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Abstract

Buildings consume huge amounts of energy to create a comfortable and healthy built environment
for people. The building engineering industry has benefitted from the advances in building
informatics, including the rich data available in modern buildings and the rapid development in
computing technology and data science, for building energy management. Dynamic modeling is
often essential to online control and optimization of building energy systems. Data-driven
modeling empowered by advanced machine learning has achieved ground-breaking performance
in capturing temporal relationships among multivariate building operation data in recent years.
However, the structural relationships among the physical entities, e.g., the topology of air

conditioning ductworks and terminals, are generally overlooked in existing data-driven modeling
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methods, although they are very helpful in capturing the relationships among building operation
data. This study proposes to represent building air conditioning systems as graphs for machine
learning, whose nodes and edges represent physical entities (e.g., VAV terminals) and their
connections (e.g., ductwork), respectively. A novel graph neural network-based methodology is
developed for dynamic modeling of central air conditioning systems, which consists of three steps,
i.e., automated graph structure design, development of graph neural network, and model evaluation
and explanation. Viable and generalizable graph structure design methods based on design
information, e.g., design drawings and BIM models, and machine learning algorithms for model

development and explanation are proposed.

A case study of dynamic modeling of a real central air conditioning system serving the tallest
building in Hong Kong is carried out by adopting the methodology developed. Image identification
techniques are employed to extract the topology of the air conditioning system from 2D schematic
drawings, which is used as the prototype of the graphs. Graph neural network-based models,
consisting of a graph layer and a recurrent layer, are developed to capture the structural and
temporal relationships, separately. The graph layer learns structural relationships from the input
graphs by using graph convolutional network (GCN) and graph attention network (GAT). The
recurrent layer learns temporal relationships from massive historical operation data by using
LSTM. As the models become much “darker”, the Shapley additive explanations (SHAP) method
is adopted to provide both global and local model explanations, i.e., the impact of each model input
on outputs. The developed models exhibit improved capabilities of automated model architecture
design, prediction accuracy, generalizability and interpretability. The methodology developed for

dynamic modeling of air conditioning systems in this study leverages both traditional building



system design information and powerful machine learning algorithms, and exemplifies an ideal

synergy between engineering domain expertise and machine learning.
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1. Introduction

Building energy management is critical for worldwide sustainable development due to buildings’
high energy consumption. The building sector accounts for about 36% of global energy
consumption and 37% of energy-related greenhouse gas emissions, providing enormous potential
to achieve climate goals [1]. Meanwhile, buildings are becoming major users in electric power
systems, affecting the supply-demand balance and grid reliability significantly. For instance,
buildings contribute to approximately 94% of total electricity use in Hong Kong [2], calling for
more attention and measures to building energy management. As a critical aspect of modern
engineering informatics, there is a promising transition in building energy management, from
mainly relying on domain and expert knowledge to harnessing the power of machine learning and
artificial intelligence [3]. Building informatics, which is concerned with building information
management throughout the whole building lifecycle relying on rich building data and powerful
machine learning, plays an increasingly important role in improving building management and

reducing energy consumption [4].

Model-based optimization has proven to be highly effective in reducing energy consumption of
heating, ventilation and air conditioning (HVAC) systems [5,6,7,8], which are major source of
energy consumption in buildings. However, developing accurate dynamic models for HVAC

systems and the air-conditioned spaces is challenging due to the complex nonlinear nature of
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HVAC systems, which are heavily influenced by meteorological conditions, building operating
modes, occupant behaviour, etc [6]. The dynamic modeling approaches can be broadly classified
into two categories, i.e., forward approach and data-driven approach. The data-driven approach
constructs models from massive amount of historical building operation data by using advanced
machine learning algorithms, which has gained increasing attention in recent years due to the
computational efficiency and capability to tackle nonlinear tasks and capture temporal correlations
among variables/features [9,10]. Yang et al. [10] developed a model predictive control (MPC)
system using machine learning-based building dynamic models to control air-conditioning and
mechanical ventilation systems. Two artificial neural network models, including a building
dynamic model for predicting room air temperature and a thermal comfort model for predicting
indoor PMV (Predicted Mean Vote), were developed for an office room. The MPC achieved a
reduction of 58.5% cooling thermal energy consumption. Li et al. [11] embedded an Elman neural
network-based indoor temperature prediction model into the conventional pressure-dependent
variable air volume (VAYV) terminal control loop to improve the control stability. In real practice,
for large and complex air-conditioned spaces, the temperature may vary widely between different
areas. However, well-mixing assumption, which was widely employed in managing central air
conditioning systems in previous studies [12,13], can insufficiently reflect the spatial variation of
the control variables and potentially contribute to localized discomfort and undesirable indoor
conditions [14]. The spatial dynamics are just as crucial to the control optimization of HVAC

systems as the temporal dynamics [15].
However, existing research adopting the data-driven approach to modeling HVAC systems pays
more attention to the temporal relationships among operation data, while generally overlooking

the valuable spatial relationships among physical entities (such as sensor locations and



configuration or topology of air conditioning system in the space). One of the key issues is to
incorporate these spatial relationships in the data-driven models to improve the model accuracy
and interpretability, as well as the control performance. Typical physical entities in building air
conditioning systems include variable air volume (VAV) boxes, air handling units (AHUs), heat
exchangers, pumps and fans connecting by pipes and ducts. The structural information is rich and
readily available in most building design drawings. Figure 1 shows the structures of three typical
building energy systems, i.e., the configuration or connections of the physical entities. This kind
of structural information is difficult to be leveraged by traditional data-driven modeling methods
which typically receive 2-dimensiona tables or matrixes as model inputs. Dynamic modeling of
building energy systems entails simulating the behaviour and interactions of many physical entities
[7]. The interactions among those entities are closely related to how they are connected, as depicted
in design drawings, a specific type of graphs. To this end, the graph-based machine learning
algorithms, which accept graphs as inputs, have an intrinsic advantage in capturing structural

relationships in modeling HVAC systems.

