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Abstract
Understanding and predicting ocean and coastal systems requires integrating observations from diverse platforms, including satellites and in situ sensors, each providing complementary but incomplete information. Designing observing systems that effectively combine these platforms remains a central challenge, particularly under constraints on resources and operational feasibility.  

Here, we present an initial data-driven framework for evaluating and designing integrated observing systems using convolutional Gaussian neural processes (ConvGNPs). Implemented through the DeepSensor tool, this approach models the spatiotemporal covariance structure of key variables from heterogeneous data sources, enabling probabilistic predictions and explicit characterization of observational uncertainty. These uncertainty estimates are used within an active learning framework to identify high-value sensor locations and to assess the marginal contribution of different observing platforms, providing a basis for observation impact assessment and optimal network design.  

We demonstrate this approach in the Laurentian Great Lakes using surface temperature as a test case, where dense satellite observations coexist with spatially heterogeneous in situ measurements. Results show that incorporating contextual variables, such as ice cover, substantially alters inferred uncertainty fields and resulting observing strategies. This highlights the importance of evaluating synergies between satellite and in situ observations, as well as identifying observational gaps and model uncertainty in a unified framework. Extension of this approach to additional variables, including evaporation, is ongoing.  

Grounded in the operational context of the Great Lakes Observing System (GLOS), this work contributes to the co-design of observing systems by providing quantitative tools to evaluate observing strategies and their impact. More broadly, it supports the development of methodologies for integrating multi-platform observations in support of ocean and coastal prediction.
