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ABSTRACT

Increasing building construction thermal resistance has been shown to be an effective traditional way of improving building energy efficiency. In this approach,
the opaque building envelope is often deemed to be a static system that keeps the indoor environment isolated from the outdoor environment. More recently,
active insulation systems (ALS) have been conceptualized to enable active control over building envelope thermal properties, allowing the thermal resistance
to be optimally modulated in response to changing environmental conditions. Dynamically tuning the building thermal performance can lead to increased
energy savings, reduced operating costs, and reductions in operational carbon emissions. When paired with thermal mass, ALS can also increase building
load flexcibility for providing demand response and grid services. Building flexibility can further be improved if the building is also equipped with optimized
HVAC system controls. In this configuration, the ALS and HV AC systems can be beneficially coordinated to optimally condition the space based on the

desired operational objectives.

In this work, we quantify the potential benefits of jointly optimizing ALS and HV AC system controls by applying model predictive control to a detailed
whole-building energy model. The example building is an all-electric single-family residential building, satisfying IECC 2012, in Baltimore, MD. To
highlight the increase in benefits from jointly optimizing HV AC and dynamic envelope systems, we compare the results to the performance achieved when
optimizing HV.AC and ALS systems individually. Results showed that the combined optimization of HVV.AC and ALS control was able to achieve 13%
peak demand reduction, while savings 3% energy. This is in contrast to only a 10% peak reduction and 16% increase in energy use for the case with
optimized HV AC only. These results nltimately motivate further exploration, integration, and joint optimization of dynamic envelope and HV AC system

Components.

1. INTRODUCTION

Buildings account for over one-third of global energy consumption and 40% of total direct and indirect carbon
emissions [1]. Improving its energy efficiency (EE) would significantly reduce costs and facilitate the transition to a
decarbonized energy system. While increasing resistance in building construction has been shown to be an effective
traditional way of improving building EE, it has resulted in static thermal behavior that neglects the dynamics of electric
power system due to the increasing integration of wind and solar resources, which are variable in nature. The static
nature also precludes opportunities to increase efficiency by leveraging passive heating and cooling by favorably adapting
the building thermal characteristics to changing environmental conditions, and by utilizing building envelope integrated
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thermal storage. Thus, active insulation systems (AIS) were introduced to to address these shortcomings by achieving
dynamically tunable thermal envelope performance in buildings.

Technologies like AIS can ultimately be used to create Grid-interactive efficient buildings (GEBs). According to a
roadmap report by the U.S. Department of Energy Building Technologies Office [2] GEBs are energy-efficient buildings
with smart technologies characterized by the active use of distributed energy resources (DERs) to the optimize energy
use of grid services, occupant needs, and cost reductions in a continuous and integrated way. GEBs are believed to be
efficient, connected, smart, and flexible [2]. That is, GEBs can provide efficient building services such as thermal and
visual comfort, indoor air quality, hot water, and so on. They are also connected through two-way communication
between technologies and the grid. Being smart, they support advanced buildings and energy system control including
co-optimization of multiple end-uses and DERs (e.g., generation and storage) [3], incorporation of input predictions
(e.g., weather, occupancy, and grid needs) into the optimization [4], [5], and optimization for multiple objectives (e.g.,
overall energy use, carbon emissions, peak shaving, and load shifting) [6]. Recently, Li and Pavlak [7] revealed a diverse
range of tradeoffs between building energy cost and carbon emission reduction objective and thus insisted on
understating the incentive signal dynamics before the development of new control technologies for GEBs. Finally,
GEB:s can provide a flexible load control that responds to the electric grid accordingly. For instance, Swaminathan and
Pavlak have shown that such building flexibility can reduce the required size of battery storage in building-level
microgrids [8].

Given this context, in this work we jointly optimize the controls of AIS and HVAC systems using detailed-whole
building energy models to explore the potential synergy between operations of both systems. We also provide an
intricate comparison of the savings with respect to the AIS- and HVAC-only approaches. Section 2 provides additional
context through the review of relevant literature. Section 3 describes the building models used in this study, optimization
environment, and performance comparison scheme. Results for three simulation case studies are presented in section
4, followed by closing remarks in section 5.

2. RELATED WORK

Researchers could show that excessive construction insulation caused thermal discomfort during summer
overheating in [9]-[11]. However, Park et al. [12] used a simplified two-step control strategy for AIS in residential
buildings and reported average reductions of 15% and 10% in annual cooling and heating energy use respectively.
Moreover, dynamic insulation has proved to be an appropriate mate for PCM utilization since it harnesses PCM latent
heat during a complete phase change process [13].