Graph-based machine learning algorithms have been adopted in previous research, e.g., graph-
based data mining [19], probabilistic graphical model [24]. A graph used in graph-based machine
learning algorithms usually consists of nodes and edges [17-20]. When applied to building energy
systems, the nodes are physical entities like VAV boxes and heat exchangers, and the edges
represent the physical connections among a collection of entities. The physical information (e.g.,
sensor measurements and control signals) is embedded in nodes or edges in the form of scalars.
Conventional machine learning algorithms primarily take rectangular or grid-like samples/data as
input, which are incapable of handling data of irregular graph structures [20,21]. And directly

transforming the non-Euclidean structure data like the graphs of building energy systems into



Euclidean rectangular data cannot realize one-to-one mapping since the order of physical entities
as features cannot be specified. This kind of data transformation, although has been adopted in
existing research [22,23], may cause structure information loss. Moreover, the graph structures in
those studies do not correspond to the structure of real physical systems and lack physical

meanings.
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Figure 1. Examples of building energy systems with non-Euclidean structure (a) an AHU-VAV
system, (b) a building hot water heating system, (c) a central chiller plant and chilled water
distribution system [16]



In recent years, the advancement of graph neural networks (GNNs) has prompted researchers to
further exploit the potential for physical representation of graphs [20,21]. In principle, GNNs
employ a “graph-in, graph-out” paradigm based on an iterative scheme of information diffusion
among neighbouring nodes, without changing the configuration of the input graph [17]. This
enables graph neural networks to efficiently capture the structural dependency among the input
features. Sanchez-Gonzalez et al. [25] proposed a graph neural network-based framework for
simulating complex physical systems, in which physical states were represented by graphs of
interacting particles, and complex dynamics were approximated by learned message-passing
among nodes. Results showed that the GNN-based framework could accurately simulate a wide
range of physical systems in which fluids, rigid solids, and deformable materials interact with one
another. And the model developed was simpler and more accurate, and demonstrated better
generalization ability than previous methods for modeling fluid dynamics. Hu et al. developed a
spatial-temporal graph convolutional network (GCN) [18], one type of GNN, for energy
consumption prediction of multiple neighbouring buildings. Each node in the graph represented a
building, and edges represented their solar impacts with the width of the edges representing the
impact level. The results showed that the GCN model outperformed time series machine learning
models (including GRU, XGBoost and MLP). Not only have GNNs been successful in simulating
physical systems, but they have also shown promising potential in the areas of traffic prediction
[26], recommendation systems [27], and fake news detection [28]. Emerging studies have
indicated that leveraging physical knowledge, like structural information, in machine learning-
based modeling of physical systems may provide encouraging outcomes [18,25]. Given the rich
design information of building energy systems, e.g., design drawings which can effectively assist

to generate graphs as model input, as well as huge operation data for model training, GNN is



specifically suitable for dynamic modeling of building energy systems without losing structural

information, which, however, has not been sufficiently investigated.

This study proposes a design information-assisted GNN-based methodology for dynamic
modeling of HVAC systems. The GNN model uses the graphs representing the topology of
building energy systems as input, which can be identified from the design information, such as the
2D design schematic drawings and Building Information Modelling (BIM) models. In this way,
the structural information of the building energy systems can be captured by the model. In addition,
a recurrent layer is designed in the GNN model to capture the dynamics of the system. The
remaining part of this paper is organized as follows. Chapter 2 describes the methodology
developed for dynamic modeling of HVAC systems and proposes suitable methods and algorithms.
Chapter 3 presents the case study on adopting the methodology to develop dynamic models of the
central air conditioning system in a high-rise commercial building in Hong Kong. The case study

results and discussions are presented in Chapter 4. Chapter 5 concludes the paper.
2. Description of the methodology developed

2.1 Overview of the methodology

The design information-assisted GNN-based methodology is illustrated in Figure 2, which consists
of three steps, automated graph structure design, development of graph neural network, and model
evaluation and explanation. Graph structure design aims to represent the target system as a
structural graph using image identification or semantic data transformation techniques. The
measured data are attached to the corresponding nodes which form a matrix of input features.
Although experienced building engineers can design the graph structure based on their
understanding of the building energy system, this design is tailor-made for an individual building

and does not apply to different buildings. An automated graph structure design method which can
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be applied to various buildings is needed. Step 2 develops a GNN model, consisting of a graph

layer, a recurrent layer and a fully-connected layer, for dynamic modeling of building energy

systems. The model uses the graph structure data generated in Step 1 as input to capture the

structural relationships, and a recurrent layer to capture the temporal relationships. Step 3 aims to

evaluate the performance of the models and explain how the data-driven black-box models come

to their outputs from the input.
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Section 2.2 introduces the graph theory and proposes the methods for identifying graph structures
from design drawings and BIM models. Section 2.3 provides a brief introduction to GNNs and
their typical variations, and proposes the architecture for the GNN-model to capture both structural
and temporal relationships. Section 2.4 elaborates on the significance of model explanation and

the frequently adopted techniques for explaining machine learning models.

