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ABSTRACT 
 In response to climate change, building design is 
increasingly shifting its focus toward thermal 
performance and internal energy flows. Regarding the 
space as a dynamic system, this paper approaches the 
characteristics of its thermal behavior through dominant 
modes. An automated analysis framework is introduced, 
applying Dynamic Mode Decomposition to the 
temperature field of open spaces based on multi-zone 
simulation, followed by a Generative Adversarial 
Network modeling to speed up the feedback. The 
predicted modes reveal the organization of energy flows, 
offering insights to early design considerations such as 
thermal zoning and partition layout. The workflow is 
developed on the Rhino-Grasshopper platform, utilizing 
EnergyPlus as the simulation engine and pix2pix as the 
network model. 
 
Keywords: Thermal response, Dynamic Mode 
Decomposition, Thermal zoning, Passive house,  
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NONMENCLATURE 

Abbreviations  
 DMD Advances in Applied Energy 

CFD Computational Fluid Dynamics 
GAN Generative Adversarial Networks 

1. INTRODUCTION 
Climate change brings a dual challenge to building 

design today: curbing energy use and carbon emissions 
for its cause, and combatting the extreme weather 
events for its repercussions. Along with the development 
of materials, mechanical systems, and computational 
tools, a paradigm shift towards thermodynamic 
architecture is emerging—where any built environment, 
contrary to the conservative insulated model, is an open 
system immersed in a variety of dissipating energy 
flows[1]. Beyond the steady-state mandated by air-
conditioning, the space form can be designed to 
modulate, resist, or accelerate such energy flows. 
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Advancing that paradigm requires a dynamic view of 
thermal behaviors in space to reconcile design methods 
with technologies. 

From a qualitative perspective, thermodynamic 
design starts from a three-stage process of space 
programming: overall building form interacting with the 
environment; thermodynamic devices that guide energy 
flow (such as atria, solar chimneys, and patios); space 
programming that influences internal thermal ex-
change[2]. “Form follows energy” has been a trending 
topic in massing study, yet the internal structure—space 
layout—remains relatively underexplored. Organizing 
sources and sinks, space layout underlies patterns of 
building thermal flows in conjunction with mechanical 
systems, equipment, and occupant behaviors[3]. For 
example, a perimeter circulation space can act as a buffer 
zone to maintain a stable interior environment. Similarly, 
locating highly occupied space on the northern side can 
reduce heating loads. Despite its energy-saving 
potential, space layout is often underestimated in early 
design decisions[4], largely because its impact is difficult 
to evaluate without quantitative feedback, given the 
complexity of design parameters and objectives. 

On a quantitative basis, space programming can be 
optimized through generative design informed by 
performance simulation. Some design metrics—such as 
daylight, adjacency, view to outside—are more heuristic 
and easier to formulate. Autodesk[5] pilots generative 
layouts for an open-plan office over 10000 cases with 1 
minute per each. On contrary, other physic metrics—
such as energy use and thermal comfort—can be 
computationally intensive. Yi[3] develops a tool to 
optimize orthogonal partitioned space layouts by energy 
bills, mean predicted vote, and daylighting, showing 
complex trade-offs among objectives. Du[6] further 
introduces the polygonal boundary as a variable, finding 
that energy-efficient layouts tend to have rounded 
forms. Overall, such computational methods need clear 
restriction or human intervention to prevent the results 
from aesthetic anomalies, so there is need for fast 

Energy Proceedings
Vol 59, 2025

ISSN 2004-2965



2 

feedback both quantitative and qualitative to the design 
process.  

To better understand the thermal behaviors, this 
paper proposes an analysis framework that generates 
and predicts the thermal modes of open space floor 
plans. The rest of the paper will organize as follows. 
Section 2 introduces DMD to grasp the characteristics of 
the space thermal response by analyzing the simulated 
temperature field.  Section 3 gives two applications—
thermal zoning and partition layout—to demonstrate 
how this metric would facilitate the design process. 
Section 4 incorporates GAN for extrapolation and the 
feedback speed-up. 

2. THERMAL RESPONSE ANALYSIS 
Thermal response describes how space reacts to 

thermal inputs such as ambient temperature, solar 
radiation, and internal heat sources. The space itself can 
channel, block, or delay heat transfer by different 
configurations in forms, spatial arrangements, or 
materials, making thermal response its inherent 
character. 

