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I. A BSTRACT
The modern energy grid encompasses more and more renewable energy sources to be integrated in the grid. Those
renewable energy sources not only consist of big managed
wind- or solarfarms, but also of solar generators on private
homes. These smart homes have a comparatively small
size and are therefore not much regulated with respect to
feeding power back into the grid.
For the homeowner on the other hand it is also unfavourable to feed all generated electricy back to the grid
as the prices for selling are most of the times lower than for
buying. Eigen consumption (direct consumption of generated electricy in the house) is therefore the best option in
most cases, cf. [1]. Since the electicity production during
the day and consumption, occuring mostly during early
morning or late evening hours does not match up, an
energy storage solution could ease this mismatch. More
and more batteries, to store a certain amount of solar
electicity are used in private homes, but are still expensive
and difficult to manage.
On the other hand, every household has a hot water
tank installed which could be easily retrofitted with an
additional electrical heater to store the excess solar energy
in thermal form. Unfortunately, compared to batteries, this
energy cannot be easily converted back to electicity. It has
therefore be taken careful consideration when and how
much energy to put into the hot water tank.
Additionally, various uncertainties, such as weather, rule
the energy generation process as well as the hot water
and electricity consumption by the household residents.
We therefore employ a stochastic dynamic programming
algorithm to find the optimal control schedule for the hot
water tank to ensure enough hot water at all times, while
maximizing the eigen consumption of solar power. This in
effect, results in a reduction externally pruchased energy.
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Fig. 1. Information flow in the system.

The stochastic dynamic programming [2] algorithm
seeks to find an optimal policy. This means, that in each
possible system state, the algorithm determines the optimal
action, that leads to a reduced cost while obeying the
system constraints. In order to proactively act on future hot
water consumption or weather change, we utilize forecasts
for those variables, compare Figure 1. They are adaptively

considered in our algorithm utilizing the information about
the prediction uncertainty of the forecast algorithm.
In contrast to other adaptive systems, as e.g. neural networks [3], our method only needs a one-time parametrization for the household parameters it seeks to control and
no tedious parameter tuning process is necessary.
In the simulations, the algorithm demonstrated its
capability to realiably ensure the hot water supply despite
the uncertainty in the hot water consumption prediction.
Furthermore, promising results show the feasibility
to reduce the energy costs at the same time, both in a
constant and real time energy pricing scheme. Additinally,
other means of energy production, such as solar powered
water heating or gas fired hot water tanks can be easily
integrated in the system.
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