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Abstract

Today, buildings account for approximately 30% of worldwide energy use, with
HVAC (Heating, Ventilation, and Air Conditioning) systems representing nearly
40% of that total. Improving the energy efficiency of HVAC systems is therefore
essential for reducing operational costs and mitigating environmental impact.

Because HVAC systems operate continuously and under strict operational con-
straints, accurate models are required to evaluate and optimize different operating
strategies. Traditional physics-based models (white-box) are often costly and time-
consuming to develop, while purely data-driven models (black-box) tend to lack in-
terpretability and robustness. This thesis investigates whether hybrid approaches,
referred to as gray-box models, can offer a more efficient and reliable alternative by
integrating both physical knowledge and data.

To this end, four modeling strategies are developed and compared: black-box
and gray-box models, each implemented with and without a component-based ar-
chitecture. All models are constructed using Neural Ordinary Differential Equations
(NODEs). The goal is to evaluate whether combining physics knowledge with data-
driven techniques can reduce the need for large and highly variable training datasets
while maintaining or improving model accuracy. The comparison is performed us-
ing two key performance metrics: the Relative Root Mean Squared Error (RRMSE)
and the Maximum Absolute Error (MAE). Additionally, the complexity required to
achieve comparable predictive performance across strategies is analyzed.

The results show that, when sufficient training data is available, gray-box mod-
els achieve comparable or superior accuracy with fewer parameters than black-box
models. Moreover, the inclusion of physical knowledge improves both predictive
accuracy and model robustness in scenarios with limited or low-quality training
data. Nevertheless, gray-box models still require datasets with sufficient excitation
to ensure stable and reliable performance.





Popular science description

Imagine walking into a building on a hot summer day and feeling a refreshing cool breeze.
Most people do not think much about what is happening behind the scenes, but there
is a complex system of machines that work continuously to keep the indoor environment
comfortable. These are known as HVAC (Heating, Ventilation, and Air Conditioning)
systems, and they are used not only for human comfort, but also for industrial purposes
such as cooling data centers. Nowadays, HVAC systems account for approximately 10%
of the energy consumption in buildings across the globe. Therefore, improving their
efficiency can lead to substantial savings in both energy and cost.

Traditionally, engineers have modeled HVAC systems using a “white-box” approach,
which relies on physical laws such as thermodynamics and fluid dynamics. These models
can be very accurate, but often require significant time and expert knowledge. In the past
years, a new approach known as “black-box” uses machine learning techniques to find
patterns in data without considering the underlying physics. While easier to construct,
black-box models usually yield unreliable predictions outside the range of the data they
have been trained on.

In this work, a third alternative is explored, the “gray-box” model, which aims to com-
bine the strengths of both white-box and black-box methods. For this, it uses data from
real or simulated systems while also incorporating basic physical knowledge to guide the
learning process. The key method used in this thesis is called Neural Ordinary Differential
Equations, or NODEs.

Such a model can be used to explore how changes in the operation of individual com-
ponents influence the system’s performance. Therefore, it is possible to identify configu-
rations that reduce energy consumption without performing lengthy or risky experiments
on the actual equipment. This is particularly valuable in environments like data centers,
where stability and reliability are crucial.
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Chapter 1

Introduction

Over the past century, global energy consumption has risen sharply, as shown in Figure 1.1.
This increase has been largely driven by population growth and technological advances. In
particular, over the last decade, the trend has accelerated even further with the expansion
of industries based on big data and machine learning, which heavily rely on data centers
to store information and run computational models.

Figure 1.1: Evolution of the energy consumed worldwide per year. Source: [1].

According to the Global Alliance of Buildings and Construction, buildings accounted
for approximately 30% of global energy consumption in 2020 [2]. Notably, nearly 40%
of this consumption is attributed to heating, ventilation, and air conditioning (HVAC)
systems, as detailed in [3]. These are essential for maintaining controlled indoor environ-
ments, operating continuously to cool, heat, and ventilate spaces for industrial processes,
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1. Introduction

commercial activities, and personal comfort. Their role has become increasingly impor-
tant in modern society, where many environments require tight control over temperature,
humidity, and air quality to ensure health, productivity, and the proper functioning of
equipment.

As living standards rise and technological development advances, the demand for re-
liable HVAC systems is projected to grow. This trend is further reinforced by global
warming, with average global temperatures expected to exceed 2◦C above pre-industrial
levels by 2100 [4]. This increasing demand places further strain on global energy resources,
emphasizing the need for more energy-efficient solutions.

Moreover, a significant portion of the current building stock, including many data cen-
ters, was constructed decades ago, when energy efficiency standards were far less stringent
than they are today. For instance, the IEA reports in [5] that in developed economies, at
least 40% of the building floor area was constructed before 1980, before the introduction
of the first thermal regulations. Nowadays, many of these facilities need to renovate their
infrastructure to meet modern demands. This includes not only upgrading IT equipment
but also modernizing HVAC systems, which often represent a major portion of operational
energy costs.