2.2 Automated graph structure design

A graph is recognized as one of the most generic, natural, informative and interpretable formats
for data representation [19]. In graph theory, a graph can be represented as G = (V, E), where V
is the set of nodes, and E is the set of edges [20]. Let v; € V denote a node and e;; = (v;,v;) € E
denote an edge which connects the i and /" nodes. When depicting the building energy system as
a graph, the nodes in the graph can represent the physical entities [29] (e.g., VAV boxes, indoor
spaces), while the edges represent their physical relationship [19] (e.g., heat transfer between
neighbouring adjacent spaces, connections by piping and ductwork systems). The adjacency
matrix, a matrix of Booleans, is the most common way of representing the node connections in a
graph. The adjacency matrix A is a N X N matrix with A;; = 1ife;; € Eand A;; = 0 ife;; € E,
and N is the total number of nodes (i.e., physical entities) concerned in the system. A graph is

usually associated with a node attribute X, where X € RY*™ is a feature matrix with X ;i € RY
representing the M-dimentional feature vector of node v;. The graph G = (V, E, A) of the target
system, to be used as the input of the model, is usually unavailable or incomplete at the beginning
of model development. Since incorrect or incomplete graphs will pose difficulties throughout the
modeling process, it is crucial to accurately extract the graph structure of the target system. Fewer
researchers investigated extracting graph-based knowledge from Building Information Model
(BIM) [30,31] and system schematic diagram manually prepared [32].
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2D schematic drawing. 2D schematic drawings show physical connections between entities in
the building energy system. The topology of the system, as the prototype of the graph, can be
extracted from those drawings either manually based on domain expertise [32] or automatically
using image identification techniques [33-36]. In addition, image identification aims to estimate
the concepts and locations of objects in each image [35]. Following the identification of nodes and
links, the overall graph structure can be generated based on their connections. However, there is
no readily available reference and tools for identifying the graph from the building design drawings.
Experience must be borrowed from other fields. Deep learning-based image identification is
powerful and efficient when processing large amounts of images [34]. In the transportation
industry, image identification is widely-used to extract the topology of roads for traffic prediction
from satellite photographs [26]. However, it is worth noting that the training of a well-performing
identifier or classifier requires large-scale labelled images. Currently, there appears to be no open
and labelled image dataset for 2D building schematic drawings [34], which means manual

labelling is required.

Meanwhile, the traditional template matching method provides an alternative to the deep-learning
based methods that do not require any labelled images for training image identifier [37]. Within
computer vision, template matching is a standard image identification method for finding small
parts of an image (e.g., 2D design drawing) which match a template image (e.g., legend of objects)
[38]. It slides the template image over the input image (as in 2D convolution) and calculates the
similarity/correlation of the template image and the corresponding input image windows. Template
matching is reliable and precise however computationally inefficient when a small scanning
interval is employed (e.g., one pixel). And the scale of the template image and the object to be

detected in the input image should be identical for this method to work.
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Building Information Modelling (BIM). Extracting the topology of building energy systems
from Building Information Modelling (BIM) based on semantic data transformation method is
another option [39]. BIM models contain static information about the physical entity/object (e.g.,
name and object type), characteristics and attributes of object (e.g., material, color and thermal
properties), and relationships between objects (e.g., locations, connections and ownership) [40,41].
Nodes can be defined by identifying the physical entities while edges can be defined by identifying
the connections between the entities, while dynamic data (time sequences or streams) from
Building Automation System (BAS) or IoT sensors need to be manually matched with graphs due
to the heterogeneous data from different systems. More recently, Project Haystack [42], Brick [43],
and Semantic web and ontologies [44] aim to address data heterogeneity in buildings that make it

possible to automatically match dynamic data from BAS or [oT sensors with the graph.

2.3 Graph neural network

The earliest motivation for GNNs can root in the 1990s owing to graph analysis and graph
representation learning [45,46], while the recent re-advancement of GNNs is mainly attributed to
the success of deep neural networks, particularly convolutional neural networks (CNN) [46].
CNNss are capable of extracting multi-scale localized spatial characteristics and integrating them
to construct highly expressive representations, which has led to breakthroughs practically in every
aspect of machine learning and ushered in the era of deep learning [47]. The key elements of CNNs
are local connections, shared weights and utilization of multiple layers [48], which are equally
critical when handling tasks with graph data. However, CNNs can only work on Euclidean
structure data such as text (1D sequences) and 2D grid images, while it is hard to generalize CNNs

to graphs of non-Euclidean structures. In addition, if directly converting irregular graph data into
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rectangular grid samples, the local connections in the graph domain will lose since the order of

features (i.e., physical entities) varies.

Graph neural networks primarily adopt the matrix to represent the graph structure and to assist the
message propagation within neural layers. In graph theory, an adjacency matrix is a square matrix
used to represent a finite graph. The elements of the adjacency matrix indicate whether pairs of
nodes are adjacent or not in the graph. Thus, when the rectangular data transformed from graph
data is fed into GNNs alongside the adjacency matrix, the adjacency matrix preserves the
connection relationships between nodes in the graph data. Based on the connection information
provided by the adjacency matrix, graph neural networks can efficiently capture graphs’ structural
dependencies via message propagation between the nodes by aggregating information only from

adjacent nodes.

Depending on the information aggregation method [20], GNNs can be further classified into
several types, e.g., graph convolution networks (GCNs), graph attention networks (GATSs), graph
spatial-temporal networks, etc. Among these networks, GCNs play an essential role in capturing
structural dependencies, whereas networks in other categories partially rely on GCNs in building
blocks [20]. GCNs implement convolutional feature extraction through neighbourhood
aggregation [51]. For instance, spectral-based graph convolutional layer follows the propagation

rule:
1 1
H = a(D ZAD szU)) €))

Where H and H' denote the input and output of the graph convolutional layer, respectively. A =
A + I is the adjacency matrix of the graph G with added self-connections I'y (i.e., the identity

matrix). D is the degree matrix of 4, D, = Y. j A; i WO is a layer-specific trainable weight matrix.
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o(*) denotes an activation function (e.g., RELU and sigmoid). This propagation rule can be
motivated via a first-order approximation of localized spectral filters on graphs [50,51]. The
attention mechanism can be incorporated into the propagation step, which produces graph attention
networks (GATs) [52]. The attention mechanism allows neural networks to pay attention to how
different inputs influence outputs at each step of inference in the model development process
[53,54]. One node usually has multiple neighbouring nodes, and these neighbours may have
distinct impacts on it, as the center node. GATs compute the hidden states of each node by
attending to its neighbours via a self-attention strategy. Overall, GCNs and GATs are the most

prevalent forms of GNN5s in use today.

