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ABSTRACT
This paper describes the development of an Intelligent Adaptive Control (IAC) framework that uses 
machine learning to integrate responsive passive conditioning at the envelope into a building’s 
comprehensive conventional environmental control system. Initial results show that by leveraging 
adaptive computational control to orchestrate the building’s mechanical and passive systems 
together, there exists a demonstrably greater potential to maximize energy efficiency than can be 
gained by focusing on either system individually, while the addition of more passive conditioning 
strategies significantly increases human comfort, health and wellness building-wide. 

Implicitly, this project suggests that, given the development and ever increasing adoption of building 
automation systems, a significant new site for computational design in architecture is expanding 
within the post-occupancy operation of a building, in contrast to architects’ traditional focus on 
the building’s initial design. Through the development of an experimental framework that includes 
physical material testing linked to computational simulation, this project begins to describe a set of 
tools and procedures by which architects might better conceptualize, visualize, and experiment with 
the design of adaptive building envelopes. This process allows designers to ultimately engage in the 
opportunities presented by active systems that govern the daily interactions between a building, its 
inhabitants, and their environment long after construction is completed. Adaptive material assem-
blies at the envelope are given special attention since it is here that a building’s performance and 
urban expression are most closely intertwined.
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INTRODUCTION
Parallel advances are occurring in the fields of dynamic building 
facades and building automation control systems, exposing 
an increasingly complex terrain of dynamic systems’ theory 
between exterior and interior built environments. Global trends 
in computational optimization strategies for automated control 
systems include the addition of intelligent control schemes, such 
as adaptive neuro-fuzzy inference systems, and optimization 
algorithms, such as multi-objective genetic algorithms, simulated 
annealing, meta-analysis, and others (Shaikh et al. 2014). In addi-
tion, efficiencies of conventional HVAC controllers are greatly 
improving, with emerging studies of applied reinforcement 
learning techniques indicating 4%–11% energy conservation over 
conventional control for heat-pumps (Ruelens et al. 2015). At the 
same time, emphasis on adaptive building envelope performance 
in response to dynamic environments is gaining heightened 
interest (Erickson 2013; Kolarevic and Parlac 2015; Zamella 
and Faraguna 2014). The ever-expanding portfolio of dynamic 
facade technologies exposes great promise to reduce a building’s 
reliance on fossil-fuel based mechanical air conditioning in favor 
of natural, passive mechanisms that consume significantly less 
energy and simultaneously improve occupant well-being.1 While 
each of these fields is receiving significant interest, there is not 
yet an explicit effort to link the two areas together for reciprocal 

2	 Intelligent Adaptive Control (IAC) 
experimental framework for 
building envelope integration.

benefits between proactive automated control systems and 
responsive envelope actuation functions.2 

