  191 
2.3 Spatial and temporal calibration approach  192 
The spatial and temporal calibration of SESR approach proposed here is summarized in six parts. 193 
The spatial and temporal sampling design is presented in Sect. 2.3.1. The baseline benchmarks 194 
of drought-induced crop losses are described in Sect. 2.3.2. The detection of agricultural flash 195 
droughts is detailed in Section 2.3.3. In Sect. 2.3.4, a diagnostic assessment of the Standardized 196 
Evaporative Stress Ratio (SESR) is conducted prior to calibration. The calibration of SESR 197 
thresholds, including performance metrics and uncertainty analysis, is introduced in Sect. 2.3.5. 198 
Finally, the validation strategy for literature-based and calibrated SESR thresholds is presented 199 
in Sect 2.3.6.  200 

2.3.1 Spatial and temporal sampling design  201 
The period of analysis was from February to August from 2000-2024. February to April is 202 
considered an early warning opportunity period, since early evaporative stress signals during 203 
these months may condition soil moisture availability before the sowing period. April is a critical 204 
pre-sowing month, as high evaporative stress during this month can reduce germination success 205 
ahead of sowing. Farmers typically prepare the land and make sowing decisions (Verbist et al., 206 
2018). Sowing typically occurs in May, with the main growing stages of maize and beans in 207 
June-July, while August is the end of the main cropping cycle. To represent the spatial dimension 208 
sample locations are distributed across six soil texture classes in rainfed areas (see Figure S1), 209 
allocated proportionally to ensure a representative sample in each soil texture class, resulting in 210 
a sampling interval of about 3 km and 388 time series of 8-day SESR values.  211 
 212 
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2.3.2 Impact benchmarks of drought-induced crop losses  213 
Two agricultural-impact benchmarks related to drought-induced crop losses were created: one 214 
based on Vegetation Health Index (VHI) and a second derived from newspapers and reports 215 
(Figure 2). The VHI-based benchmark was used to identify impact-relevant years for calibration, 216 
whereas both benchmarks were used to validate literature-based and calibrated SESR thresholds. 217 
The benchmarks were obtained as follows:  218 

(i) Years with drought-induced crop losses were obtained from the Vegetation Health 219 
Index (FAO, 2014). Crop losses were detected when VHI values at the end (in 220 
August) of the first cropping cycle fell below 0.35 (Fuganti et al., 2020). This 221 
criterion was applied independently at each sample location, each represented by 222 
independent time series. The resulting time series were then grouped by soil texture 223 
classes. Note that Figure 2 indicates the  occurrence of crop loss impacts at one 224 
sample location and does not necessarily imply region-wide impacts.  225 

(ii) Years with drought-induced crop loss reports were obtained from the two main 226 
national newspapers, as well as from the GIEWS, FEWS NET, and EM-DAT 227 
databases. Digital archives were systematically searched using drought- and impact-228 
related keywords in Spanish and English, including ‶drought″, ‶sequía″, ‶lack of 229 
rain″, ‶falta de lluvia″, ‶lluvias tardan en llegar″, ‶crop loss (es)″, ‶pérdida de 230 
cosecha″, ‶yield reduction″, and combinations of these terms. For each candidate 231 
newspaper article or report, the information was organized into three levels of detail, 232 
each presented separately. The first level includes the date and a short description of 233 
the reported impacts for each source. The second level provides the dates, the type of 234 
impacts reported (e.g. economic, agricultural, population affected), and the sources. 235 
The third level summarizes the year, the crop impacts, and the sources reporting those 236 
impacts. Documented drought-induced crop loss events were retained only when 237 
reported by at least three independent sources. With respect to timing, newspapers 238 
usually report drought-related impacts from July onwards in the same year as the 239 
drought event occurs, which is the middle of the main cropping cycle under study. 240 
However, some international reports are reported in the year after the drought event. 241 
To harmonise the timing of reported impacts, each reported event was constrained to 242 
a one-month window centred on September. Crop losses reported between January 243 
and April were interpreted as impacts of drought events that occurred in the previous 244 
year. From a spatial perspective, crop loss impacts were inconsistently documented 245 
and spatially heterogeneous across municipalities and, consequently, across soil 246 
texture classes within the study area. Therefore, the drought-induced crop loss was 247 
interpreted as representative of broader regional conditions rather than as spatially 248 
explicit observations at the soil texture scale.  249 
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 250 
Figure 2 Years with crop losses derived from the Vegetation Health Index and reports at one 251 
representative sample location within the study area characterise by moderately fine clay-loam 252 
soil. The heatmap represents the median of the Standardized Evaporative Stress Ratio (SESR) 253 
across the sampled locations and aggregated at each 8-day interval.  254 

 255 
2.3.3 Detection of agricultural flash droughts  256 
In the Standardized Evaporative Stress Ratio (SESR) framework described by Christian et al., 257 
(2019), a flash drought event is identified using percentile thresholds applied to SESR and the 258 
rate of change of SESR (ΔSESR), together with a minimum duration requirement. Drought is 259 
classified when SESR falls below the 20th percentile of the distribution of SESR values, and the 260 
event becomes a flash drought when rapid and sustained intensification of evaporative stress 261 
persists for about 30 days. The rapid intensification is detected when ΔSESR crosses the 40th 262 
percentile of the distribution of ΔSESR values and when the average ΔSESR during the entire 263 
event remains below the 25th percentile. These thresholds have been equally applied in other 264 
studies (cf. Gou et al., 2022; Nguyen and Choi, 2024). This study refines this framework by 265 
replacing the fixed 20th percentile threshold with a calibrated threshold specific to crop 266 
management periods and soil texture.  267 
 268 
When drought conditions are sustained, they signal an increase in evaporative stress, which in 269 
turn raises the likelihood of soil moisture decline and associated agricultural impacts. Based on 270 
this rationale, agricultural flash droughts (AFDs) in this study were detected when SESR dropped 271 
below a defined threshold (𝜃𝜃𝑡𝑡,𝑠𝑠