Dynamic modeling of building energy systems is typically regarded as a time series forecasting
task in data science. The model input can be represented as a graph, which has a global graph

structure with inputs to each node evolving over time [55]. It is defined as G' = (V, E, A, X") with

X' € R where T is the length of time squences. The most straightforward way to model a
temporal graph, which include a sequence of smapshots, is to design a separate GNN to handle
each snapshot of the graph and then feed the output of each GNN to a time series component/layer,
such as an RNN [56,57]. Another way is to capture the temporal and structural relationships
simultaneously by integrating GNN and RNN in one layer (DCRNN [55], GCRN-M2 [56]). For
instance, inspired by the well-known ConvLSTM [58], GCRN-M2 amounts to ConvLSTM where
graph convolutions substitute the conventional convolutions. There is no limitation of the
architecture as any GNN (e.g., GCN, GAT, ChebNet) and RNN (e.g., LSTM, GRU) can be used
[57]. Selection of the suitable architecture is usually based on the performance evaluation of the

models for a target system.
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2.4 Model explanation

Along with the growing research interest, the intrinsic low interpretability of complex machine
learning models has also resulted in significant and non-negligible skepticism in practical
applications [59,86]. While machine learning models are becoming increasingly significant in
smart building management, building professionals must first gain a basic understanding of how
the models work and perform before confidently and widely embracing the technology [54].
Additional energy savings are possible if decision-makers are capable of understanding and
trusting the underlying mechanisms of models [59,60]. The graph-based methodology developed
aims to address the aforementioned problems from two aspects. First, As the message propagation
of features is constrained by the adjacency matrix which is constructed according to the physical
structure of a real building energy system, the graph neural network developed in this study is
inherently interpretable on a modular level [61,62]. On the other hand, post-hoc model explanation
methods will also be adopted to explain how a model works and which features are more important

in the modeling process, after the model is established.

Post-hoc explanation methods for machine learning models can be divided into global explanation
and local explanation. Global explanations are made based on a holistic view of the model
architecture and parameters (e.g., permutation feature importance [63] and partial dependency test
[64,65]). Global explanation facilitates the understanding of the whole logic of a model and
follows the entire reasoning leading to all the different possible outcomes [66]. For instance, the
data permutation method calculates the feature importance by computing the decrease of
prediction accuracy resulting from randomly permuting the values of a feature. The higher the
drop in prediction accuracy, the more important a variable is, and vice versa. However, in practice,

it is very challenging to achieve accurate global model interpretations/explanations, especially
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when there exist many correlated input variables. On the other hand, local explanations focus on
individual data instances and investigate why a certain prediction is made for each instance [66,67].
Local explanation methods are more frequently employed in deep neural networks than global
explanation methods [66]. Widely-used local explanation methods include individual conditional
expectation curves [62,65], local surrogate models (LIME) [59,67], counterfactual explanations
[69], and Shapley additive explanations (SHAP) [60,70]. For instance, LIME aims to learn a local
interpretable surrogate model (e.g., linear regression and decision trees), of the globally

complex/black-box model, in the neighborhood of a certain data instance [59,67].

3. Case study

3.1 Design information and data retrieved from a real central air conditioning system
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Figure 3. The target AHU-VAYV system (a) simplified 2D schematic drawing; (b) simplified
layout drawing

A case study is carried out, which adopts the developed GNN-based methodology for dynamic

modeling of the central air conditioning system serving a typical floor of the tallest building in

16



Hong Kong, the International Commerce Centre (ICC). This building is about 490m high with 108
floors, accommodating retail shops, offices, and luxury hotels. The typical office floor with a total
gross floor area of 3600 m? is served by the variable air volume (VAV) air conditioning system.
Two identical air-handling units (AHUs) are installed on each typical floor which separately serves
half of the office area. Only half of the AHU-VAYV system, consisting of one AHU and 47 VAV
terminals, is considered in the case study. The simplified schematic drawing and layout of the

AHU-VAYV system concerned are illustrated in Figure 3.

The thermodynamic-based approach for the detailed simulation of indoor temperature distribution
requires the temperature and flow rate of supply air as inputs [7]. The dynamic modeling of this
AHU-VAYV system aims to predict the one-step ahead temperature at each VAV box (a node in
the graph) based on the previous temperatures and flowrates of all VAV boxes, PAU and AHU,

which is regarded as a node-level time series prediction task.

v=r(x) (2)
X =[xt,]telt—T,..,t—1],i € V,m € [Temp, Flow] 3)
Y = [x{rempl i €V 4)

Where X' and Y represent the model input (i.e., graph associated feature matrix) and model output.
xit, Temp and xit, rlow fepresent the temperature and flowrate at node i at time t, respectively. For
each VAV box, measurements of the return air temperature and the supply air flowrate are
collected and stored in the Building Automation System (BAS). T represents the length of time
sequence, which is set as four timesteps in this study. And V is the collection of all nodes (i.e., the

VAV box, PAU and AHU) concerned.
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One-week data from 14" to 20" October 2016 with a collection interval of 5 minutes were retrieved
from BAS. The whole dataset (containing more than six hundred observations) is transformed into
subsequences via a sliding-window manner, with the sliding window interval set as 10 minutes.
Keeping sufficient data for model training while maintaining a certain level of difference between
the data samples is the goal here. Data preprocessing is performed to enhance data quality. The
missing values are filled in using the moving average method, while the outliers are identified with
domain expertise. Min-max normalization is adopted to transform the data into a suitable scale for

further analysis.