It is not possible to design in advance a system with a fixed 
control policy capable of anticipating dynamic outdoor and 
indoor conditions while also capitalizing on the qualitative and 
quantitative benefits that are possible in the synergistic inter-
actions of these different socio-environmental control systems. 
In order to maximize the energy efficiency potential of these 
technologies, in addition to the qualitative potential for occupant 
experience and wellbeing, a building’s environmental control 
operations must be considered holistically within an intelligent 
and adaptive framework. Such a framework shall be capable of 
orchestrating all of the building’s systems in concert and adapt 
to simultaneous changes in internal and external conditions. 
The Intelligent Adaptive Control (IAC) architecture that we are 
developing is able to synthesize and adapt an integrated suite of 
control policies to coordinate building-wide active and passive 
environmental conditioning systems. IAC learns over time from 
sensors and history of control actions made during its operation. 
IAC policies constantly evolve so that its response becomes more 
finely tuned to the idiosyncrasies of each building’s particular 
environmental landscape.
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Physical Testbed and Prototypes
The physical environmental test bed is an acrylic chamber 
designed as a modular kit of parts for testing a range of materials, 
control mechanisms and data processing models. The chamber is 
divided into two equal volumes separated by a slot for a remov-
able prototype. Different active facade assembly prototypes 
can be inserted and tested between chamber A, representing 
exposure to an external environment, and chamber B, which 
represents a controlled internal environment [Fig. 3]. This test 
chamber permits experimental control of environmental condi-
tions (humidity, temperature, light, heat flow) on each side of the 
testing facade and the monitoring of the response and adapt-
ability of the apparatus to variations in conditions. The testbed 
is modular by design to enable experimental evaluation of the 
adequacy of various categories of adaptable materials and data-
driven adaptive control policies within the IAC. 
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In this project, our collaborators in Information Science and 
Electrical and Computer Engineering have identified two relevant 
control frameworks: Model Predictive Control and an area of 
machine learning known as Reinforcement Learning. Model 
Predictive Control (MPC) has become the dominant popular 
approach to HVAC control (Morari and Lee 1999; Maciejowski 
2001; Ernst et al. 2009). Because MPC incorporates an accurate 
model of its task environment, it can anticipate future events 
and adjust accordingly based on decision point or fixed-horizon 
algorithms. MPC controllers require accurate knowledge of the 
operating environment conditions and become ineffective in 
unknown and changing operating environments. Reinforcement 
Learning (RL) is an area of machine learning concerned with 
how software agents learn to perform a series of sequential 
actions within an environment in order to maximize some notion 
of a long-term reward (Sutton and Barto 1998). A reinforce-
ment learner does not rely on an a-priori model of its operating 
environment like an MPC does; it learns its optimal policy from 
its history of interaction with the environment. Reinforcement 
learning has been proposed as one approach to regulate controls 
within an environment as dynamic and complex as a building 
interior (Dalamagkidis et al. 2007).

For the conception of linking an intelligent automation system 
with the building envelope functions, an adaptive controller 
synthesis paradigm is preferred because the task environment 
dynamics are more uncertain. For this particular integration, our 
team has established a direction towards a hybrid approach to 
the computational control system, blending the benefits of RL 
with those of MPC (Peng and Morrison 2016). Comprehensively, 
the IAC framework engages concurrent development of phys-
ical dynamic envelope prototypes, simulation of digital design 
concepts, and analysis of building energy performance.

METHODS
Our experimental framework is an ecosystem consisting of a 
physical testing apparatus linked to both a digital simulation and 
analysis environment [Fig. 2]. A range of adaptive facade material 
assemblies can be inserted within the physical environmental test 
chamber. Digital configurations of these assemblies are simulta-
neously developed within a simulation environment for design 
purposes and in order to apply our experiments to the building 
scale for energy performance analysis. The bridge between these 
three environments is the IAC computational control framework. 
The IAC framework is an autonomous adaptive control architec-
ture based on an adaptive machine-learning methodology. The 
IAC regulates the electronic controls within the physical testbed 
as well within the digital simulation. Over time, the data gener-
ated within these two experimental arenas train the IAC’s control 
algorithms toward adaptive performance improvements.
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Multi-sensory device arrays (thermocouples, photodiode, 
humidity sensors, infrared camera, etc.) embedded throughout 
the interior chamber, the facade itself, and the external space 
produce large-scale data flows used to generate responsive 
behaviors through adaptive learning. Initial physical prototype 
baseline studies are being prepared with electroactive photo-
chromic dynamic glazing film technology, which responds to 
photometric measures in graduated increments of opacity and 
transparency based on a dimmable halogen lamp array input and 
photosensor data collection [Fig. 4]. The anticipated result of the 
combination of advanced facade materials with adaptive control 
is an autonomously responsive envelope that can maintain 
internal environmental conditions with appropriate performance 
levels compared to conventional methods. Specific targets in 
next-generation building energy management systems indicate 
the merging of sensor data and predictive statistical models to 
allow for more proactive modulation as signals are changing 
(Zavala et al. 2011). Future predictive modeling may also be 
linked with online sources provisioning communication from 
urban microclimate data from external sensory networks and 
utility providers (Pang, Hong, and Piette 2013).

3	 Test chamber for physical prototype insert dividing two equal chamber volumes 
of an environmental input (A) and a control environment (B).