∗ ), accompanied by an intense and sustained evaporative stress 272 
confirmed using the 40th and 25th percentile thresholds of the ΔSESR (Christian et al., 2019). 273 
Accordingly, an AFD was defined as: 274 
 275 
𝐴𝐴𝐴𝐴𝐴𝐴𝑡𝑡,𝑘𝑘= �

1,   𝑖𝑖𝑖𝑖 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡,𝑠𝑠 ≤ 𝛩𝛩𝑡𝑡,𝑘𝑘  ∧ 𝛥𝛥𝛥𝛥𝐸𝐸𝐸𝐸𝐸𝐸𝑡𝑡,𝑘𝑘 ≤ 𝑃𝑃40 (1 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎)  ∧ ΔS𝐸𝐸𝐸𝐸𝐸𝐸�����������
𝐴𝐴𝐴𝐴𝐴𝐴,𝑝𝑝 ≤  𝑃𝑃25                            (3)                                                                                                                       

0, 𝑂𝑂𝑂𝑂ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒                                                                                                                                                                                                                                                       
                                                                                                                                                         276 

Where 𝐴𝐴𝐴𝐴𝐴𝐴𝑡𝑡,𝑘𝑘 denotes the presence (1) or absence (0) of an agricultural flash drought. 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡,𝑘𝑘 277 
is the Standardized Evaporative Stress Ratio across crop management period 𝑡𝑡 and sample 𝑘𝑘 278 
falling in soil texture. 𝛩𝛩𝑡𝑡,𝑘𝑘 is the SESR threshold to be calibrated. Δ𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑡𝑡,𝑘𝑘  is the change of 279 
SESR between consecutive time intervals. 𝑃𝑃40  is the 40th percentile of ΔSESR values. 𝑃𝑃25 is the 280 

https://doi.org/10.5194/egusphere-2026-1010
Preprint. Discussion started: 10 March 2026
c© Author(s) 2026. CC BY 4.0 License.



8 
 

25th percentile threshold of ΔSESR. ΔS𝐸𝐸𝐸𝐸𝐸𝐸���������
𝐴𝐴𝐴𝐴𝐴𝐴,𝑝𝑝 is the mean ΔSESR over the full agricultural 281 

flash drought period. ∧ denotes the logical ‶and ″ condition.  282 
 283 
Figure 3 illustrates an agricultural flash drought (AFD) event in 2014 in fine clay-loam soil at 284 
one of the sample points. Panel (a) shows the SESR trajectory (black line) together with the 285 
calibrated threshold (red dashed line). From mid-May to early July, SESR dropped below the 286 
calibrated thresholds for 49 consecutive days. Panel (b) provides the ΔSESR during the event. 287 
Rapid intensification is confirmed when consecutive ΔSESR values remained below the 40th 288 
percentile, with only one exception allowed, which is marked here with an orange circle. The 289 
mean (µ) of the ΔSESR across the event also remained below the 25th percentile, reinforcing its 290 
classification as an AFD. In the figure, the actual µ(ΔSESR) and the 40th and 25th percentiles of 291 
the time series are shown to better illustrate the example. Detection therefore requires both 292 
sustained low SESR and rapid intensification, with the calibrated SESR threshold governing the 293 
event onset in this example. 294 
 295 

 296 
Figure 3 Time-series schematic showing how calibrated SESR thresholds and rapid 297 
intensification of SESR are used to detect agricultural flash drought in 2014. (a) SESR evolution 298 
relative to the literature-based threshold (P20) and the calibrated threshold (𝛩𝛩𝑡𝑡,𝑘𝑘). The shaded 299 
period indicates the detected agricultural flash drought, which begins when SESR first falls 300 
below the calibrated threshold (On May 17) and persists until recovery due to the criteria for 301 
ΔSESR being above the representative threshold. (b) Corresponding changes of SESR (ΔSESR) 302 
during the same period, used to confirm rapid intensification.  303 

