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Abstract

Autonomous Underwater Vehicles (AUV) are mobile robotic platforms used by the oceanographic community for exploration in diverse environments from the seafloor to the ocean surface. The extensive payload capacity and operational versatility of AUVs offer a cost-effective alternative to traditional ship-based oceanographic measurements for advancing ocean research. Existing mission control practices rely on manually scripted plans produced a priori, which typically are prone to error and are not adaptable to unanticipated events. Such adaptability is critical to maximize science utility from the limited time, energy and sampling opportunities available for a mission. To address these issues, we have developed and deployed an Adaptive Control System that integrates Planning and Probabilistic State Estimation in a goal-directed hybrid executive, enabling scientists to detect, survey and sample events of an unpredictable nature. The system developed for ocean science is general purpose and adaptable to other ocean going and terrestrial platforms.
Introduction 
Autonomous Underwater Vehicles (AUVs) (Yuh 2000] are untethered mobile robotic platforms used by the oceanographic community. AUVs carry sophisticated science payloads for measuring important water properties (Ryan 2005), as well as instruments for recording the morphology of the benthic environment (Thomas 2006) with advanced sonar equipment. The extensive payload capacity and operational versatility of these vehicles offer a cost-effective alternative to traditional ship-based oceanographic measurements. 

The coastal ocean is a complex environment due to the variety of atmospheric and oceanic phenomena that impact it with a mix of physical, chemical, geological and biological processes, land-sea interactions and human impacts.  In this environment, effective quantification of processes requires simultaneous measurement of diverse water properties.  These measurements must be made rapidly in order to capture spatial and temporal variability.  AUVs are ideal platforms for achieving multidisciplinary, synoptic observations, and they have been used extensively for this purpose in coastal waters off central California.  One highly unpredictable phenomenon frequently encountered in the waters of Monterey Bay is an Intermediate Nepheloid Layer (INL). INLs are fluid sheets of suspended particulate matter that originate from the seafloor through diverse geophysical dynamics (McPhee-Shaw 2004). Their existence and transport have significant effects on the geology, chemistry and biology of coastal oceans (Ryan 2005). Fig 1 shows an INL mapped by an AUV. 

While AUV sensor readings of high spatial and temporal resolution can effectively describe INL spatial scales, intensity, and transport pathways, understanding their consequences requires laboratory analyses of samples acquired within INLs. If an AUV is able to differentiate between being inside or outside a feature of interest (such as an INL) and dynamically adapt its mission accordingly, it can support opportunistic decisions such as taking water samples within the feature, or modifying the survey spatial resolution. This would result in higher science utility for the time and energy spent which is important as AUV missions are often time and energy constrained.

To enable such missions, we have developed and deployed an Adaptive Control System that integrates Planning and Probabilistic State Estimation in a hybrid executive, onboard an AUV. Probabilistic State Estimation integrates a number of science observations to estimate the likelihood that the vehicle is inside a feature of interest. On-board planning and execution enables adaptation of navigation and instrument control based on the likelihood of having detected such a phenomenon. It further enables goal-directed commanding of the vehicle, in contrast to manually scripted plans, increasing mission robustness and adaptability. And it does so through a flexible plan representation, and the use of plan refinement and repair based on observations from the environment. The integrated system allows a class of science problems to be tackled that was hitherto difficult to handle by any ocean going asset in a cost-effective manner.

The structure of the paper is as follows. We first present an overview of the system design. The synthesis of planning and probabilistic state estimation in a hybrid executive is the technical focus of the paper and is described in more detail in separate sections. We then present results from our sea trials in Monterey Bay and concluding with a discussion of related and future work.

System Design
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The structure of the integrated control system is shown in Fig 2 implemented as a Teleo-Reactive Executive (T-REX) where each component is an instance of a Teleo-Reactor (McGann 2008). There are three components organized hierarchically: a Mission Manager, a Navigator, and a Vehicle Control Subsystem (VCS). For purposes of discussion the VCS is conceptualized as a functional layer. Observations are received and propagated at a rate of 1Hz. This is sufficient to sample in the underwater domain for our Dorado AUV, which operates at a speed of 4 kts. Each component receives goals to drive its behavior, sends goals to task a lower level component, and receives observations on system state variables of interest. Requested goals may be rejected. For example, the Mission Manager may receive a goal to conduct a volume survey in a designated region, with constraints on finish time, depth bounds, or spatial resolution ranges. It may generate a plan at some high-level which will inevitably include steps to navigate to a target location, turn to a heading etc. This high-level plan considers the full temporal scope of the mission (e.g. 10 hours). Near-term navigation steps of the plan are dispatched as goals to the Navigator. The Navigator will plan over a shorter time horizon (e.g. 60 seconds). Ultimately, mission commands (e.g. ascend, get a GPS fix, descend) are generated and dispatched to the VCS. Feedback from the VCS takes the form of vehicle and command state updates. 
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Integrating Deliberation and Execution
Fig 2 shows a common framework for integrating deliberation and execution for the Mission Manager and Navigator that we call a Deliberative Reactor based on the EUROPA2 (Frank 2003) constraint-based temporal planning library. We now illustrate the internal structure of the Deliberative Reactor with an example based on reactive instrument control.