4	 Physical testbed construction with initial baseline dynamic glazing film and 
halogen dimmable lamp array input. 

5	 Digital design studies of dynamic responsive passive envelope conditioning 
hydrogel modules for evaporative cooling, heat capacitance, and natural 
daylighting functions.

6	 Digital design studies of dynamic responsive building envelope modules in 
various pattern configurations.

Digital Simulation Environment
The work within the design development process of machine 
learning integration with adaptive building envelope and recip-
rocal building energy performance is conducted in the Rhino 
3D – Grasshopper platform with Ladybug-Honeybee plug-ins 
and EnergyPlus simulations. In the current work, Python scripts 
access reinforcement learning algorithms that, along with weather 
data input and energy simulation output through base building 
analyses, inform dynamic changes in building envelope prop-
erties. Dynamic envelope design concepts developed with the 
parametric visualization tools [Figs. 5 and 6] can be correlated to 
dynamic properties for analysis engine input.

The framework developed for this project serves as a design 
process tool, in addition to informing potential building envelope 
technologies. There are three primary facets to the simula-
tion process: a) defining the building envelope system and the 
influence of external environmental stimuli, b) determining the 
interior building environmental performance through dynamic 
envelope properties, and c) defining the learning algorithm to 
actuate change in properties or functionality of the building 
envelope system. Current building energy simulation models 
have two drawbacks in these areas—limitation on dynamic enve-
lope analysis and limitation on reinforcement learning algorithm 
integration (Magoules and Zhao 2016; Sanyal et al. 2014). 

The simulation process is more complex than current standards 
for energy performance models because real-time building 
performance results are continuously analyzed through algo-
rithmic comparison with concurrent external stimuli to actuate 
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change in the building envelope properties. The process is 
dynamic rather than static, and intends for adaptability of an 
envelope system beyond a two-state control process. Our 
current analysis framework includes a baseline building model 
with selective data processing for the surface energy losses and 
gains at the building envelope for each cardinal orientation [Fig. 
7]. The data provides the MPC learning sets, which are utilized 
for initial building envelope property changes in response to the 
algorithm actuation. Further development is required to model 
the dynamic behaviors of envelope response stimulated through 
the IAC with the EnergyPlus interface for predictive environ-
mental performance results.

Computational Control Framework
The multifaceted nature or our testing environment, containing 
physical as well as virtual components, supports our hybrid 
approach to the development of the IAC framework. The project 
methodology allows for two parallel sets of learning data to be 
developed - one in the test chamber with physical prototypes 
and sensors, and another in the simulation environment with 
analysis tools. Our project is also developing a compromise 

between planning and learning, where planning is represented 
by the framework of an MPC and learning is represented by a 
model-free reinforcement learning technique (Morari and Lee 
1999; Maciejowski 2001; Afram and Janabi-Sharifi 2014). Both 
approaches seek to define a series of policies for state-depen-
dent actions to maximize cumulative long term reward.

In planning, it is assumed that a complete model of the task 
environment is available and the planner induces a policy for 
choosing the action in each state that achieves optimal perfor-
mance in terms of total long term reward. The RL approach, on 
the other hand, does not assume the environment is known 
ahead of time. Instead, the learning agent has to interact directly 
with the environment to gather data about the effects of its 
actions on the world and their reward value, and while doing so 
searches for an optimal policy for action.

The a-priori model of the task environment is both the strength 
and weakness of the planning approach. In an environment as 
complex as a building interior, these conditions are unlikely to 
be completely known in advance and may change over time. 