2.3.4 Diagnostic assessment of the agricultural relevance of SESR prior to calibration 304 
Three diagnostic assessments were conducted to assess whether SESR functions as a potential 305 
agricultural indicator of evaporative stress linked to drought-induced crop losses. The first 306 
assessment examines the consistency between SESR and Vegetation Health Index (VHI) using 307 
aggregated data from all soil textures across the sample locations. To achieve this, a linear 308 
regression and Pearson correlation analyses were performed between SESR and VHI using two 309 
representative years: one with confirmed crop losses caused by drought and one with no reported 310 
losses.  311 
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The second assessment analyses the distribution of evaporative stress across crop management 312 
periods and soil texture classes. Its aim is to determine whether evaporative stress (SESR) differs 313 
between years with drought-induced crop losses and non-drought years when no losses occurred, 314 
with the VHI benchmark used to identify years with drought-induced crop losses. For each 315 
sample location the SESR time series were extracted in their original 8-day resolution for the 316 
period from February to July. Two datasets of SESR values were then created, one for years with 317 
and one for years without drought-induced crop losses. The distribution of the SESR values were 318 
visualised using boxplots by crop management periods and soil texture classes. As most SESR 319 
distributions deviated from normality (tested using Shapiro–Wilk normality test) (Ghasemi and 320 
Zahediasl, 2012), non-parametric tests, including Mann–Whitney U and Kolmogorov–Smirnov 321 
tests (Sawilowsky, 2005) were applied. Significant differences (p < 0.05) indicated that the SESR 322 
distributions differed between drought-induced crop loss and non-drought years.  323 
 324 
2.3.5 Calibration of SESR thresholds, performance metrics, and uncertainty-based selection 325 
 326 
The calibration aimed to identify SESR threshold values that best separate years with and without 327 
drought-induced crop losses by maximising the Fꞵ score, thereby determining the evaporative 328 
stress associated with the occurrence of agricultural impacts. SESR threshold calibration was 329 
performed from 2000 to 2013 using SESR datasets constructed in Section 2.3.4, stratified by 330 
crop management periods and soil texture classes. Within each stratum, SESR observations were 331 
classified into two classes, positive and negative, corresponding to years with and without 332 
drought-induced crop losses. As the number of SESR time series (sample locations) were 333 
imbalanced between classes, inverse-frequency weighting was applied (Cao et al., 2019). 334 
Subsequently, these classes were used jointly during thresholds optimisation to evaluate 335 
candidate SESR thresholds. A set of candidate thresholds was defined as SESR values ranging 336 
between the second and ninety-fifth percentiles of the SESR distributions. For each candidate 337 
threshold, SESR values were converted into a binary classification distinguishing drought-338 
impact conditions from non-impact conditions. These candidate thresholds were evaluated using 339 
an empirical-utility maximisation approach (Nan et al., 2012), in which thresholds were selected 340 
by maximising the Fꞵ score (ꞵ = 0.3) for each crop management period and soil texture. For each 341 
candidate threshold, precision and recall were first computed and then the corresponding Fꞵ score 342 
was derived. Precision represents the proportion of true positive results among all events 343 
classified as positive, whereas recall represents the proportion of true positive detections among 344 
all actual positive events in the data. The parameter ꞵ controls the relative weighting of precision 345 
and recall through the ꞵ2 terms, with lower values (≤ 0.5) of ꞵ placing greater emphasis on 346 
precision and higher values (≥ 0.5) increasing the contribution of recall to the Fꞵ score. The Fꞵ 347 
metric is expressed as:  348 
                                                    Fꞵ =   (1 + ꞵ2) 𝑃𝑃.  𝑅𝑅

ꞵ2 𝑃𝑃+ 𝑅𝑅
                                                                    (4) 349 

where P is precision, R is recall, and the Fꞵ score represents an adjusted balance that weights P 350 
and R depending on the value of ꞵ. ꞵ is set to 0.3 to represent the preference of stakeholders for 351 
missed events over false alarms (Guimarães Nobre et al., 2023). During calibration, the tested 352 
candidate thresholds were explored using a 0.01 step size for fine exploration. A time step was 353 
classified as drought when the SESR value fell below the candidate threshold. To assess 354 
threshold robustness, the stability of the calibrated thresholds was evaluated by quantifying 355 
sampling uncertainty using cluster-level bootstrapping (Padiyedath Gopalan et al., 2019) with 356 
1000 replicates (Efron and Tibshirani, 1986). The bootstrap was applied at the year–location 357 
level, resampling complete SESR time series (February-July) with replacement. Each bootstrap 358 
replicate produced an optimal threshold, and the resulting empirical distribution of calibrated 359 
thresholds was summarised using the median, standard deviation, and 95% confidence interval 360 
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(CI95%) to characterise variability and uncertainty. In addition to uncertainty assessment, the 361 
calibrated thresholds were also assessed using the false alarm rate (FAR) and Receiver Operating 362 
Characteristics Curve (ROC) and its Area Under Curve (AUC). Lower FAR values (≤ 0.2) 363 
indicate fewer false drought detections, whereas higher FAR values (≥ 0.5) indicate a higher 364 
frequency of false alarms. AUC values greater than 0.5 indicate that the thresholds provide 365 
discriminatory ability between years with and without drought-induced crop losses (Marzban, 366 
2004). These performance and uncertainty metrics, together with the precision metric, were used 367 
to select the final set of calibrated thresholds, retaining only those values of thresholds as skilful 368 
that simultaneously satisfy the following criteria: precision ≥ 0.70, FAR ≤ 0.30, ROC-AUC ≥ 369 
0.60, and CI95% ≤ 0.40. These criteria were chosen to approximate likely stakeholder 370 
preferences for reliable drought detection with limited false alarms, while maintaining acceptable 371 
discriminatory skill and stable thresholds estimates.  372 
 373 
2.3.6 Validation strategy of literature-based and calibrated SESR thresholds 374 
Using two validation metrics, the validation step assessed the ability of both literature-based and 375 
calibrated SESR thresholds to identify flash drought events for each crop management period 376 
and soil texture that coincide with years associated with drought-induced crop losses. The 377 
validation was performed only for the skilful thresholds identified during calibration, as 378 
described above. SESR thresholds validation was conducted from 2014 to 2024 using two 379 
distinct agricultural benchmarks: (1) drought-induced crop loss signals derived from the VHI 380 
and (2) documented historical drought-induced crop losses reported. The first validation metric 381 
(V1) was defined as:  382 