The variation in air and radiant temperature fields 
manifests the thermal response of a space. However, 
field tests are not feasible during design phase, and the 
complex heat transfer mechanisms, especially the fluid 
dynamics, are difficult to capture in a straightforward 
manner. By leveraging simulation, the thermal dynamics 
can be analyzed in the frequency domain by data-driven 
methods, offering quantitative insights to support the 
design decisions of space. 

2.1 Dynamic mode decomposition 

The thermal behavior of building can be regarded as 
a nonlinear dynamic system and approximated by an 
infinite set of linear modes according to the Koopman 
theory[7]. Building on a similar concept, DMD identifies 
modes with decay rates by rank truncation. As a data-
driven method, DMD can be readily implemented 
through matrix operations. 

Considering a continuous, non-linear system 
evolving with time 𝑑𝒙 𝑑𝑡⁄ = 𝒇(𝒙), where 𝒙 ∈ ℝ𝑛  is a 
vector that describes the spatial state of the system at 
time 𝑡 , and 𝒇(∙)  surrogates all mechanisms that are 
too complex to formulate. What DMD does is to 
workaround it by regarding 𝒇(∙) as linear then solve the 
transition matrix 𝐀  that evolves the system from 
snapshot  𝒙𝑘 to the next: 

 𝒙𝑘+1 = 𝐀𝒙𝑘 → 𝐗′ = 𝐀𝐗 (1.1) 

where 𝐗 = [𝒙1, 𝒙2, … , 𝒙𝑚] 𝐗′ = [𝒙2, 𝒙3, … , 𝒙𝑚+1] are 
presumed to include all system dynamics. Instead of 
solving 𝐀 directly, Schmid[8] approximates it by Singular 
Value Decomposition 𝐗 = 𝐔𝚺𝐕∗ at a lower rank 𝑟: 

 𝐀̃ = 𝐗′𝐗+ = 𝐔∗𝐗′𝐕𝚺−1 ∈ ℂ𝑟×𝑟 (1.2) 

Based on each eigenvalue-eigenfunction pair 𝜆𝑖-𝝎𝑖  pair 

of 𝐀̃ , the system mode can be approximated by 
equation (1.3), which is an exact description for 𝐀 and 
shares the same form with the Koopman modes when 
the system is linear[9]. 

 𝝓𝑖 = 𝐗′𝐕𝚺−1𝝎𝑖/𝜆𝑖 ∈ ℂ𝑛 (1.3) 

Each mode 𝝓𝑖 holds a series of complex numbers 
of the spatial states, representing a portion of the 
system’s evolution. Ideally, the system can be recovered 
through their superposition—albeit infinite modes are 
needed for a non-linear system, according to the 
Koopman theory. Nevertheless, some dominant modes 
contribute most to the system’s behavior, making them 
the primary focus in dynamic analysis. 

DMD is able to reduce the spatial order while 
balancing the time-frequency accuracy of temporal 
behaviors, featuring both Proper Orthogonal 
Decomposition and Fourier Transformation. Therefore, it 
excels in processing dataset where the spatial dimension 
outweighs the temporal dimension. Although initially 
introduced for CFD, DMD proves its ability in video 
processing, system fault detection or weather 
forecasting, with variants tailored for specific task. 

2.2 Simulation settings 

Free-floating temperature serves as an ideal 
observable of system dynamics. During conceptual 
design, simulation can synthesize complex thermal 
mechanisms into a single time series for DMD analysis. 

Simulation models differ in resolution and 
complexity. CFD models, governed by Navier-Stokes 
equations, are accurate but limited by significant 
computational cost. Zonal models simplify pressure and 
viscosity terms, making it economic for solving specific 
fluid regimes. Multi-zone models represent space as 
network of lumped thermal nodes, capable of fast 
calculation but unable to describe fluid fields. 
Nevertheless, multi-zone model can, although not 
designed for, approximate the temperature distribution 
of open spaces with appropriate boundary settings.  
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This requires the virtual boundary of spatial grids to 
be radiation-transparent and to permit interzonal 
airflow, ranging from 0 m/s (representing a partition 
wall) to 0.05 m/s (the comfort limit for mechanical 
ventilation)[10]. A default value of 0.02 m/s is assumed 
here without validation. For demonstration, a central-
core floor plan with full glazing is modeled by 3×3 m2 
spatial grid (Fig. 1a). The simulation outputs an operative 
temperature field 𝐗  of 84 grid cells over 120 hourly 
snapshots (Fig. 1b). Southeast grids from core and 
perimeter zones are highlighted to illustrate differences 
of their thermal response. 