The Plan Database
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A constraint-based temporal plan is a form of constraint network (Mackworth 1992). Algorithms designed to operate on the plan during planning are directly exploited in execution to propagate state updates, detect conflicts, and reason about temporal precedence. A single model is used to capture the domain details at all levels of abstraction. The model is applied using a propositional inference engine triggered by changes in the plan.  The dependency structure of the plan is utilized in execution to aid recovery from plan failure. The plan, model and plan manipulation algorithms are contained in the Plan Database.

Fig 3 illustrates a plan fragment 1432 seconds into mission execution. It contains two state variables: the SamplerController and the SamplerBehavior.  The former is an internal state variable of the Navigator, the latter reflects the status of a behavior for sampler activation resident in the VCS. The sampler is triggered when onboard sensors record a feature of interest. The evolution of each state variable is recorded (when in the past) and projected (when in the future) in a timeline. The SamplerController oscillates between firing and ready. Each state includes a bound on the number of samples that can be used (e.g. 2), and a record of the number of samples taken thus far. The start and end times of each state are shown. Values in the past are grounded. The SamplerBehavior was activated at t=1431 and remained active for 1 second. The transition to the Inactive  state is concurrent with the transition of the SamplerController to a ready state. Notice that this parameter has incremented after the controller fired. Finally, observe that the end time of the ready state is unbound, reflecting that the SamplerController may remain in a ready state indefinitely.
To illustrate these ideas further, consider the model rule below applied to all values of the SamplerController state variable of the predicate Holds.
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A fragment of the partial plan where this rule applies is shown in Fig. 4. There are two values as before. However, each is now depicted as a token that constrains the set of values a state variable may hold over some temporal extent. The start and end variables are common to all tokens. Different predicates may contain different parameter variables. Bi-directional arrows indicate constraints between variables in accordance with the model rule above. The implication from the model is reflected by the directed arrow from a to b. Only the end variable of b is unbound in this example; all other variables were bound to singletons as the plan was executed. In general, the ability to leave parts of the plan flexible supports a least-commitment approach to planning where only necessary restrictions are imposed allowing final details to be refined at or close to the point of execution.

Embedding the Plan Database in Execution
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The Plan Database is embedded in the control loop by synchronizing observations with the plan and dispatching the plan as goal-requests to the responsible execution component (e.g. the VCS). Dispatching the plan is straightforward, and detailed in (McGann 2008). The goal of synchronization is to produce a consistent and complete view of the plan at the execution frontier. Observations are received for exogenous state variables. For example, the SamplerBehavior is an exogenous state variable whose values are Active or Inactive. A message from the VCS indicating that the behavior has completed becomes a SamplerBehavior.Inactive token in the plan database. Fig 5 illustrates the situation before and after this observation is synchronized. The observation is received at t=1432. The last observed value for the SamplerBehavior was active. This new observation is resolved by insertion into the plan, resulting in a restriction of the end time of the active state to the singleton value.  The connections in the underlying constraint network propagate the implications of this restriction throughout the partial plan. This process is repeated for all observations and for all their implications that impact the execution frontier. In the event that the plan is not consistent with the observations, the plan is discarded, and the relaxed execution frontier is synchronized with observations. 
The Planner

Automated planning is used to refine an incomplete plan into one with sufficient detail to support execution. Since planning and execution operate on a shared database, the interleaving of planning and execution is seamless. Planning is broken down into atomic steps, where each step leaves the database in a consistent state. The planner is invoked one step at a time, in order to permit synchronization to take place. Updates applied during synchronization are visible in the next step of the planner so further refinement of the plan will account for the changing world in a natural way. The planner will be invoked whenever there are flaws in the plan either from goals requested by external sources (e.g. from another reactor or a user driven input) or implied by implications of the model and feedback from the environment. 