7	 Base building energy analysis model establishing open office floor plan with four perimeter zones and specific analysis data for total thermal energy per zone (upper right) 
and surface energy losses and gains through envelope system (graphs) for each facade in cardinal orientations at hourly resolution for an annual timeframe.
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The learning framework provides a general approach to solving 
sequential decision-making problems without relying on a 
pre-existing model of the task environment, but incurs the 
prohibitively high cost of real-time interaction with the environ-
ment that would require multiple parallel processors (Magoules 
and Zhao 2016). We can potentially get the advantages of both 
frameworks through a hybrid approach in which we use a suit-
able platform for offline training of an adaptive learning system 
through our complementary methodology of physical and simula-
tion environments. In this case, the policy learned in simulation is 
used to initiate the learner with a reasonable performance that is 
then transferred to and fine-tuned in real-world interaction. This 
approach reduces the amount of costly real-world experience 
required to achieve high performance (Liu and Henze 2006; 
Cutler et al. 2015). 

By constructing a feedback loop between actual and simulated 
environments, we streamline the development of the learner. At 
the same time, we iteratively increase the accuracy of our simula-
tion by recalibrating it each cycle based on results recorded from 
the physical test chamber. The result is a prototyping environ-
ment where we can develop a novel environmental control 
framework that adapts to its ever changing context and continu-
ally improves its performance over time. This experimental setup 
is also designed to anticipate how our IAC might be employed 
in the field. While in operation as a building control system, 
a parallel simulation driven by real-time data collected from 
building sensors would provide an environment where alternative 
control policies may continuously be explored and evolve. 

RESULTS
Initial work on the development of the IAC has focused on 
its integration with a conventional HVAC control system. 
Subsequent development will confront the more complex 
prospect of passive conditioning through an adaptive facade. In 
simulations of our initial model, the thermostat controller tuned 
via a reinforcement machine learning algorithm performed 
approximately 5% more efficiently than a simulated conven-
tional automatic thermostat. We expect that this performance 
will improve over the course of our work towards single system 
performance improvements of 8–12%, and our target for 
accumulated efficiency between a passive facade system and a 
conventional HVAC system centrally controlled by the IAC tech-
nology is 25–35% (Jacobs 2003). The integration of the IAC with 
adaptive building envelope actuation could provide up to 50% 
reduction in energy demands.

CONCLUSION
Current work to date has demonstrated performance benefits 
from the application of an early version of the IAC. The time 
series of environmental conditions and the state of the facade 
will be analyzed to create models of system dynamics at multiple 
time scales. These dynamic models shall serve as the instrument 
for developing control algorithms to maintain desired cham-
ber-internal environment states while optimizing for low energy 
consumption. This includes using adaptive learning techniques 
that explore control strategies under different optimizing 
constraints.

Our efforts have occurred through interdisciplinary collaborations 
with Information Sciences, Electrical and Computer Engineering, 
and Material Science Engineering. In order to develop robust IAC 
policies, further interdisciplinary connections are warranted that 
will enhance the possibilities for holistic evaluative frameworks in 
the reinforcement learning algorithms. The primary focus in near-
term work required specific attention to linking the RL with the 
dynamic facade for parametric development of environmental 
data feedback informing actuation signals. The simplified physical 
model for the electrochromic dynamic glazing film and photo-
metric analysis will be analyzed with concurrent development of 
dynamic simulation scripting in the EnergyPlus platform. 

This work ultimately pursues the systematic evaluation of a range 
of adaptive envelope technologies with regard to environmental 
performance. When complete, the resulting comparative study 
will undoubtedly have value beyond the bounds of this project 
and be useful to architectural designers at large. Furthermore, 
our experimental testbed serves as a generalizable process and 
kit of parts. It may be adopted and improved upon by future 
designers for use as tool kit for the study and design of adaptive 
facades in all of their aspects.
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NOTES
1.	 Design integration of high performance envelope systems has shown 

30%–70% energy savings. “Federal R&D Agenda for Net-Zero 

Energy, High-Performance Green Buildings Report” National Science 

and Technology Council, Report of the Subcommittee on Buildings 

Technology Research and Development, Oct 2008, p.21.

2.	 The only identifiable emerging market technology in this area is 

the Provolta Energy OS patent pending machine learning platform 

by Rengen supported in part by R&D partner Lawrence Berkeley 

National Laboratory; however, this platform does not explicitly 

focus on integration with dynamic building envelopes, but rather on 

improving performance of HVAC control systems through building 

integration feedback.
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