So far, miscellaneous approaches have been taken to reach the same AIS behavior. For instance, Kimber et al. [14]
presented a multilayered wall that could switch from conductive to the insulated state by positioning thin polymer
membranes within a wall to create stagnant air. Breathing wall is another common approach based on convection (air)
mechanism to ensure a proper Indoor Air Quality IAQ) by providing enough air infiltration into the building.
According to Imbabi [15], it is an ideal solution for both new build and retrofit applications. Another insulation type
based on convection (air) mechanism is translucent facade elements. Pflug et al. proposed a translucent insulation panel
that is moved vertically or rolled up/down between two fixed layers to switch between the insulating and conducting
states by switching the wall U-value [16]—[18]. Unlike breathing walls, they showed large improvements in the summer
thermal comfort in addition to a cooling demand reduction of 29.6%.

Thermal diodes are another way of achieving AIS. Varga et al. [19] worked on a numerical solution of the heat
transfer problem to characterize thermophysical properties (i.e., conductivity, diffusivity, and specific heat) of a thermal
diode in a heat pipe panel. They showed that the thermal diode conductivity could be altered by three to five times
between the forward and backward heat transfer. The last mechanism covered in this literature review is differing gas
pressure inside a vacuum insulation panel. Benson et al. [20] designed variable-conductance vacuum insulation (VCI)
which used an electronic heater to change the temperature of the hydride. Once the temperature was changed, hydrogen
adsorption and desorption provided the lower and upper limits of the insulation layer.



Most of the aforementioned technologies are either conceptual or only tested as prototypes. However, researchers
have utilized simulation tools to evaluate the effects of AIS by controlling the solid-state conductivity. Developing a
simulation strategy, Favoino et al. [21] showed the potential of AIS to reduce building energy use, followed by Jin et
al.’s work [22] which showed an annual energy saving potential of 50%. Menyhart and Krarti [23] used a modified RC
model to simulate the AIS control mechanism with two steps (low-R and high-R). They reported a potential range of
total energy savings of 7% to 42% compared to a baseline with static insulation. Shekar and Krarti [24] expanded on
this work by optimizing the R-value by a genetic algorithm in an office building and reported a maximum potential
saving of 17% in annual heating and cooling energy costs. While all of those studies have estimated the potential
reductions in total energy use, Antretter et al. [25] used the Energy Management System (EMS) feature of EnergyPlus
to develop a rule-based control algorithm to model AIS and illustrated a flexible control of charging and discharging of
AIS from both exterior and interior sides of a wall. They showed that such control could then result in a dynamic
building energy management that has the potential to provide grid services like load shedding and shifting. Expanding
on the last work, Mumme et al. [26] showed a smarter building envelope by coupling thermal storage to AIS. They also
claimed a more flexible building envelope when AIS is accompanied by pre-conditioning. However, neither the AIS
control nor the pre-conditioning schedule was operationally optimized.

To the best of our knowledge, no work thus far has jointly optimized HVAC setpoint and AIS controls, and few
studies used detailed-whole building energy models. This study partially fills this gap by performing a joint optimization
of HVAC and AIS controls. An intricate comparison of the savings to the AIS- and HVAC-only approaches is provided
to better understand the potential interactions and synergies between the two technologies.

3. METHODS

To quantitatively evaluate the benefit of jointly optimizing building HVAC operations and dynamic envelope
properties a framework was developed that couples detailed whole-building energy models with optimization algorithms
to generate optimal control decisions for the proposed systems. The following subsections provide more detail on the
building energy models used in this study, and the components of the optimization framework.

I. Building Models

The baseline model is a single-family DOE residential prototype building. It is located in Baltimore, MD (Climate
Zone 4A) with a net conditioned area of 220.82 m? (2377 ft2?), and heating and cooling are provided by an all-electric
heat pump system with heating and cooling setpoints of 20°C (68°F) and 24°C (75.2°F), respectively. The baseline
exterior wall construction is adopted from Antretter et al. [25] to include thermal mass (concrete 140 mm (5.51 in))
between two insulation layers. Two insulation layers satisfy the total R-value required by IECC 2012. The outside wall
layer is covered by cladding stucco (10 mm (0.4 in)), and the inside layer is Gypsum board (10 mm (0.4 in)).

