
The GRR product: A regionally adjusted rainfall retrieval 

for the Galápagos archipelago

Introduction: The unique geographical location of the Galápagos Archipelago creates distinctive climatic conditions that support its exceptional endemic 

biodiversity. However, the archipelago's water cycle remains poorly understood due to the limited availability of long-term, spatially distributed 

meteorological observations. In particular, the spatial and temporal variability of convective, stratiform, and occult precipitation remains largely unknown. 

To address this gap, the Galápagos Rainfall Retrieval (GRR) was developed to provide near realtime rainfall estimates and improve our understanding of 

precipitation variability across the archipelago. 

Galápagos Rainfall Retrieval (GRR) product:

• Locally adjusted satellite-based rainfall retrieval

• High spatio-temporal resolution (2 km, 10 min) rainfall product in near

real-time

• Hybrid physical–machine learning method

Methods 

Result – GRR-convective retrieval

Conclusion
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• GRR retrieval algorithm uses multispectral observations from GOES-16/19 to classify cloud types and estimate rainfall through a hybrid retrieval model. 

• Successful capturing of main characteristics of convective rainfall by GRR-convective rainfall retrieval successfully. 

• Improvement of retrieval performance with increasing temporal aggregation, from hourly to monthly scales. 

• Strong midday convection during the hot season and enhanced daytime convective rainfall during the 2023 El Niño event. 
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Metric 1 hour 3 hour Daily Monthly

POD 0.75 0.8 0.9 1

F1 0.28 0.32 0.52 0.75

Pearson correlation 0.15 0.4 0.50 0.91

Bias (mm) 0.9 1.82 1.62 2.86

Fig 1. General framework of GRR retrieval

1. Detect potenial convective core

BT10.3 = BT center – Mean (BTsurrounding)
If BT10.3 ≤ 6K → Potential convective pixel
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2. Detect convective core

Criteria Threshold Interpretation

BT10.3 < 245 K Cold cloud tops

BT10.3 /T ≤ -0.3 K min-1 Rapid cold top cooling

VIS0.64 > 0.7 Optically tick clouds (day time)

Δ(WV6.2 − IR10.3) > -5 K Upper-tropospheric moisture

Δ(IR12.3 − IR10.3) < -2 K Ice-phase cloud identification

Δ(WV6.2 − WV7.3) > -4 K Potential instability
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✓ GRR- convective core cloud if at least 2 of the 6 criteria are satisfied.

Cloud base
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Initial parcel condition 

at ZLCL : Tc, qvs,w = 1 m/s

Environmental state

3. Compute buoyancy and fallout at level Zi 4. Estimate rainfall rate (Rmean)

Apply the relationship to the 

convective core using BT10.3

Find statistical relationship 

between Ttop and Rmean

✓ GRR-convective core rainfall 
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Fig 2. General framework of GRR-convective retrieval

GRR-convective rainfall:

• Physical method: Adjusted convective stratiform technique (CST) and 1d

cloud model (Bendix, 1997)

5. Validation 

(point-pixel)

• Turth dataset: DARWIN automatic weather network (DAWS) (Turini 2022, http://darwin-rain.org)

• GRR- Convective cloud detection (Metrics: POD, F1)

• GRR- Convective rainfall (Metrics: Pearson correlation (r), Bias)

Fig 3. Example scene of a) Micorphysic composite, b) GRR-cloud type, 

b) GRR-Convective core rainfall for 2022/03/20 at 20:20 UTC 

Table 1. Performance of GRR-Convective rainfall against Darwin 

automatic station network (Turini 2022, http://darwin-rain.org)

• High convective rainfall detection capability was maintained across 

all temporal scales (POD = 0.75–1.00).

• Overall convective detection skill was limited at the hourly scale but 

improved substantially with temporal aggregation (F1 = 0.75 at 

monthly).

• Convective Rainfall estimates showed good agreement with the 

reference dataset at 3 hourly resolution (r = 0.4) and strong 

agreement at monthly resolution (r = 0.91).

• Midday convective rainfall is most pronounced 

during the hot season (HS) (Fig 4. b,g,l).

• The 2023 El Niño event was associated with 

increased rainfall amounts (Fig 4. g).

• Convective rainfall last longer during the 2023 

El Niño event (Fig. 4g–j) and Fig 5.

Fig 5. Convective duration observed by GRR-Convective core rainfall

Fig 4. Diurnal distribution of convective rain amount observed by GRR during the hot season for 2022–2024.
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