            𝑉𝑉1 = �1,   𝐹𝐹𝐹𝐹𝑡𝑡  =  1 𝑎𝑎𝑎𝑎𝑎𝑎 𝑐𝑐𝑐𝑐𝑡𝑡 =  1                                                           
0, 𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒                                                                                           (5) 383 

Where V1 represents the validation criterion,  𝐹𝐹𝐹𝐹𝑡𝑡 denotes a flash drought event identified at time 384 
𝑡𝑡, and 𝑐𝑐𝑐𝑐𝑡𝑡 represents the crop loss condition at the end of the first cropping cycle (here, August). 385 
A second validation metric (V2) was defined to assess whether flash drought events coincide with 386 
reported drought-induced crop losses: 387 

𝑉𝑉2 = �1, if 𝐹𝐹𝐹𝐹𝑡𝑡  = 1 𝑎𝑎𝑎𝑎𝑎𝑎 𝑑𝑑𝑑𝑑𝑑𝑑𝑡𝑡 = 1                          
0, 𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒                                                                                     (6) 388 

                       389 
Where V2 represents validation criterion, and 𝑑𝑑𝑑𝑑𝑑𝑑𝑡𝑡 denotes documented drought-induced crop 390 
impacts for September, as defined in developing the impact benchmark. 391 

3. Results 392 
3.1 Agricultural relevance of the Standardized Evaporative Stress Ratio (SESR)  393 
Figure 4 presents the regression equations and correlation coefficient that describe the 394 
relationship between SESR and VHI in both conditions for a year (2014) with and without (2013) 395 
drought-induced crop losses. Although the relationship between SESR and VHI is positive in 396 
both years, a smaller slope (b=1.49) and correlation (r=0.29) in 2013 indicate a weak 397 
relationship, while in 2014 the clearer slope (b =3.94) and correlation (r=0.63) suggest a stronger 398 
vegetation response to evaporative stress during drought years with confirmed crop losses. The 399 
distribution of SESR values at the lower VHI values indicates poor vegetation health and aligns 400 
with more negative SESR values, reflecting stronger evaporative stress. Although correlation 401 
does not imply causation, the fact that these differences emerge even in a naturally dry 402 
environment like the Dry Corridor indicates that SESR provides a meaningful signal that is 403 
coherent with vegetation stress during drought years with confirmed crop losses.  404 
  405 
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Boxplots of SESR distributions (Figure 5), together with the statistical difference tests (see 406 
Figure S2), illustrate how evaporative stress varies across crop management periods and soil 407 
textures between years with and without drought-induced crop losses. During February and 408 
March, SESR distributions exhibit strong overlap in both medians and interquartile ranges 409 
(IQRs), indicating limited separation between conditions. From April onwards, separation begins 410 
to emerge, with the clearest differences occurring in May−July, when years with drought-411 
induced crop losses consistently show lower SESR medians across all soil textures. This 412 
separation is weakest in coarse sandy soils, where IQRs remain large and strongly overlapping. 413 
In contrast, it is strongest in finer-textured soils (moderately fine clay loam, fine clayey, and very 414 
expansive clayey), where a persistent downward shift in the median occurs without a 415 
corresponding increase in distributional spread. During June−July, separation further increases 416 
due to more frequent and more negative SESR values, particularly in fine-texture soils, 417 
indicating that the late period differences arise from both shifts in typical conditions (lower 418 
medians) and enhanced lower tail behaviour.  419 
 420 
The relatively low discrimination of SESR in sandy soils between drought-induced crop loss 421 
years may be explained by their high permeability and low water-holding capacity (Jabro et al., 422 
2009; Wankmüller et al., 2024), which cause rapid responses to evaporative demand even in 423 
years without crop losses. Consistent with this behaviour, statistical tests show no significant 424 
differences in SESR between years for sandy soils (Figure S2). In contrast, the stronger 425 
discrimination observed in clay-rich soils is likely linked to their higher water retention capacity 426 
(Or and Lehmann, 2019; Sun et al., 2019), which allows evaporative stress signals to persist 427 
longer and enhances the contrast in SESR between drought-induced crop loss and no-drought 428 
years. This separation is supported by statistically differences (p < 0.05) in both tests (Figure 429 
S2). Moreover, the upper and lower tails of the SESR distribution in these soils exhibit 430 
comparable lengths, indicating that the area experiences a balanced range of extreme transitions 431 
rather than being dominated exclusively by drying or wetting anomalies. This balance enables 432 
SESR to capture both the intensification and easing of evaporative stress, thereby supporting a 433 
more reliable identification of stress related thresholds. 434 
 435 
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 436 
Figure 4. Scatterplots of the relationship between SESR and VHI from February to July in (a) 437 
2013 (year without drought) and (b) 2014 (drought year with confirmed crop losses), with data 438 
aggregating across all soil textures at the sample locations. Each panel includes the fitted linear 439 
regression line, the regression equation (y), and the Pearson correlation coefficient (r). 440 

 441 

Figure 5 Panel (a)−(f) Standardized Evaporative Stress Ratio (SESR) aggregated across crop 442 
management periods and soil texture classes at the sample locations for years with and without 443 
drought-induced crop losses.  444 