2.3 Analysis procedure 

With truncation rank 𝑟 = 10, optDMD[11] outputs 10 
conjugate modes in Table 1. The eigenvalue reflects the 
behavior of the corresponding mode. A stable and 
periodical mode resides on the unit circle, while the 
unstable and decaying modes approach the origin--a 
typical pattern for dissipation systems. However, in this 
case, optDMD constraints all modes on the unit circle as 
the system is presumed to be periodical. The amplitude 
𝒃 , calculated as equation (1.4), contains scale factors 
applied to each mode during system reconstruction, 
indicating its contribution. Two modes stand out at the 
top of 𝒃 spectrum: 𝝓[5,6]  for a long-term trend and 

𝝓[9,10]  for the day-period dynamics. While, modes at 

lower end contribute little to the system or just reflect 
numerical artifacts. 

 𝒃 = [𝑏1, ⋯ , 𝑏𝑟]T = [𝝓1, ⋯ , 𝝓𝑟]+𝒙1 (1.4) 

These dominant modes holds the key to the thermal 
response of space, which is visually evident in the context 
of system reconstruction. Fig. 2 illustrates the system 
recovered from the superposition of modes, calculated 
by Eq.(1.5). Note that the system is well-resolved by 
modes 𝝓[5,6,9,10], and adding more modes only refines 

the details. However, the original system cannot be fully 
recovered due to rank truncation in DMD. 

 𝐗̃[1⋯ 𝑘] = [𝝓1 ⋯ 𝝓𝑘]diag(𝑏)vand(𝜆) (1.5) 

To make it more physically interpretable, Fig. 2 plots 
each conjugate mode in the amplitude-phase ( 𝐴 - 𝜃 ) 
space, where 𝐴 = 𝑏𝑘|𝜙𝑘| is the amplitude of recovered 

𝐗̃𝑖
[𝑘]

 and 𝜃 is the phase angle by 𝜙𝑘 = |𝜙𝑘|𝑒𝑖𝜃𝑘 . Fig. 2 

highlights three key patterns: 𝑎∞, corresponding to the 
(near) static mode, represents the mean temperature 
distribution; 𝑎24, from the dynamic mode, indicates the 
intensity of regional temperature fluctuations; and 𝜃24 
shows the time lag of those fluctuations. They may serve 
as a diagrammatic approach to understand how space 
reacts to the environment and preserves indoor 
conditions passively. 

3. APPLICATION 
DMD modes outline the dynamics of thermal 

disturbances and the patterns of energy flow within a 
space, offering insights to design considerations such as 
the thermal zoning and the partition layout. They may 
support both diagrammatic thinking and quantified 
analysis, helping with decisions on massing and space 
programming—which hold the key to the building’s 
inherent thermal characteristics. 

3.1 Thermal zoning 

For air-conditioning, an open space should be 
divided into multiple zones with independent controls, 
allowing thermostats to respond to the environment 
changes promptly and properly. Since dynamic modes 

 
Fig. 1 Example multi-zone model and system observables 

 
Fig. 2 Dynamics of each mode. Each row represents: 𝐴′ unitized amplitude, 𝜃′ unitized phase, 𝑿̃[∙] system recovered 

from the superposition of multiple modes. 
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capture the evolution of disturbances, control strategies 
can be designed to counteract those modes. While the 
(near) static modes can be neglected as the temperature 
field tends to be uniform at the onset of operation.  

Each zone should have similar dynamics for a 
minimum control bias, thus the zoning task can be 
accomplished by convex clustering based on similar 
dynamics of spatial grids, represented by their Euclidean 
distance on Re(𝜙)-Im(𝜙) plane. Consider iterative K-
means clustering as an example, all data points should lie 
within the neighborhood of their cluster’s centroid. If 
not, the number of clusters 𝑘 will be increased for the 
next iteration. Fig. 3-a exemplifies a result using a 1℃-
threshold neighborhood, indicating that the spatial grids 
within each zone may differ by up to 1℃ from the control 
point. Fewer clusters may lead to outliers as shown in Fig. 
3-b. Such zoning schemes suit for a higher threshold, 
such as 1.5℃. Fig. 3-c demonstrates the risk treating the 
entire floor plan as a single zone, where a maximum 
control bias of 3℃ may occur. 

The dynamics of all spatial grids are plotted in the 𝐴-
𝜃  space. The neighborhood limits the maximum 
temperature difference between spatial grid and the 

cluster centroid by max|𝐗̃𝑖 − 𝐗̃𝑐| < ∆𝑇, which is a circle 

on complex plane but skewed in 𝐴-𝜃. This implies that 
spatial grids with lower amplitudes would tolerate more 
phase difference.  