There are five AIS configurations that are considered in this work (Figure 1). While the baseline model is always
at configuration 4 with both the interior and exterior insulation layers in the On state (i.e., On-On), the optimizer can
choose any configuration from 1 to 4. Configuration 3 means the exterior layer is Off while the interior layer is On (i.e,
Off-On), configuration 2 (l.e, On-Off) is the opposite case 3, and configuration 1 (i.e, Off-Off) is with both layers at
Off state with total insulation resistance of only 0.007 m2K/W (0.04 ft2’Fh/Btu). Configuration 5 resembles
configuration 2 with On-Off structure. While configuration 5 satisfies the total required R-value at the exterior layer,
configuration 2 had the total resistance split between the interior and exterior layers. As a result, configuration 5 allows
all thermal mass to be available for preconditioning of the space via HVAC control in addition to having full insulation,
which makes itideal for an HVAC-only case study to assess the maximum power of HVAC system to precool the space.

I1I. Optimiztion Environment

A model predictive control (MPC) framework is applied in this study through a variant of the metaheuristic PSO



Configuration Assembly (Exterior to Interior)

1 Cladding Stucco + Mass + Gypsum S ||G.

2 Cladding Stucco + Ext. Batt R7.5 + Mass + Gypsum S B" ||G

3 Cladding Stucco + Mass + Int. Batt R7.5 + Gypsum S|| ||B||G

A Cladding Stucco + Ext. Batt R7.5 + Mass + Int. BattR7.5 + | ||B|| ||B| G
Gypsum

5 Cladding Stucco + Ext. Batt R15 + Mass + Gypsum S|| B ||G.

Figure 1. Wall constructions used to simulate the range of AIS states.

algorithm [27] for optimizing AIS and HVAC operations. The algorithm generates a candidate control vector
ascandidate solutions (particles) and expects the cost of that control strategy to then move the particles around in the
search space over the particle’s position and velocity. The local best variant of PSO is used from the PySwarms
optimization package for Python. The optimization problem to be solved is the minimization of a blended cost function
of energy and peak demand as described in Equation (1) below,

24
min
Tsetpoint:AIS ( Z Ecooling (t) * Wy + max(Ecooling, 4pm-7pm ) * W ) (1)

t=1

s.t. 20°C (68°F) < Tserpoint (t) < 24°C (75.2°F) V't € {1..24)

AIS(t) €{1,2,3,4} Vte{l.24)}

where Ecooling 1S energy use associated with the cooling system in kW, w1 is the weighting factor corresponding to the
daily energy use component, wa is the weighting factor corresponding to the peak of energy use from 4 to 7 pm, Tisepoint
is the cooling HVAC setpoint temperature in °C, and AIS is the AIS configuration state. The optimization cost function
is set to minimize the peak demand in addition to the total building cooling energy by varying the cooling setpoint
temperature and AIS configuration.

III. Performance Comparison

Three case studies are included in this study: HVAC-only, AlS-only, and HVAC+AIS (i.e., Merged case). Their
performances are compared to a baseline case with no preconditioning and no AIS control on August 10 when there
was a suitable outdoor drybulb (DB) temperature swing. Given all thermal mass available for preconditioning the space
(AIS at state 5), one simulation allows the optimizer to find the optimum precooling strategy (HVAC-only) before the
peak happening at 4 pm with a setback to 24°C (75.2°F) at 7 pm (Figure 2). Note in this case that all required R-value
is satisfied at the extetior insulation layer to assess the maximum HVAC contribution to the total savings.

Like HVAC-only, there is an AlS-only case study where the setpoint is kept steady at 24°C (75.2°F), and the
optimizer decides only on the optimum AIS control strategy (Figure 3). The maximum power of AIS control in total
savings is quantified in this simulation. Lastly, the Merged case study allows the optimizer to adjust both AIS and HVAC
controls in parallel, looking for synergy or an interaction between the two types of controls.
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Figure 2. Results of HVAC-only optimization for August 10.

4. RESULTS

This section provides three sets of plots for each of the three case studies to compare their results with the baseline
scenario. Hach plot consists of three panels displaying relevant temperature trajectories (i.e., cooling setpoint, zone air
temperature, and mass temperature for both default (DEF) and optimum (OPT) cases on the left axis, and outdoor DB
on the right axis) in the top panel, total building power draw in the middle panel, and AIS control in the bottom panel.

Results for the HVAC-only case study ate compared to the baseline in Figure 2. Mass temperatures start from the
same thermal history at the beginning of the day; however, adjusting the setpoint at 20°C (68°F) for the OPT case, the
space is preconditioned, and OPT mass temperature diverges from the DEF mass temperature gradually until the
maximum difference of 3°C (5.4°F) happens during the peak time. That is, construction mass is charged duting off-
peak, and then discharged during the on-peak period. The middle panel compares houtly power draws of the building
with the highest DEF peak of 3.33 kW happening at 6 pm. From this panel, a clear peak demand reduction of 10% is
obvious from 3.33 kW to 3.00 kW while increasing the overall energy consumption by 16%, which can be understood
from the area under the curves. The bottom panel displays no AIS optimization in this test and both the baseline and
HVAC-only case studies remain at constant controls of 4 and 5, respectively. As mentioned in the Methods section,
configuration 5 is only used in this test since it allows for assessing the full capability of the HVAC system to lower the
cost function by charging the thermal mass from the interior, while satisfying the total R-value requirement.