[image: image7.wmf]




For example, consider the partial plan depicted in Fig 6. The SamplerController is triggered to fire based on observations made from the environment transitioning into a firing state immediately. This immediate implication will be resolved in synchronization since it straddles the execution frontier. In order to actually fire the instrument, the model requires the SamplerBehavior to be Active. Consequently, the model will introduce a sub-goal for the SamplerBehavior for the planner. Thus, while there is a clear separation between synchronization and deliberation, the flow of information through the shared partial plan structure provides a continuous integration of deliberation and execution.
State Estimation

Ocean phenomena such as INLs or plumes are often impossible to model deterministically a priori because their location and scale, which depend upon seasonal and episodic variability, are not predictable. However, proxies based on sensor measurements can be used to recognize features when they are encountered by the AUV.  For example, INLs can be identified by their high turbidity and low chlorophyll fluorescence. To enable onboard feature detection, we used a large database of AUV surveys from the last 4 years to learn a model that exploits this data augmented by explicitly labeled knowledge provided by scientists.  

[image: image8.wmf]Our technique uses state estimation based on observations to give hints about hidden states. There are two main steps:

1. Sensor data are classified and labeled into clusters extracted in a similar manner to (Fox 2007)

2. The resulting classification is then used as an input to a Hidden Markov Model (HMM).
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Fig 7 shows two hidden states: in - expressing that the AUV is in the feature of interest – and its alternate out. The model specifies the set of probabilities of observation ci given state si, p(ci | si),  and the probabilities of transition. In our implementation the probabilities of transition are fixed empirically ((Fox 2006) shows how can they be learned). The state estimator uses this model to compute the new probabilities {p(in)t, p(out)t} using the following expression:

p(st) = at*p(ct|st)*(x ( {in, out} p(st|xt-1)*p(xt-1)

with at as a normalization factor such that :

(s ( {in, out} p(st) = 1
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While these equations encapsulate HMM based belief they are expressing a constraint between current estimated state, the last observation and the previous estimated state . Such constraints can easily be represented in a constraint network such as the one used in our deliberative reactor. Fig 8, shows an HMM execution trace representation (8a) where arrows represent the dependence between states and observations, and the timelines managing our state estimation (8b) where arrows stand for constraint propagation between tokens, showing a strong similarity between the two representations. Consequently the state estimator is implemented directly in a deliberative reactor to take advantage of the synchronization process for belief update at each tick. This state estimation can in turn trigger new constraints that will impact the plan execution to make the vehicle adapt to a new situation. For example, the rule on firing the sampler based on state estimation in our model is described in Fig 9. The values of T and S shown in the figure are inputs to the mission. Pre-conditions are evaluated during synchronization. If they are met, a new sub-goal is inserted in the plan. This triggers a new deliberation phase to resolve this goal as previously described. This estimation process is similarly used for altering the spatial resolution of the AUV survey.

Experimental Results

Our experimental results are based on extensive simulations and regular sea trials over a period of one year with varying degrees of mission complexity. These were followed in January 2008 by a volume survey using the fully integrated system in a region of frequent INL occurrence in the Monterey Submarine Canyon as shown in Fig 10a.  This domain was chosen for high probability of INL encounter, based on previous observations from this region and season. The optical backscatter data identifying the INL is shown in Fig 10b.  This sensor data showed that a contiguous but highly patchy INL was present throughout the survey domain.  Also shown in Fig 10b are the locations of water samples taken using a sampling system developed for AUV applications (Bird 2007). These water samples are being analyzed to determine if important biological species are transported in INLs. 
Fig 11 illustrates the system performance for this survey that included 28 timelines distributed across 3 reactors. The deliberative reactors run on a 367 MHz EPX-GX500 AMD Geode stack running Red Hat Linux, with the VCS functional layer running on a separate processor. The figure shows a histogram of CPU utilization for the deliberative reactors. Approximately 20% of the time, the CPU load was at about 5%. This low utilization mostly reflects phases of the mission where the vehicle was at the boundaries of the survey and not actively evaluating the state estimation signal at every tick. While the agent is always synchronizing at 1Hz, and receiving observations from the VCS at that rate, there is very little change in the plan otherwise so the cost of synchronization is low, with the agent doing little deliberation.  Also for approximately 40% of the time, the CPU utilization is around 10%. At these times, the vehicle is making a traverse and the SamplerController is active. There is an additional synchronization cost to integrate state estimation with threshold variables to evaluate if the sampler should be fired; more tokens are generated and inserted in the plan as a result. Computation of the spatial separation between water samples is relatively expensive. This is because each of the 10 sampler canisters onboard the AUV, are represented by a timeline, and computation of the minimum sample separation is achieved by binding to each timeline on every tick and computing the distance from current position to a potential sample location. This modest cost is only accrued when the state estimator detects a signal that exceeds a certain threshold. So this second region reflects periods in a traverse where the vehicle was not in an INL, or where the sample limit has not been reached for the traverse. Once the vehicle is within an INL, the cost jumps to approximately 25%. Synchronization costs between 60% and 90% were due to a bug in our navigation model resulting in an execution conflict being detected and repaired repeatedly during the synchronization cycle. Despite this the system was still able to send safety commands to the vehicle. The average CPU cost of deliberation is less than 1%.  90% of the time, there is no deliberation at all. This low number reflects that the flexible partial plan representation is incrementally refined and extended throughout the mission without any need to re-plan. Where re-planning is required, it is localized within the Navigator and only impacts a small time horizon. Moreover, much of the computation for reactive instrument control is handled through synchronization.
Related Work