3.2 Automated graph structure design based on 2D schematic drawings using image

identification techniques
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Figure 4. Graph structure identification scheme (from 2D schematic drawings) based on image
identification techniques

Most existing buildings lack BIM models but do keep design drawings in either electronic or
printed versions. An automated graph structure design method from 2D schematic drawings based
on image identification techniques is proposed in this study, as shown in Figure 4. Although the
graph structure design in this case study can be done by an experienced building engineer, the
automated method is a must for mass and convenient deployment of the modeling methodology in

various buildings. The automated graph structure design method needs to accomplish three tasks:
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object detection based on multi-scale template matching, line detection based on Hough transform

and morphological operations, and annotation extraction based on optical character recognition.
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Figure 5. Image identification tasks using partial schematic drawing as an example (a) raw image;
(b) heatmap of Hamming distance between the template image and sliding window; (c) preliminary
line detection results after Hough transformation and morphological operations; (d) combination

of detected objects and filtered straight lines.

Object detection. Object detection aims to detect the objects (nodes) and their location
information in the 2D schematic drawings. Due to the lack of sufficient labeled image datasets for
training a deep-learning based image identifier, the template matching method is adopted here to
fulfill this task, which has been introduced in Section 2.1. Template matching slides the template
over the input image and identifies the target objects based on the similarity between the template
and the covered window on the image. The object detectors (i.e., the template image) can be
obtained from the legend of the schematic drawings. After that, multiple detectors are generated
by rescaling and rotating the original template to address the scale mismatch problem. Figure 5
illustrates the image identification procedure using part of the AHU schematic drawing as an
example. Figure 5(a) depicts the raw image with three VAV terminals as well as the air ducts
connecting them. The template of VAV terminal, obtained from the legend, scans through the
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whole AHU schematic drawing. The image similarity identification is conducted by using the
perceptual hash algorithm [70], which establishes the “perceptual equality” (i.e., a digital
representation) of the image. The Hamming distance between the perceptual hash values of each
sliding window and the template is computed. The heatmap of the Hamming distance is presented
in Figure 5(b), with each point representing the window centered on it. Darker colors represent a
higher degree of similarity between the sliding window and the template. By configuring a suitable
similarity threshold, target object can be identified in the three red circles in Figure 5(b). However,
when the scanning interval in template matching is small (e.g., one pixel), several neighborhood
windows around an object could get similar scores and are all considered as candidate regions (i.e.,
the similarity score is higher than a pre-defined threshold). This study adopts non-maximum
suppression [72] to address this problem by selecting the window with the highest similarity score

in the neighborhood and suppressing those windows with low scores.

Line detection. Line detection aims to detect the pipelines based on morphological methods and
Hough transform [73]. Morphological transformations are some simple operations based on the
image shape, e.g., Erosion and Dilation. Morphological transformation needs two inputs, i.e., the
original image and a structuring kernel which decides the nature of operation. Erosion operation
is adopted in this research to extract straight lines (i.e., the air pipelines). In Erosion operation, the
kernel slides through the images (as in 2D convolution). A pixel in the original image (either 1 or
0) will be considered 1 only if all the pixels under the kernel are 1, other it is eroded (made to zero).
By setting kernels as a horizontal line or vertical line, the straight lines in original images can be
detected. Another challenge is that dashed lines are also used in building 2D schematic drawings
to represent the pipelines. Without detecting and filling in the dashed lines, the algorithm cannot

automatically and correctly identify the object connection in the physical system. Hough transform,
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as the classical approach for lane line detection in automatic driving, is adopted to solve this
problem via OpenCV module [67]. Figure 5(c) depicts the preliminary line detection results after
Hough transform and morphological operations. Figure 5(d) shows the outcome of deleting short
lines and combining the remaining long lines (i.e., air ducts) with the detected objects (i.e., VAV

terminals).
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West Internal E

_________________________________

——————————————————————————————————

West External E

__________________________________
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South Internal E

R e e e e PAU AHU_supply AHU_return

_________________________________

South External E

__________________________________

VAV boxes VAV boxes

(a) Graph 1 (b) Graph 2

Figure 6. (a) Graph 1: automatically generated graph structure using image identification based
on 2D schematic drawing of target AHU-VAYV system; (b) Graph 2: modified graph structure

Figure 6(a) shows the automatically generated graph structure from Figure 3(a) via image
identification techniques, which represents the AHU-VAYV system and consists of 48 nodes. One
AHU node and forty-seven VAV boxes are identified from the schematic drawing via image
identification methods. The identified physical entities are only connected when they are adjacent.
According to the physical knowledge about AHU-VAV system, another graph is designed based
on the automatically generated version, as shown in Figure 6. Two nodes (PAU and AHU_return)
are added and represent pre-cool outdoor air duct from Pre-cooled air unit (PAU) and return air
duct from Air Handling Unit (AHU). The in-sequence connection between nodes are also modified.
Both two graph structures are tested in the case study. After designing the graph structure,

construction of graph corresponding feature matrix (i.e., model input and output) requires
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matching the nodes with sensor measurements in BAS dataset. This process is automatically
fulfilled by annotation extraction and fuzzy string matching. Annotation extraction based on
optical character recognition is conducted to automatically extract the attribute annotations close
to the objects (e.g., “18-W1-3" in Figure 5) and enrich the semantic information of objects [34].
Optical character recognition [75] is a technology that detects and converts characters in the image
into computer text through operations such as denoising, feature extraction and classification. And
fuzzy string matching is employed to match the extracted annotations of nodes with sensor

descriptions in BAS dataset.

