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Abstract
Natural water resources like rivers are essential for drinking water supply, recreational activities, agricultural irrigation, and the protection of aquatic habitats. These resources continue to face increasing threats in quality from a multiplicity of environmental stressors, including rapid urbanization, deforestation, agricultural activities, etc. This rising threat persists in the 21st century, despite copious research done to mitigate the impact of primary pollution drivers to restore the health of impaired waterbodies and assess healthy ones. Predictive modeling is necessary to evaluate waterbodies’ health under various conditions, identify drivers of water quality degradation, and support management decisions such as evaluating suitable restoration scenarios. Nevertheless, the effectiveness of predictive modeling is influenced by the modeling approach, data availability, and the convolution and dynamism of environmental threats, such as characteristics of the watershed and regions of interest. Of these challenges, limitations in data availability stand out as critical obstacles in mitigating environmental threats via predictive modeling. Furthermore, the conventional process-based computational models are difficult to implement, technically intensive, requiring extensive computational time. However, data-driven techniques like machine learning offer the advantage of amenability to sparser datasets while being effective and computationally efficient. In a machine learning approach, a given target variable (a water quality constituent like total nitrogen) is predicted using pertinent features (e.g., meteorology, water quality, and land surface imperviousness) by leveraging statistical feature-target relationships.
Despite past research, efforts on watershed-scale modeling of water quality have been limited. Moreover, developing modeling frameworks and comprehensive investigations using several watersheds within a region has not been done so far. As such, the efficiency of machine learning models for water quality modeling in multiple watersheds and the possibility of transferring these models from one watershed to another is a research niche. 
In this dissertation, modeling frameworks were developed using machine learning algorithms, geospatial and time series analyses for watershed-scale water quality predictions. The frameworks were informed by pertinent underlying physical, chemical, and biological processes at the watershed scale. Utilizing these frameworks, different scenarios of limited data availability were simulated to predict in-stream concentrations of key water quality constituents; nutrients—total phosphorus (TP) and total nitrogen (TN)—fecal coliform (FC), dissolved oxygen (DO), and total suspended solids (TSS) at the watershed scale (Hydrologic Unit Code 12; HUC12) of a hydrologic sub-region (HUC4), Peace Tampa Bay, in Southwest Florida. Comparative analyses of several machine learning models were performed to determine feature requirements for satisfactory water quality predictions at the HUC12 watershed scale. The findings indicated that, although additional water quality data improved the performance of machine learning models in predicting all target water quality constituents, some constituents can still be satisfactorily predicted using only publicly available datasets. In evaluating dominant drivers and watershed characteristics influencing stream water quality, unified frameworks were developed for predicting the target constituents in 16 HUC12 watersheds within the Peace-Tampa Bay hydrologic subregion. The results showed that the influences of dominant LULC and topography on model performances were significant at the HUC12 scale. Also, model performances were generally optimal in urban and agricultural watersheds with steep ground slopes. In developing similarity criteria for transferring pre-trained machine learning models from data-rich source watersheds to poorly gauged ones, source models were developed for a HUC12 watershed, Bullfrog, and transferred to 16 HUC12 watersheds in Peace-Tampa Bay hydrologic subregion using recurrent fine-tunning transfer learning approach. The results revealed that machine learning models could not be directly transferred to other watersheds for predicting the target constituents; however, fine-tuning the models using limited data (as few as 40 additional observations) from poorly gauged watersheds can result in satisfactory performances in some watersheds. Also, similarities in watershed characteristics for transferring models were more dependent on watershed topography and water table elevation than the dominant land cover of the source and target watersheds. Altogether, these studies advance our understanding and predictive capabilities of watershed-scale water quality. These can help stakeholders meet management and restoration goals and are also beneficial for modeling poorly gauged watersheds.

