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ABSTRACT

Satellite-based precipitation estimates (SPES) provide real-time and fine spatio-
temporal precipitation data at the global level. SPEs, however, might differ from ground-based
gauge observations since they are indirect estimates of precipitation. WWhen passed through a
hydrological model, the error in SPEs may propagate into the streamflow, and thereby limit its
utility for hydrological applications. This thesis aims to quantify the sources of error, examine
its hydrological utility and explore the dynamics of propagation of error from SPEs to
streamflow simulations through the hydrological model. SPEs are evaluated with reference to
gauge-based precipitation measurements which often are considered as ground-truth. Given
there are multiple gauge-based precipitation datasets (India Meteorological Department (IMD),
Asian Precipitation Highly Resolved Observational Data Integration Towards Evaluation of
Water Resources (APHRODITE), and Climate Prediction Center (CPC)) over India, we first
examined the differences in their development algorithms and investigated their variability in
representing monsoon spell characteristics. Our analysis revealed that CPC and IMD exhibit
similar spell characteristics, while APHRODITE deviates from them. APHRODITE was found
to overestimate wet days and underestimate dry days. All the datasets exhibit varying trend
patterns. Based on our findings, we chose the IMD dataset as the reference for SPEs
verification, since it has a much larger number of rain-gauge stations distributed uniformly
throughout India, perhaps leading to a more accurate portrayal of the spatial distribution of

precipitation features.

Next, we developed an improved error decomposition approach to detect the sources of
error in SPEs introduced at different stages of the satellite precipitation retrieval process. Based
on their stage of introduction in the retrieval process, SPE errors may be divided into detection
error (false alarms and missed precipitation) and intensity error (hit bias). The standard error
decomposition technique under-estimates intensity error or hit bias. We proposed an improved
Split-Hit Error Decomposition Scheme (SHEDS) for SPEs that disintegrates total bias into
over-hit (OH), under-hit (-UH), missed (—M), and false components (F). A multiplicative error
model was also adopted to identify systematic and random components. The effectiveness of
the improved scheme was demonstrated by comparing six SPEs over India for 16 years. Our
analysis confirms that the conventional hit component is often under-valued owing to the
cancellation of OH and —UH bias components, making it inaccurate. The magnitude of OH and
—UH was observed to be higher than total bias and hit bias. While total bias and hit bias may



lead to incorrect conclusions, the suggested OH and —UH biases may provide better insights to

data producers and users.

While disintegrating hit bias, we also proposed a true-hit (TH) component, which
represents the events wherein neither intensity nor detection error was observed. In our
subsequent work, we proposed an expanded contingency table comprising ‘7H’ as a measure
to access the accuracy of SPEs. We expanded the conventional contingency table by
categorising hit events as over-hit, true-hit, and under-hit based on observed and satellite
rainfall event detection and magnitude. True-hit represents the frequency of those rainy events
which have similar magnitude of precipitation intensity in SPEs as well as observed datasets.
Over-hit (under-hit) indicates the frequency of rainy occurrences detected in both SPEs and
observed datasets when the SPEs overestimate (underestimate) the observed rainfall. The
usefulness of the expanded contingency table was shown by evaluating synthetic precipitation

time series and SPEs over India.

Further, we proposed to reduce the bias in SPEs by merging information from gauge-
based precipitation datasets. Although numerous time-domain bias correction techniques exist
in the literature, their efficiency in correcting daily precipitation is limited. Moreover, most of
the high-performance techniques are cumbersome and time exhaustive. We presented two bias
correction methods, one correcting the SPEs conjointly in frequency and time domains, and
the other an extremely fast machine learning approach. A hybrid approach comprising
Variational Mode Decomposition (VMD) and Empirical Cumulative Distribution Function
(ECDF) is proposed to bias correct SPEs time series in the time and frequency domains. An
optimized version of incremental Extreme learning machine (ELM) is also proposed to bias
correct the SPEs. The proposed methods are applied to bias correct real-time SPEs across India.
The results show that the proposed techniques remove a major fraction of bias from SPEs in
all seasons. Post-bias correction, decrease in root mean square error (RMSE) and improvement
in correlation was also observed. Both the bias correction schemes could reduce the magnitudes
of OH, -UH, —-M, and F components. Improved representation of extreme precipitation
characteristics in SPEs is also observed after bias correction. VMD-ECDF and ELM methods
outperform the traditional bias correction techniques to provide more accurate precipitation

forcing.

Further, we evaluated the hydrological utility of SPEs by feeding them (raw as well as
bias corrected) into a hydrological model and thereafter, compared the simulated streamflow



with the observed streamflow. This thesis evaluated the streamflow response from SPEs
simulated using Hydrological Predictions for the Environment (HYPE) model over six-gauge
stations in India's Mahanadi River basin. Model parameter uncertainty was accounted while
calibrating the HYPE model. The calibrated HYPE model was effective in simulating observed
discharge. The results highlighted large biases in raw SPEs’ simulated streamflow response at
upstream sites. Bias correction of SPEs improved the streamflow simulations; however, the
extent of improvement varied with varying algorithm. Streamflow simulations from VMD-
ECDF bias corrected approach closely resembled observed flows. Recalibration of the HYPE
model using SPEs increased parameter uncertainty and lowered generalisation. This study
cautions against utilising raw SPEs for hydrological modelling. SPEs must be bias corrected

prior to their application in hydrological modelling.

Lastly, we focused on understanding the dynamics of error propagation of SPEs when
processed through a hydrological model. We proposed a novel CONceptual DUal-STaged
(CONDUST) framework to isolate the impact of SPEs error and hydrological model errors
propagating into the streamflow. SPE-to-model and model-to-streamflow error propagation
factors were defined using a conceptual framework. The impact of regional catchment
characteristics on the error propagation factors was also examined. CONDUST framework is
deployed over the Mahanadi River basin in India. Error-corrupted ensembles of SPEs are
created using the satellite rainfall error model (SREM) accounting spatial heterogeneity. The
results of this thesis cross-verifies our consideration of heterogeneity in SREM rainfall
parameters owing to the significant variability of SREM parameters over the basin. The SPE-
to-model and model-to-streamflow bias propagation factors were observed to be greater than
one, indicating that SPE bias is magnified when conveyed to the model, whereafter model also
contributes to bias leading to significant error amplification in the streamflow. Model-to-
streamflow error propagation factor was found to be higher than SPE-to-model factor.
Dependency of error propagation factors was also explored on catchment area, elevation,

rainfall and stream order of the subbasins.

This thesis advances the era of satellite-based precipitation measurement by enhancing
its accuracy and dependability for hydrologic applications. This thesis adds to the continued
validation effort of satellite-based precipitation databases across the globe. The methods
proposed in this thesis are generic and can be applied over any region or any

simulated/observed precipitation datasets.
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