3.3 Development of graph neural network

In dynamic modeling of the AHU-VAYV air conditioning systems, the model input is organized as
a structural graph with fifty nodes (i.e., N= 50), each containing two features (i.e., M = 2) along
four timesteps (i.e., T = 4). As shown in Figure 7, the model is designed via the straightforward
“stacking” way to have a graph layer capture structural dependency and a recurrent layer capture
temporal dependency separately. This order follows the majority of existing literature [17,20], i.e.,
a graph layer in front and a recurrent layer following it. A fully-connected layer is used as the

regression head following the recurrent layer.

Input layer Graph layer Recurrent layer Fully-connected layer Output layer
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Figure 7. The architecture of the graph neural network-based model
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In this study, GAT and GCN are tested in the graph layer for their wide application and ground-
breaking performances on many deep learning tasks [21]. For recurrent layer, LSTM is selected
for its ability to capture and learn long-term dependencies in the data. For fair performance
comparison, two additional similar networks using the “stacking” architecture will be tested which
replace the graph layer by a fully-connected layer and a conventional convolutional layer,
respectively, while the recurrent layer is kept. The reasons for exclusion of other time series
prediction models is mainly twofold. First off, it is challenging to determine whether the
performance discrepancies are due to the models’ ability to handle spatial dependency or temporal
dependency. Second, some models cannot flexibly handle such multivariate time series input in a
multi-input multi-output manner. The order of input nodes is randomly shuffled for CNN-RNN
model in this case study to reveal the impact of this transformation. In total, there are four neural
architectures for comparison in case study, including GCN-RNN, GAT-RNN, CNN-RNN and
Dense-RNN. GCN-RNN and GAT-RNN use the graph attributed feature matrix X and its
corresponding adjacency matrix as model input. The hyperparameters are identified based on a
grid search in preliminary test, and the detailed grid-search settings are provided in the Appendix.
Sigmoid function is selected as activation function in the graph layer. The output number of GCN
layer is set as 10. For CNN-RNN model, 10 filters with the stride of 1 and the window length of 3
is selected. The output dimension of graph layer is set as 10. Five attention heads are used in GAT
layer. And the unit number of RNN layer is set as 15. Moreover, the performance of different

model architectures with varying training data availability (i.e., from 40% to 80%) is investigated.

RMSE (Root mean square error) is adopted to assess the model prediction accuracy.

RMSE = Jzn (yl;—?‘)z (5)
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Where y; is the actual (temperature, in this study) value at the i VAV box, ¥, is the model

predicted value.

3.4 Model explanation using SHAP method

This study adopts Shapley Additive exPlanation (SHAP) method [76] to explain the GNN models,
due to its wide application in existing research [60,70] and its capability to explain all kinds of
machine learning models. Proposed by Lundberg and Lee [76], SHAP is a powerful model
explanation method based on ideas from game theory [77] and local explanations [78]. SHAP
assigns each feature, i.e., temperature and flow rate measurement at each node, an important value
for a particular prediction. As an additive feature attribution method, SHAP develops an
explanation model g as a sum of values attributed to each feature. The simplified formula can be

expressed as below:

TXNXM

g6 = b+ ) & (©)
i=1

Where T X N X M is the total number of input features. ¢; is the feature importance value. Large
¢; infers higher impact on the model output. ¢, represents the model output with all simplified
inputs toggled off (i.e., missing). While SHAP is a local explanation method, a global model

explanation can be obtained by averaging the absolute Shapley values for every instance [76,77]:

Q
1
I, = 5;||¢q(xm)|| )

where I,,, is the average Shapley value of the m™ feature. Q is the total number of instances in the

dataset. ¢, (xp,) refers to the Shapley value of the m™ feature in the q*" instance.
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Furthermore, in this case study, denotes the feature importance of xl m on q" instance in the

t im
output. Considering the large number of model input features (i.e., 50 X 4 X 2), it makes little
sense to directly analyze and visualize the SHAP value of each input feature on the model output.
As a compromise, the dimension-level global model explanations are calculated via aggregating
the SHAP values on each input dimension (i.e., time t, node i, feature m) for visualization and

further analysis:

¢! = l6f (8)

T=4 M=2

7= > llinl 9

t=1m=1

T=4 N=50

Z Z 62,0 (10)

4. Results and discussions

4.1 Model prediction performance

In total, four model architectures (i.e., CNN-RNN, Dense-RNN, GCN-RNN and GAT-RNN) and
two graph structures are tested and compared in this study. Graph 1 refers to the automatically
generated graph with 48 nodes (i.e., Figure 6(a)), while Graph 2 refers to the modified graph with
50 nodes (i.e., Figure 6(b)). All the methods and machine learning algorithms are programmed
using Python, and Keras and Spektral packages [80]. The training data and testing data are
randomly divided from the whole dataset. As described in Section 3.3, the performance of different
model architectures with varying training data availability (i.e., from 40% to 80%) is investigated.

During the model training process, 20% of the training data is randomly selected for validation.
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To prevent overfitting, an early-stopping training scheme is adopted, i.e., terminating the model
training process when the resulting accuracy in validation data stops increasing after a specified
number of iterations. For each combination of model architecture and training data availability, 20
trials are tested. The mean RMSE and their standard deviations on testing dataset are illustrated in

Table 1 and Figure 8. The results of a baseline prediction strategy are also provided, i.e., Y; = Y;_;.