Results for the AlS-only case study are compared to the baseline in Figure 3. From the top panel, mass
temperatures start from the same thermal history at the very beginning of the day; however, it diverges from the DEF
since AIS is at configuration 3 in the OPT case. In other words, no exterior insulation lets the thermal mass be charged
by the cool ambient air in the nighttime to be then discharged later in the day. The bottom panel illustrates how the AIS
control starts from configuration 3 to decrease the thermal mass temperature; followed by 4 to keep the thermal mass
temperature low enough for a discharge at configuration 2 in the peak period. The middle panel compares hourly power
draws of the building with the highest DEF peak of 3.33 kW happening at 6 pm. From this panel, a clear peak demand
reduction of 10% is obvious from 3.33 kW to 3.00 kW while decreasing the overall energy consumption by 6%, which
can be understood from the area under the curves.
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Figure 3. Results of AIS-only optimization for August 10.

Results for the Merged case study are compared to the baseline in Figure 4. From the top panel, mass temperatures
start from the same thermal history at the very beginning of the day; however, it diverges from DEF since not only AIS
starts at configuration 3, but also CLG setpoint is allowed to be lower than 24°C (75.2°F) in the OPT case. AIS control
in this test is similar to the AIS-only test, except it shifts to configuration 2 sooner than the peak period to allow
additional charging due to the low CLG setpoint from 2 pm to 4 pm. Hence, a 13% peak reduction from 3.33 kW to
2.90 kW appears in the middle panel in addition to a 3% reduction in the overall energy consumption.

Table 1 summarizes total savings in addition to savings achieved by overall daily energy consumption and peak
demand reduction. Case study 1 known as HVAC-only could decrease the cost function by 4% mainly due to the 10%
savings achieved by peak demand reduction. This demand savings was able to offset the 16% increase in energy
consumption. On the other hand, case study 2 known as AlS-only could achieve higher total savings of 9% with
reductions in both the peak demand and energy consumption of 10% and 6%, respectively. Finally, case study 3 known
as Merged had the highest total savings of 10% with the highest reduction of 13% in peak demand and moderate energy
savings of 3%.

5. CONCLUSION

In this study MPC was applied to show how AIS and HVAC control optimization can significantly contribute to
both energy savings and peak load reduction. Unlike case 1 that uses more overall energy to reduce the peak demand,
case 2 leads to a lower peak while achieving less energy consumption (Table 1).

According to the houtly mass temperature profiles (Figures 2-5), that achievement is due to the construction
thermal storage that can be charged during cool nighttime outdoor and discharged during the hot daytime environment.
Having merged both AIS and HVAC controls in case 3, even more peak demand reduction is achieved while also
achieving notable energy savings.

Table 1. Savings associated with each of the case studies

. . Peak Demand Total Savings by
Case Study Details Energy Savings Reduction Cost Function
1 HVAC-only -16% 10% 4%
AlS-only 6% 10% 9%

3 Merged 3% 13% 10%
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Figure 4. Results of the Merged optimization for August 10.

Overall, the results highlight how active envelope, HVAC control, and building thermal storage can work together
to achieve both flexibility (e.g., load shifting) and efficiency. Consequently, GEBs employing active insulation, intelligent
HVAC controls, and thermal storage can contribute to greater affordability and reliability of the power system,
reductions in greenhouse gas emissions through lower energy consumption, and more renewable energy integration
through their flexibility.

Although the largest savings was observed for the Merged case, the total savings was less than the sum of AIS-
only and HVAC-only cases. In other words, the technologies were observed to be complimentary but not synergistic.
The AIS and HVAC control essentially provide two mechanisms for charging the same envelope thermal mass, thus,
there are limitations on how much energy can be stored and how quickly the mass can be charged and discharged.
Future work could condiser integration of phase change matetials and/or active thermal storage with active envelopes
to explore optimal system designs that improve upon these initial results.

Lastly, the largest limitation of this study is perhaps that the savings have only been quantified for a single day,
building type, and climate zone. Executing the joint optimization with detailed whole building models is a computatially
intenstive task, thus, the work here was intended to explore the joint potential under favorable conditions to determine
if further exploration is warranted. In the future, this work will be expanded to examine the joint optimization of HVAC
and AIS controls in different climate zones, and for a full year of weather conditions.
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