3.2 Performance of calibrated SESR thresholds across crop management period and soil 445 
textures 446 

Figure 6 shows how the median performance metrics of precision, recall, FAR (False Alarm 447 
Rate) and Fꞵ vary as the value of the thresholds 𝛩𝛩𝑡𝑡,𝑘𝑘 (Eq. 3). This allows identification of the 448 
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thresholds for each crop management period and soil texture that achieves the best combination 449 
as expresed by Fꞵ. In each panel, the calibrated threshold (𝛩𝛩𝑡𝑡,𝑘𝑘) is indicated by a soild vertical 450 
line, with the value indicated in the title. The literature-based threshold is shown as a dotted 451 
vertical line reference. While Figure 6 illustrates the overall median behaviour of the metrics 452 
across the thresholds range, the numerical values discussed below refer specifically to the values 453 
of the performance metrics at the calibarted thresholds. Figure 7 summarizes where SESR 454 
thresholds exhibit skill across periods and soils.  455 

In all soil textures, higher values of the SESR thresholds increases recall and FAR and decreases 456 
precision. The metric combinations at the Fꞵ maximum differ across soil textures and crop 457 
management periods. During the pre-sowing period (April), loamy and silty soils exhibit 458 
calibrated thresholds with balanced precision (≈0.83) and recall (≈0.68), while coarser sandy 459 
soils show lower recall (≈0.43−0.66) and higher FAR (>0.20). During the sowing period (May), 460 
most soils are characterised by calibrated thresholds with reduced recall (<0.45) and FAR 461 
typically bellow 0.12, including moderately coarse sandy, loamy–silty, and clay–loam soils. In 462 
contrast, during the growing period (June–July), calibrated thresholds in nearly all soil textures 463 
have high precision (>0.84) and low FAR (<0.12), while recall varies across soils, ranging from 464 
approximately 0.32 in coarser sandy soils to above 0.68 in fine and very fine clayey soils. Lower 465 
discriminaton skills is mainly observed during the pre-sowing (April), and sowing (May) periods 466 
for severals soil textures, including coarse sandy, moderately coarse sandy, and loamy–silty soils 467 
(AUC ≤ 0.70, Figure 7). In contrast, higher discrimination skill is consistently observed during 468 
the growing period (June–July) across most soils textures, with AUC values commonly 469 
exceedeing 0.80 and reaching above 0.90 in fine and very clayey soils for individual sample 470 
points.  471 
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 472 
Figure 6 Median performance metrics of SESR thresholds across crop management periods and 473 
sample points for each soil texture, including precision, recall, Fꞵ, and False Alarm Rate (FAR) 474 
evaluated over the full thresholds range. Solid vertical line denotes the optimal calibrated 475 
thresholds (𝛩𝛩𝑡𝑡,𝑘𝑘), while the dotted vertical line shows reference thresholds from literature. Note 476 
that the z-score of the literature thresholds is derived from the empirical distribution of SESR.     477 
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 478 
Figure 7 Median Receiver-Operating Characteristics Curve (ROC) values across crop 479 
management periods and sample points for each soil textures.  480 

3.3 Stability and uncertainty of SESR thresholds  481 
 482 
Figure 8 show the uncertainty in the optimal SESR-based thresholds across crop management 483 
periods and soil textures, expressed by the CI95 metric. Cells with a solid black outline indicate 484 
soil-month combinations for which the thresholds simultaneously satisfy the predefined criteria: 485 
precision ≥ 0.70, FAR ≤ 0.30, ROC-AUC ≥ 0.60, and CI95% ≤ 0.40. Only these thresholds were 486 
retained for validation.   487 

Threshold uncertainty varies across both crop management periods and soil textures. Sandy soils 488 
(coarse sandy and moderately coarse sandy) exhibit the highest CI95 range during the selected 489 
period. In contrast, intermediate and fine-textured soils show lower CI95 range. Skilful 490 
thresholds are identified for loamy and silty soils during March and April (pre-sowing period), 491 
for moderately fine clay-loam soils during April and June–July (growing period), and for very 492 
expansive clayey soils from March through July (growing period). Fine clayey soils show 493 
intermediate uncertainty, with CI95 ranges exceeding the selection threshold in most months. 494 
Figure S3 illustrates the full distribution of the calibrated SESR thresholds.  495 
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 496 

Figure 8 Uncertainty level of optimal thresholds by crop management periods and soil textures. 497 
The black cell shows the optimal thresholds that simultaneously satisfied the following criteria: 498 
precision ≥ 0.70, FAR ≤ 0.30, ROC-AUC ≥ 0.60, and CI95% ≤ 0.40. 499 

3.4 Validation of literature-based and calibrated SESR thresholds   500 
 501 
Figure 9 illustrates years in which flash droughts are detected using calibrated thresholds and 502 
literature-based thresholds for the validation period (2014-2024), and how these align against 503 
years with crop losses. This shows that flash drought events that are detected using calibrated 504 
thresholds appear in more years and across more soil textures than those detected using literature-505 
based thresholds. In moderately fine clay-loam, fine clayey, and very fine expansive clayey soils, 506 
calibrated thresholds detections are present in several years in which crop losses are also shown. 507 
In contrast, detections based on literature thresholds are absent or limited to fewer years for these 508 
same soils. In loamy and silty soils, both calibrated and literature-based flash drought detections 509 
occur less frequently, and several years with crop losses do not show a corresponding flash 510 
drought detection. Across all soil textures, there are also years in which flash drought detection 511 
occur without accompanying crop losses, and years in which crop losses occur without flash 512 
drought detections. Supplementary Figures S4 and S5 summarise the hit rates between flash 513 
droughts detected using literature (column left) and calibrated-based thresholds versus crop 514 
losses detected via VHI and reports. For all soil textures, hit rates are zero or low during the pre-515 
sowing and sowing periods. During the growing period (June–July), calibrated thresholds yield 516 
consistently higher hit rates than literature-based thresholds across all soil textures, with the 517 
highest values observed in moderately fine clay-loam and fine clayey soils. In contrast, hit rates 518 
associated with literature-based thresholds remain low across all periods and soil textures. 519 
 520 
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 521 
Figure 9 Temporal alignment of flash droughts events and crop losses identified via VHI and 522 
newspapers/reports. The 8-day SESR time series for each soil texture is shown as the background 523 
over the evaluation period. Flash drought events detected using calibrated and literature-based 524 
thresholds, together with reported crop losses, are overlaid.  525 