Most plan execution techniques are coupled with state estimation for fault detection (and potentially isolation and recovery (FDIR)). A classic example of such an effort is the Remote Agent Experiment (RAX) (Muscettola 1998) where onboard FDIR was used to trigger replanning and projection of spacecraft state. Other more recent efforts have focused on deriving models of time series of state evolution of structured phenomenon to build Hidden-Markov models of the environment (Lenser 2005) even if the architecture does not explicitly deliberate and project as outlined in our work. More relevant still is the work of Sellner and Simmons (Sellner 2007) where plans with durative action can be repaired inline to deal with execution anomalies using probabilistic approaches. Execution in this work is however simulated within a less flexible plan representation, while dealing with kernel density estimations for duration prediction. What is novel about our work is that it deals with estimation for feature detection in an unstructured real-world setting, which is tightly integrated with onboard planning and execution in a dynamic and hostile environment. 

Our system is inspired by IDEA (Finzi 2004). It is similar to IDEA in its formulation of a timeline-based representation and in its use of constrained-based planning and execution at its core. It is distinct from IDEA primarily in its formulation for exchanging and synchronizing state between reactors and its integration of state-estimation within the architectural framework. It is further distinguished in the underwater domain where popular techniques for AUV control have relied on reactive approaches (Carreras 2006). More recently ORCA (Turner 1991) and MCS (Palomeras 2007) have integrated deliberation onboard; however neither deals with state estimation or durative action representation. In the case of ORCA, the case-based planner appears to have been used in simulation only.
Conclusions and Future Work

Our field results to date are very encouraging for advancing ocean research. Our state estimation techniques proved effective at identification of an important but unpredictable and poorly understood phenomenon, namely INLs and our approach of directly embedding a plan database that is shared by deliberation and execution is computationally feasible. Our intuition is that the system will scale well because synchronization costs are polynomial in the database changes, rather than its overall size. This intuition is based on the observation that incremental updates of a partial plan are handled with local propagation of the underlying constraint network and flaw resolution in synchronization is polynomial in the number of flaws detected. In addition, the ability to partition agent state into separate databases allows computations to be further localized based on temporal and functional scope. 

Coastal ocean waters host a diverse array of important yet unpredictable phenomena, and our understanding of these complex phenomena will benefit greatly from application of adaptive control systems.  Other phenomena for which we are currently developing control system applications include red tides, harmful algal blooms and ocean fronts.  The focus of our effort going forward will be in three key areas: investigating approaches that will further reduce the need for specialized judgment in the model learning process; in generating more scalable approaches to refining threshold input and finally in looking at more automated processes to deal with a range of dynamic ocean processes.
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Fig. 2: Integrated System Design
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Fig 7: Generic HMM used by the state estimator.
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Fig 10: a) AUV survey volume (box) within the context of regional seafloor and land topography.  b) Vertical sections of INL signal along the AUV survey path.  bb is optical backscattering at 676 nm; darker shading indicates greater turbidity .  Water sample locations are indicated by G#.  
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	a.start < a.end  ^ a.end = b.start


	a.max = b.max ^ b.count = a.count +1
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Fig 3: A snapshot of the plan database at t=1432
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Fig 4: A dynamic constraint network fragment
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Fig 6: Sub-goal implied by the model to be planned
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Fig 5: Synchronizing an observation with the plan
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p(in) > T


a sampler is available


and distance to nearest prior sample > S,


then start SamplerController.Holds(firing) at the next tick





Fig 9: The rule for Gulper triggering with thresholds T and S 





�Fig 8: Similarity between HMM Execution and Timeline Representation
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Fig. 1: INL mapped by AUV in Monterey Bay, California.  The AUV survey track is shown in gray.  The contour line shows the INL outer boundary, and the black patches indicate the most intense INL regions, based on optical measurements.
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Fig 11: Histogram of system performance
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