The results indicate that, GAT-RNN and GCN-RNN outperform CNN-RNN and Dense-RNN in
general. When Graph 1 is used, GAT-RNN and GCN-RNN both perform consistently (i.e., around
0.20°C RMSE), even under low training data availability. However, for the in-sequence connection
in Graph 1, the information of the AHU node must pass through numerous graph layers (of
message propagation) before reaching the subsequent VAV boxes, which could be less efficient.
When using Graph 2, GAT-RNN and GCN-RNN demonstrate obvious prediction performance
improvement over CNN-RNN and Dense-RNN (with 70% and 80% training data availability).
When the training data accounts for 80% of the whole dataset, GAT-RNN and GCN-RNN
outperform CNN-RNN and Dense-RNN in terms of both bias and variance. GAT-RNN achieves

RMSE 0f 0.12+0.00°C, while GCN-RNN achieves RMSE 0f 0.13+0.01°C. GAT-RNN and GCN-

RNN achieve approximately 40% of accuracy improvement over Dense-RNN. The results indicate
that the change in training data volume has a limited impact on GCN-RNN and GAT-RNN when
using Graph 1. Both models achieve good performance under small amount of data. As for the
remaining four cases, the model prediction accuracy improves gradually with an increase in
training data. Among them, both GCN-RNN and GAT-RNN (using Graph 2) show faster
enhancement in model accuracy and lower requirement for the amount of training data, compared
to CNN-RNN and Dense-RNN. Moreover, the performance differences between ten independent

trainings are also very small, e.g., 0.01 for GCN-RNN (Graph 2).
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It can be observed that Dense-RNN perform the worst out of the four models. The most likely

reasons for this result are that connecting unrelated nodes might disturb the model’s inference

mechanism, and increased model parameters make the training process more complicated. CNN-

RNN demonstrates its superiority in several existing research [22,23], however, it fails in this case

study. As mentioned in Section 3.3, the order of input nodes is randomized in the CNN-LSTM

model which is incompetent for modeling physical systems with non-Euclidean structures. This

random order makes it difficult for the CNN filters to extract useful features/information (from the

neighborhood of each node). This also demonstrates that utilizing conventional data-driven

modeling techniques without arranging data according to the physical system structure would

result in the loss of a substantial amount of crucial structural information, and consequently

decreases the model accuracy.

Table 1. Model prediction accuracy (RMSE: °C) under different training data ratio

Training  CNN-RNN  Dense-RNN  GCN-RNN  GAT-RNN  GCN-RNN  GAT-RNN  Baseline
data ratio (Graph 1) (Graph 1)  (Graph2)  (Graph?2)
40%  0.45+042 040+0.17 020+£0.06 028+022 039+0.34 0.37+0.37
50%  027+023 031+0.15 0.19+008 020+0.05 024+0.18 0.18+0.09
60%  021+0.17 029+0.11 021+008 0.18+0.05 0.17+0.18 0.14+0.03 0.21
70%  0.17+0.08 024+0.11 0.19+008 0.18+0.04 0.13+£0.04 0.12+0.01
020+£008 020+0.05 022+006 0.13£0.01 0.12+0.00

80% 0.20+0.14
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Figure 8. Model prediction performance (RMSE) under different training data ratio
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Figure 9. SHAP values of GCN-RNN model (a) global explanation on the whole dataset; (b)
local explanation for model output at 08:25 am on Oct 14", 2016
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Figure 10. Local SHAP explanation for temperature prediction of VAV box “18-WE-11" at
08:25 am on Oct 14% 2016

This section analyzes the SHAP explanations of a GCN-RNN model trained with 80% data of the
whole dataset. As explained in Section 3.4, two aggregation strategies are designed for easier
visualization of SHAP values, including aggregation along different input dimension, and local
explanation to global explanation aggregation (i.e., averaging the SHAP values for every instance
in the testing dataset). Figure 9(a) presents the heatmap of global SHAP explanations of the GCN-
RNN model outputs. The upper, middle, and lower sub-figures show the global SHAP values qb?,
¢ and ¢}, for each model output (along the x axis), calculated according to Equations (8-11). As
described in Section 3.4, qb?, ¢/ and ¢ represent the aggregated feature importance at the node,
time and feature level, respectively. In Figure 9, P, S, VAV, R represent the PAU, AHU_supply,
VAV boxes, and AHU return, respectively. Taking one VAV column in the upper sub-figure of

Figure 9(a) as example, the SHAP values q)? are aggregated at the node level, which represent the
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relative feature importance of each node in the model input (i.e., pre-cooled air, supply air, VAV
boxes and return air) when the model generates the prediction on this VAV box. As indicated in
Figure 9(a), the SHAP values on model output of each VAV box are dominated by its temperature
at the previous timestep. This is due to the fact that the status of each node does not fluctuate much

most of the time, that is, the temperature is very close to the previous timestep.

Figure 9(b) shows the SHAP local explanations of the GCN-RNN model output at 08:25 am on
October 14™ 2016. An obvious difference between the global explanation and the local
explanation at a specific time instant can be observed for several nodes (i.e., VAV boxes). Take
the VAV box “18-WE-11" pointed by the red arrow in Figure 9(b) as an example for in-depth
analysis. When the GCN-RNN model generates its temperature prediction at this moment (i.e.,
08:25), the input features of the supply air and return air at earlier times play a remarkable influence.
In this case study, the model generates the output at 08:25 based on the system status from 08:05
to 08:20. Figure 10 shows the temperature and air flowrate of this VAV box during this period.
The right side of Figure 10 illustrates how different input features contribute to model decision-
making process (i.e., from base value to model output), while the calculated SHAP values are
shown in Figure 9(b). It can be observed from Figure 10 that this VAV box is rapidly cooling down
during this period. This corresponds to the SHAP local explanation results: continuous and
gradually increasing cold air supply causes a significant temperature decrease in the space served
by this VAV box. This observation inspires greater confidence in the model output among users.
In addition, model explanations can also assist model users in identifying where the model go

wrong when the model output deviates from the real measurement.
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4.3 Discussions