4. Discussion  526 
4.1 Relevance of SESR in detecting agricultural flash droughts 527 
 528 
Results show that the Standardized Evaporative Stress Ratio (SESR) captures a coherent signal 529 
of higher evaporative stress during years in which crop losses are observed, as indicated by 530 
contrasts in the SESR-VHI relationship between non-drought and drought years (Figure 4). This 531 
indicates that SESR is coherent with vegetation stress during years with confirmed crop losses, 532 
and consistent with the mechanism whereby vegetation becomes increasingly sensitive to 533 
evaporative stress once soil moisture constraints emerge, while under non-limiting conditions 534 
changes in evaporative demand do not translate into physiological stress (Anderson et al., 2016; 535 
Hobbins and Huntington, 2016; Kozlowski, 1968). However, translating this signal into an 536 
indicator of agricultural flash drought depends on how the onset threshold is defined within the 537 
detection approach (Section 2.3.3). Analysis of the distribution of SESR values (Figure 5) shows 538 
that more extreme SESR values occur during years with drought-induced crop losses. Although 539 
literature-based and calibrated thresholds are derived separately for each crop management 540 
period and soil texture, they approach similar values in a limited number of cases (Figure 6), this 541 
behaviour is not consistent across soil textures and crop management periods. This inconsistency 542 
arises because literature-based thresholds are defined solely by the statistical properties of the 543 
SESR distribution (Christian et al., 2019), whereas calibrated thresholds are constrained by the 544 
occurrence of observed crop losses (see sections 2.3.2, 2.3.3, 2.3.5), leading to different SESR 545 
values being identified as agriculturally relevant even within the same soils texture and 546 
management period. In the dry corridor of Central America, drought-induced crop losses occur 547 
at SESR levels that depend on this approach rather than on percentile exceedance alone (see 548 
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Figures S4, S5). Consequently, calibrating using agricultural impact information improves the 549 
consistency in which SESR identifies agriculturally relevant flash droughts, compared to the use 550 
of fixed percentile threshold alone (Section 2.3.5).  551 

This limitation in how flash drought onset is defined also has direct operational consequences 552 
for the alignment between detected events and observed crop losses. The default threshold 553 
ignores agricultural context and cannot be directly linked to the occurrence of crop losses. When 554 
detection occurs outside pre-sowing, sowing and growing periods, its operational value is limited 555 
(Bucheli et al., 2021), meaning that the occurrence of flash drought may then not correspond to 556 
crop losses (Teleubay et al., 2025), consistent with the low hit rates in Figures S4-S5. These 557 
limitations are reflected in the less consistent temporal alignment between literature-based 558 
detections and documented crop losses years, compared to the calibrated thresholds (Figure 9). 559 
Together, the results demonstrate that SESR provides signals of evaporative stress relevant for 560 
agricultural flash drought detection, but that in this dryland system such relevance requires 561 
context-specific, impact informed calibration rather than fixed percentile thresholds (Halwatura 562 
et al., 2017). These finding are also with a core principle of impact-based forecasting, namely 563 
that hazard signals must be translated into locally relevant impact thresholds to support 564 
meaningful early warning and decision-making (McEwen et al., 2021; Shyrokaya et al., 2024). 565 

4.2 Behaviour of calibrated SESR thresholds across soil textures and crop management 566 
periods to detect agricultural flash droughts  567 

 568 
The response of calibrated SESR thresholds across soil textures and crop management periods 569 
shows that flash drought detection depends on both the temporal evolution of evaporative stress 570 
and the capacity of each soil texture to store and release moisture during crop management 571 
periods. In the Dry Corridor in Nicaragua, high atmospheric demand marked by the transition 572 
between the dry season and the rainy season produces rapid fluctuations in soil moisture (Son et 573 
al., 2018). Because local maize and bean systems rely almost entirely on precipitation (van der 574 
Zee Arias et al., 2012), these moisture fluctuations coincide with short-term stress conditions  575 
that are reflected in SESR variability during drought years (Figure 5), thereby shaping the 576 
variability of SESR signals used for onset detection.  577 
 578 
Coarse and moderately sandy soils, with rapid drainage and low water capacity (Jabro et al., 579 
2009; Wankmüller et al., 2024), generate short-lived and highly variable evaporative stress. As 580 
a result, SESR anomalies are less persistent and less clearly associated with crop losses, making 581 
the distribution of SESR values (Figures 5a,b) difficult to discriminate between years with and 582 
without identified crop losses (Figure 2), and resulting in calibrated thresholds characterised by 583 
high uncertainty (Figure 8). In contrast, clay-rich soils, characterised by greater water retention 584 
and slower drainage (Jabro et al., 2009), allow evaporative stress to persist over longer periods 585 
(Suliman et al., 2024; Wankmüller et al., 2024), which is reflected in the more stable calibrated 586 
thresholds in several clay soil classes and periods (Figure 8). Loamy–silty soils, which have 587 
intermediate porosity and water-holding capacity (Ma et al., 2015), exhibit a more mixed 588 
behaviour. Although they show clear separation of the SESR signal during pre-sowing, sowing 589 
and growing periods (Figure 5c), calibrated SESR thresholds for loamy–silty soils do have skill 590 
in the sowing month (Figure 8). These contrasts indicate that SESR-based detection is most 591 
reliable where soil moisture deficits persist long enough to affect crops, whereas rapidly draining 592 
soils reduce the operational usefulness of SESR as a standalone indicator.  593 
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The usefulness of calibrated SESR thresholds is governed not only by soil texture but also by 594 
the seasonal progression of evaporative stress across crop management periods (Son et al., 2018). 595 
During the dry season months that precede the sowing period, high evaporative stress dominates 596 
the SESR signal (Noguera et al., 2022; Otkin et al., 2018), producing large variability that often 597 
reflects background seasonal drying rather than short-term stress anomalies associated with 598 
agricultural impacts (Hobbins and Huntington, 2016). Under these conditions, SESR anomalies 599 
may reflect seasonal atmospheric demand rather than crop relevant moisture stress, reducing the 600 
reliability of thresholds-based detection. The effect of this background drying on detection 601 
performance differs by soil texture. In sandy soils, this short-lived evaporative stress variability 602 
produces high false alarm rates (FAR) and weak discrimination in some months (Figure 7), 603 
together with the wide uncertainty ranges in calibrated thresholds (Figure 8).  604 