Fig. 4 compares the zoning patterns of various floor 
plans from three aspects. 1) Orientation. Solar radiation 
comes in various orientations with time lagging, resulting 
zoning by phase difference. Spaces without glazing tend 
to have uniform thermal response, making it acceptable 
to be treated as a single zone. 2) Spatial geometry. The 
shape affects the depth and distribution of 
environmental disturbances, but overall the pattern 
follows the 2D dissipation as a layered onion. 3) Internal 
heat source. Uniform heat gains has limited impact on 
the relative thermal response pattern, while localized 
ones (such as LED screen) can make a difference. 
Generally, Fig. 4 reflects the patterns caused by three 
major thermal disturbance, which is in line with common 
design heuristics. 

3.2 Partition layout 

Interior partitions not only define functional zones, 
mediate privacy, but also shape the thermal 
environment, by manipulating the solar distribution and 
the convection pattern. The system modes can partially 
reflect such effects: 1) Amplitude of the dominant (near) 
static mode 𝐴∞  gives the regional temperature on 
average. 2) Amplitude of the dominant dynamic mode 
𝐴24 implies how badly the spatial grid is affected by the 
environment. In passive building design, there are 
considerations that an open space shall take in more 
heat while maintaining a rather low temperature 
fluctuation. 

With the same modeling in winter simulation, Fig. 5 
compares the thermal responses of different partition 

schemes. Three indices are calculated: 𝐴∞
̅̅ ̅̅ , average 

amplitude (℃) that roughly captures the heat absorbed; 
𝜎, standard deviation of 𝐴∞ that describes how spatial 
heat gains vary from the average; 𝑝, value (℃) with the 
maximum estimated probability density of 𝐴24, e.g. the 
centrality of temperature fluctuations that represents 
the stability of thermal environment. As shown in Fig. 5, 
partitions may block the solar radiation and guide the 
heat flows, thus shaping the thermal environment. As for 

passive design, a large 𝐴∞
̅̅ ̅̅  and a lower 𝑝  imply a 

layout making full use of passive heating while thermally 
stabled. 

Compared to the baseline, the ‘ring’ layout provides 
the most stable indoor environment, while the ‘zigzag’ 
and ‘turbo’ further leverage passive heating to strike a 
balance. In design practice, the ‘ring’ scheme may 
perform well in winter with Trombe walls, but tends to 
fall short on daylighting. Office ‘2226’ in Lustenau, 

 
Fig. 3 Thermal zoning by iterative K-means clustering 

 
Fig. 4 Zoning patterns for floor plans with different sun 

exposure, shapes and internal loads. 

 
Fig. 5 Thermal response of different partition schemes. 
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Austria—a success in passive design that maintains 
indoor temperature between 22-26℃—has layout 
scheme similar to ‘turbo’. However, one should weight 
thermal response against other design needs—
otherwise, the result may be architecturally impractical. 

4. FEEDBACK SPEED-UP BY GAN 
The analysis procedure described above is fully 

automated on the Rhino-Grasshopper platform with 
LadybugTools and custom Python scripts. Although 
current process, which takes minutes to complete, can 
be acceptable in design iterations, further reduction in 
computation time is necessary to make it compatible 
with CFD, to increase the modeling fidelity. In this regard, 
neural networks offer a promising surrogate approach. 

Pix2pix[12] is a universal solution to the image-to-
image translation problem that utilizes conditional GAN. 
By incorporating a condition—such as a label or image—
into the input, it gains the ability to steer outputs, which 
makes it widely applied in floor plan generation or 
physical field prediction. Likewise, a pix2pix model can be 
trained to predict the thermal response as a surrogate 
for real-time simulation workflows. 

4.1 Dataset preparation 

A typical pix2pix model requires paired input: a 
boundary sketch as the condition and an image as the 
target, both in RGB color. For condition, the workflow 
exports floor plans in vector from Grasshopper to 
128×128 pixel images, where boundaries are 2-pixel 
thick—windows in red and walls in black. For the target, 
three channels of interested property are normalized 
and fused into one heatmap in HSL color mode: the 
phase angle 𝜃24 is represented by hue, the amplitude 
𝐴24 of fluctuation by saturation, and mean temperature 
𝐴∞ by lightness. This format is physically interpretable 
to facilitate the result validation. As illustrated in Fig. 6, 
regions bleached tend to accumulate more heat; regions 
desaturated are more stable to environmental changes; 
regions in different hues have unsynchronized response. 
Since the phase is cyclical—same as the color wheel—the 
hue only conveys relative timing. The 16×16 pixel 
heatmap (matching the resolution of the multi-zone 
model) is further zoomed to 128×128 pixel RGB image via 
bilinear interpolation. 