In this case study, the template matching-based object detection method is adopted to aid the graph
structure design based on building 2D schematic drawings, considering that manually labelling
images for training deep learning object detectors is labor-consuming. To achieve high detection
precision, the template images should be rotated and scaled, and a small sliding interval should be
specified. In this case, a heavy computation load is inevitable. It is possible to save some time by
decreasing the resolution of both the template image and the input image. Moreover, there exist
several special challenges associated with image identification-based graph structure design when
handling building 2D schematic drawings. For instance, pipelines of irregular shape are hard to be
detected; different pipelines may be intertwined and overlapped; one physical system may be
depicted in multiple CAD schematic drawings. Overall, relatively few studies have been conducted

on this topic. The case study represents pioneering efforts on this topic.

Graph symbolization of building HVAC systems or other subsystems is still an open question with
no fixed answer. Although some exploratory attempts are performed in this research, it is difficult
to determine whether the graph designed is the most “correct” or “appropriate”. The target systems
can also be represented as different types of graphs according to the tasks, e.g., spatial-temporal
graph, dynamic graph, heterogeneous graph, etc. Spatial-temporal graphs have static topology but
ever-changing node or edge features, while the nodes and edges of dynamic graphs appear and/or
disappear over time [82]. A heterogeneous graph is another special kind of information graph,
which contains either multiple types of objects as nodes or multiple types of links as edges. In real
applications, dynamic graphs and heterogeneous graphs are also commonly used. For instance, the
system topology of a hydraulic system in buildings can be represented as a dynamic graph as the

water valves’ on-off status in some pipelines vary under different operation modes which causes
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some links to disappear. How to design proper graph structure according to system configuration
and handle dynamic or heterogeneous graph structures in building energy systems appear to be

challenging yet promising future research directions.

This paper utilizes the SHAP method to explain outputs of developed graph neural networks. The
SHAP values, which quantify the impact of each model input on model outputs, are similar in form
to causal inference. Noteworthily, traditional machine learning algorithms can only learn
correlation-based patterns and relationships from data. That is, if interpreted from the perspective
of causal inference, the obtained SHAP values are likely to be spurious, misleading or contrary to
the physics principles [83]. Therefore, it is more appropriate to interpret these SHAP values from
the perspective of correlation rather than causal inference. And this is an inevitable issue of using
post-hoc approaches to explain data-driven models rather than developing white-box models or
inherently interpretable models [83]. Another limitation of this study is that the global explanation
is the aggregated absolute SHAP values, which neglect the information in their signs (i.e., larger
or smaller than zero). This simplification is made to facilitate the results visualization under such
a large number of input features (i.e., 50 X 4 X 2). Additionally, not all model explanation
methods for traditional machine learning models apply to GNNs [84,85]. For reference, Yuan et
al. [85] provided a systematic and comprehensive review of existing explanation techniques for
deep graph models. Therefore, the applicability and working principles must be prioritized when

selecting suitable explanation techniques for GNNs.

5. Conclusion

With the increasing volume of multi-source data available in the building lifecycle and powerful
machine learning, building informatics plays a more important role in building energy

management, such as dynamic modeling of building energy systems which is a classical task in
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building control and optimization. The dynamics of air conditioning systems and their interactions
with the built environment exist within both time and space domains. Traditional data-driven
approaches typically focus only on the temporal correlations among building operation data, while
ignoring the spatial correlations. This study proposes a promising modeling method that captures
both temporal and structural relationships in building energy systems through graph neural
network-based models, exemplifying the value of incorporating physical knowledge into machine
learning models for dynamic modeling of central air conditioning systems. To capture the
structural relationships in the physical configuration of building energy systems, this paper
attempts to symbolize the physical entities and their relationships as nodes and edges in a graph
based on graph theory, and then uses the graphs as the input of machine learning models. A novel
design information-assisted graph neural network-based methodology for dynamic modeling of
central air conditioning system is proposed, which consists of graph structure design, development
of graph neural network, and model evaluation and explanation. The proposed methodology is
tested on historical operation data of the central air conditioning system in a high-rise commercial
building in Hong Kong. The dynamic modeling of this air conditioning system is regarded as a
node-level time series prediction task. Image identification methods are employed to extract the
topology of the air conditioning system from 2D schematic drawings, which are used as the
structure of the graph. GCN-RNN and GAT-RNN show improved prediction performance

compared with conventional deep learning models.

The graph-based perspective introduced in this research provides a novel way to symbolize,
analyze and model HVAC systems based on their physical configuration, opening up exciting
possibilities for future research in this area. It enables efficient integration and utilization of

building operation data and design information, which can be extracted from a variety of sources
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including schematics drawings as well as BIM models. The specifically designed procedures and
model interpretability benefit to mass implementation of the methodology in various buildings in
an automated and digitized manner. The model is valuable for optimal control and fault detection
diagnosis of the central air conditioning system. In conclusion, this study provides a valuable
methodology for incorporating engineering knowledge of building HVAC systems into machine
learning modeling, and demonstrates an ideal synergy between machine learning and engineering

domain expertise, which opens up exciting possibilities for future research in building informatics.
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Appendix

Table 2. The grid-search settings for model hyperparameters

Parameters Grid-search values
The activation function in hidden layers ReLU, Sigmoid, Tanh
The number of output channels in GCN layer 5,10, 15, 20

The Attention head number in GAT layer 5,10, 15, 20

The filter number in each 1D convolutional layer 10, 20, 30, 40

Kernel size of 1D convolutions 2,3,4

Stride size of 1D convolutions 1,2

The number of recurrent units in each recurrent layer 5,10, 15, 20
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