Once precipitation begins to moderate evaporative stress (see SESR heatmap across years and 605 
months aggregated at each 8-day interval in Figure 2) in the sowing period in May and during 606 
the growing period in July for maize and beans (Figure 1), soil moisture is replenished more 607 
regularly (Son et al., 2018), which reduces the gap between ET and PET (Hobbins et al., 2019) 608 
and also reduces short-term variability in SESR (Noguera et al., 2022). Under these more stable 609 
conditions, SESR anomalies can more clearly reflect crop relevant moisture deficits in the soil-610 
period combinations where skilful detection is observed (Anderson et al., 2016). This seasonal 611 
transition modifies the SESR signals, but ROC results indicate that skilful discrimination does 612 
not increase uniformly after rainfall onset (Figure 7). Instead, skill emerges only in specific soil 613 
period combinations, reflecting the interaction between seasonal moisture dynamics and soil 614 
water holding capacity. Operationally, this implies that SESR-based flash drought monitoring in 615 
dryland agricultural systems should focus on the specific soil-period combinations where skilful 616 
detection is observed, rather than applying a uniform approach across all soil textures and 617 
months. 618 

4.3 Operational relevance and limitations of calibrated SESR thresholds for flash drought 619 
monitoring and management 620 

 621 

The calibrated thresholds reveal context-dependent limitations that must be recognised when 622 
integrating SESR into operational drought monitoring. In sandy soils, SESR shows limited 623 
ability to distinguish anomalous evaporative stress from background dryness signals (Hobbins 624 
and Huntington, 2016; Jabro et al., 2009), resulting in low detection skill and high uncertainty 625 
in calibrated thresholds. On the other hand, the skilful thresholds occur predominantly in clay-626 
rich soils, which account for around ~90% of the study area (Figure 1), during pre-sowing, 627 
sowing, and growing periods and only during pre-sowing period in loamy–silty textures (Figure 628 
8). This spatial and temporal concentration of skilful thresholds indicates that SESR provides 629 
operational value only for specific combinations of crop management period and soil texture, 630 
and that its performance cannot be assumed outside these domains. Therefore, SESR-based 631 
monitoring could not be suitable as a uniformly applied early warning tool across all periods and 632 
soils, but rather as a selective component restricted to the conditions where calibrated thresholds 633 
demonstrate stability and skill. Even in these settings, SESR-based detections would benefit from 634 
verification using complementary information, such as soil moisture indicators, land surface 635 
temperature or field-based agronomic observations, to confirm or filter detections (Torelló-636 
Sentelles and Franzke, 2022), and to avoid overinterpreting SESR signals in such settings, as 637 
documented in previous studies in dryland regions such as located in Central America (Kibler et 638 
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al., 2023; Quichimbo et al., 2021; Sun et al., 2019). Additionally, the operational relevance of 639 
SESR thresholds depends on the trade-off between high recall and low precision that local 640 
governments, managers and farmers are willing to accept (Guimarães Nobre et al., 2023). The 641 
choice of the optimal threshold based on the maximum value of Fꞵ is conditioned by the 642 
parameter ꞵ, which determines how the system balances missed events and false alarms (Gallear 643 
et al., 2025). In this study, thresholds were selected to favour precision, consistent with a context 644 
where false alarms carry high costs (Guimarães Nobre et al., 2019) and institutional response 645 
capacity is limited. Under this configuration (ꞵ= 0.3), the optimal threshold shifts towards more 646 
negative values. This reduces false alarms (FAR) but increases the likelihood of missing early 647 
flash drought development. When ꞵ = 1, which prioritises recall, thresholds shift toward less 648 
negative SESR values, increasing detection under weaker stress and thereby increasing FAR.  649 
This behaviour of SESR as an indicator is consistent with findings with other indicators in 650 
Halwatura et al., 2017; Gallear et al., 2025; Torelló-Sentelles and Franzke, 2022. As discussed 651 
in the literature, decision-makers often avoid acting when uncertainty is high, because the 652 
penalties associated with false alarms are visible, whereas the benefits of early actions are less 653 
immediately apparent (Bailey, 2012).  654 