To enrich the input data, the workflow mixes up 
parametric floor plans with the real-world ones from 
RPLAN, a vector-graphic dataset of residential building, 
to increase variety. Given that residential buildings 
feature enclosed plans, doors are etched out from walls 
for open partitions. Resulting plans are mapped onto a 

16×16 mesh for the EnergyPlus modeling—a resolution 
with acceptable simulation time.  

Apart from the geometric layout, all other 
parameters are fixed by default across simulations, 
including space size and height, material thermal 
properties, zero internal heat gains, and typical July 
weather data for Shanghai. Such settings reduce the 
dimensionality of the prediction problem but also limit 
the generalizability of the trained model. Note that the 
HSL channels are normalized against the global range 
across all cases, so the modes be replicated. The batch 
simulation produces 2400 paired images, which are split 
into training, validation, and test set by 6:1:1. 

4.2 Implementation and result 

The training process was carried out by TensorFlow 
on an RTX3050 GPU with a batch size of 2, and converged 
within 300 epochs over 10.1 hours. Final iterations have 
generator and discriminator losses stabilized around 
1.33 and 0.15. The pixel-wise mean absolute errors for 
the training, validation, test set were 0.076, 0.116, and 
0.137 respectively.  

Fig. 7 presents example outputs of test set. 
Qualitatively, the GAN model demonstrates its 
prediction ability on the distribution of thermal modes 
constrained by floor plan boundaries. It appears to 
‘comprehend’ the thermal response patterns encoded in 
the mode-fused heatmap—where the hue shifts with 
orientation and the lightness is amplified near windows 
and bounded by walls. However, caution is advised for 
quantitative uses due to potential biases introduced by 
multi-zone modeling and DMD, which will be further 
discussed in the following section. 

The GAN model was deployed locally within 
Grasshopper for real-time analysis. It reads the 

 
Fig. 6 Workflow of the pix2pix training 

 
Fig. 7 Sample outputs compared with the training data 
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rasterized boundary sketch from Rhino canvas and 
outputs the prediction image, which is then loaded back 
onto canvas, right beneath the original sketch. 

5. CONCLUSIONS AND DISCUSSION 
In this work, DMD modes are proposed as indices for 

characterizing the thermal response of open floor plans. 
A framework is developed to automate the analysis, 
either through multi-zone simulation or GAN-based 
prediction. Its application is further demonstrated in 
design tasks such as thermal zoning and partition layout. 
By providing both a quantitative metric and a qualitative 
diagram, it may support the decision making in massing, 
space programming, and system configuration, helping 
to explore the design space for more targeted 
performance evaluations. 

However, the quantification ability of the method is 
debatable and calls for improvement in future work. 
Thermal behavior synthesizes vast physical mechanisms 
especially for open space. The framework priorities the 
interpretable results over the accuracy and simplifies the 
problem at three levels: low-order modeling by multi-
zone model, brute mode truncation in DMD, and GAN-
based extrapolation. 

Low-order modeling in thermal behavior simulation. 
Compared to CFD, multi-zone model cannot capture a 
free-boundary convection merely by the assumption of 
fixed air mixing rate. Consequently, the resulting modes 
are similar to a 2D-conduction problem, and sensitive to 
the spatial meshing. If computational capacity permits, 
CFD and zonal model would be preferred for obtaining 
the observables. 

Only essential modes, the (near) static and 24h-
dynamic mode, are considered. Additional modes will 
emerge with enriched simulation and proper data 
processing. For example: a year-long simulation 
introduces an 8760h-period mode reflecting the 
seasonal change; including human activity as heat source 
will lead to a 168h-period mode showing workweek 
schedules. The mode decomposition is not fixed on a 
method spectrum. Fourier transformation identifies 
modes at certain frequency when the data has temporal 
dimension far larger than the spatial dimension. While, 
multi-resolution DMD spots ephemeral heat pulse by 
slicing snapshots into short windows.  

The dataset used for GAN training covers only limited 
scenarios. Various design factors are entangled in the 
space thermal behavior—including size, shape, climate, 
location, thermal properties, partition and window 
layout, and internal heat gains. Currently, the dataset is 
tailored to a 30×30 m floor plan of typical concrete 

structure in Shanghai, which is far less to represent the 
full design spectrum. However, the real-time simulation 
may serve as a supplementary, provided that design 
feedback can tolerate some delays. 
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