These decision rules ultimately depend on local decision-makers needing to prioritise 655 
(Guimarães Nobre et al., 2019; Lopez and Haines, 2017), and in the rainfed dry corridor of 656 
Central America, this statistical trade-off translates directly into an economic one. By mid-May, 657 
farmers have already committed financial resources—loans, fertiliser, purchases and labour—658 
(van der Zee Arias et al., 2012). Because flash droughts typically evolve over timescales 659 
comparable to the sowing period (~30 days), prioritising precision may reduce false alarms 660 
(Gallear et al., 2025) but delay response, thus limiting the opportunity to reschedule planting or 661 
implement mitigation (Solh and van Ginkel, 2014). Conversely, favouring recall in May may 662 
increase early detection even under weak stress signals (Halwatura et al., 2017) and enable 663 
preventive action, but at potentially high implementation costs. In line with principles discussed 664 
in the impact-based forecasting (Shyrokaya et al., 2024), a more appropriate strategy would be 665 
to redefine the objective function according to economic risk (Bailey, 2012; Portele et al., 2021; 666 
Salmoral et al., 2019) and cost-loss analysis (Zhu et al., 2002), as well as the participation of 667 
stakeholders rather than purely statistical criteria (McEwen et al., 2021). Although this study 668 
dynamically adjusted the optimal thresholds to reflect the spatial and temporal variability, 669 
considering crop management periods and soil textures, fully operational deployment would 670 
require extending this approach to explicitly account for economic risk and decision-making 671 
constraints.   672 

5. Conclusions 673 
 674 
In this study, a context-specific threshold calibration approach was developed to improve the 675 
spatial and temporal detection of agricultural flash drought conditions in support of drought 676 
monitoring and management. The study was conducted in the Central America Dry Corridor, a 677 
dryland region in Nicaragua that is representative of rainfed agricultural systems exposed to 678 
short-lived but intense evaporative stress found in many tropical drylands worldwide. The 679 
approach uses the Standardized Evaporative Stress Ratio (SESR), together with its rate of change 680 
(ΔSESR), and calibrates SESR thresholds using two benchmarks of observed drought-induced 681 
crop loss impacts. Calibrated SESR thresholds were evaluated across crop management periods 682 
and soil textures. The conclusions are summarised below:  683 
 684 
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• Although SESR contains coherent signals of evaporative stress intensification during 685 
years with drought-induced crop losses, default thresholds used in the literature do not 686 
translate this signal into a useful indicator of agricultural relevance. These default 687 
thresholds frequently identify stress conditions in years without reported losses while 688 
failing to capture the more extreme SESR values at which agricultural impacts are 689 
observed in this dryland context. As a result, literature-based thresholds show limited 690 
suitability for operational flash drought monitoring in the study region.  691 

 692 
• Calibrated thresholds reveal that the detectability of agriculturally relevant flash drought 693 

conditions using SESR depends jointly on crop management periods and soil textures.  694 
Skilful thresholds could not be found in sandy soils, where rapid soil moisture 695 
fluctuations limit the persistence of evaporative stress signals rather than the occurrence 696 
of agricultural impacts themselves. In contrast, clay-rich soils exhibit stable and skilful 697 
thresholds during specific crop management periods within pre-sowing, sowing and 698 
growing periods (April to July), with the skilful months varying among individual clay-699 
rich soils classes. Loamy–silty soils showed intermediate behaviour, with skilful 700 
thresholds only in March and the pre-sowing period in April. These results indicate that 701 
SESR-based flash drought detection cannot be generalised uniformly across space or 702 
time but instead depends on the interaction between soil hydraulic properties and 703 
seasonal evolution of evaporative stress.  704 

 705 
• Validation against the agricultural benchmarks confirms that calibrated thresholds detect 706 

flash drought conditions more frequently in years that also exhibit drought-induced crop 707 
losses than literature-based thresholds, while still producing detections in some years 708 
without reported losses and missing impacts in others. This indicates that SESR 709 
thresholds can provide operationally relevant but conditional information, with useful 710 
performance confined to specific soil-crop management period combinations, 711 
particularly during the growing period, where threshold stability and detection skill are 712 
jointly satisfied. More broadly, these findings support ongoing effort toward impact-713 
based drought monitoring and early warning by showing that physically based indicators 714 
such as SESR require calibration against observed agricultural impacts to be 715 
operationally meaningful. Rather than assuming that evaporative stress thresholds alone 716 
are sufficient to indicate agricultural impacts, this study demonstrates that linking SESR-717 
based stress signals to crop losses and crop management periods improves their relevance 718 
for agricultural decision-making. At the same time, the results highlight that fixed 719 
percentile thresholds are insufficient in heterogeneous dryland environments, where 720 
translation from physical stress to agricultural impact is strongly context dependent.  721 

 722 
This research provides temporally and spatially calibrated thresholds for agricultural flash 723 
drought detection in the Central America Dry Corridor, further work is needed to generalise and 724 
deepen these findings. As the approach itself is generalisable, future research should test the skill 725 
of flash drought detection using calibrated thresholds in other dryland regions and cropping 726 
systems. Additionally, further research should explore adding complementary variables in 727 
settings where SESR alone does not sufficiently discriminate impact-relevant stress conditions. 728 
Finally, threshold selection cannot be reduced to mechanical optimisation of statistical metrics; 729 
effective operational use requires explicit consideration of economic risk, stakeholder priorities, 730 
and the asymmetric consequences of missed events and false alarms so that SESR-based alerts 731 
support timely, informed, and context-appropriate decision-making for farmers and institutions.  732 
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