Optimized HVAC operation can provide energy savings of 25% while maintaining a
satisfactory indoor environment, therefore lowering greenhouse gas emissions and reducing
costs for building operators [6]. Enhancing the performance and efficiency of HVAC
systems thus represents a substantial opportunity for energy and cost savings. As such,
the search for smarter, more efficient ways to manage HVAC systems has become a key
focus area for both industry and research.

This thesis focuses on chiller plants for data centers and is carried out in collaboration
with Carrier, the world’s largest provider of HVAC solutions, which recently opened a
new office in Lund, Sweden. One of the main goals of this new site is to develop advanced
models for optimizing the energy consumption of HVAC systems in data centers. This
collaboration provides a unique opportunity to tackle real-world challenges in a rapidly
growing and energy-intensive industry.

1.1 Chiller Plants

1.1.1 Chiller
The purpose of a chiller plant is to provide cooling for large buildings or facilities by
transferring heat from the building to the environment. Chiller plants are typically cate-
gorized by the type of fluid they use: air or water. This project focuses on water-cooled
chiller plants, which generally consist of two water loops and one or more air loops. In
particular, only the water loops are modeled in this study, as optimizing the air loops
involves a higher operational risk.

Figure 1.2 illustrates the chiller [7], a key component responsible for removing heat
from the chilled water (blue) returning from the data center and transferring it to the
condenser water loop (orange). This continuous heat removal process keeps the chilled
water temperature low enough to meet the cooling demands of the facility. The system
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1.1. Chiller Plants

operates using a working fluid called refrigerant, which cycles through four main compo-
nents cyclically, experiencing phase changes and pressure variations to absorb and reject
heat, thereby enabling the cooling process.

The cycle begins in the evaporator, where the warm chilled water, having absorbed
heat from the IT room air, flows through a heat exchanger in close contact with the
refrigerant. The refrigerant, initially at a low pressure and low temperature, absorbs the
thermal energy from the water and evaporates.

Figure 1.2: Schematic of a chiller system showing
the refrigeration cycle components: compressor,
condenser, thermal expansion valve (TEV), and
evaporator. The interaction between the chiller
unit and the condenser water loop (orange) and
chilled water loop (blue) is also depicted.

The low-pressure refrigerant va-
por is drawn into the compressor,
which performs mechanical work on
the vapor, significantly raising its
pressure and temperature. This step
is vital because it increases the refrig-
erant’s energy, enabling it to transfer
the heat to the condenser water.

The high-pressure, high-temperature
vapor then enters the condenser,
where the refrigerant releases its ab-
sorbed heat to the condenser wa-
ter loop through another heat ex-
changer. As the refrigerant relin-
quishes its thermal energy, it con-
denses back into a high-pressure liq-
uid.

Following condensation, the re-
frigerant passes through the expan-
sion valve, suffering a sharp drop
in pressure and temperature, prepar-
ing the refrigerant to absorb heat
once again. This low-pressure, low-
temperature liquid refrigerant then
re-enters the evaporator, completing
the cycle.

1.1.2 Complete System
While the chiller plays a central role in the refrigeration cycle, the cooling process can-
not be achieved by the chiller alone. Additional components are necessary to manage
the substantial heat generated by servers and IT equipment and to maintain suitable
environmental conditions. Without adequate temperature and humidity control, hard-
ware components are prone to overheating, leading to increased failure rates, reduced
performance, and potential data loss.
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1. Introduction

Figure 1.3: Diagram of a chiller plant, depicting the condenser water loop (orange)
and the chilled water loop (blue). The system comprises cooling towers, pumps, and

two chillers that supply conditioned water to maintain appropriate thermal
conditions in the IT room.

Figure 1.3 illustrates the cooling process, which begins when the IT equipment operates
and releases heat into the surrounding air, causing the temperature of the room to rise.
The warm air from the server rooms is drawn across cooling coils filled with chilled water
due to the fans in the Air Handling Unit (AHU). As the air passes over the coils, heat is
transferred from the air to the chilled water, cooling the air before it is recirculated back
into the room to maintain the desired conditions.

After absorbing heat, the chilled water flows to the chillers at a higher temperature,
driven by pumps that guarantee a continuous flow capable of transporting the extracted
heat. Inside the chillers, the heat carried by the chilled water is transferred to the con-
denser water loop, as explained in the previous section. This allows the chilled water to
cool down before being sent back to the cooling coils to repeat the cycle.

The cooling water, now warmed by the transferred heat, is similarly circulated by
pumps toward the cooling towers. There, the absorbed heat is expelled into the atmo-
sphere, usually through the evaporation of water, and the cooled water returns to the
chillers to close the loop.

Therefore, the overall operation forms a closed-loop system where heat generated by
servers is first transferred to the air, then extracted by chilled water in the cooling coils,
transported to the chillers, passed onto the cooling water, and finally expelled into the
environment through the cooling towers.
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1.1. Chiller Plants

1.1.3 Building Management System
The Building Management System (BMS) plays a vital role in ensuring both the oper-
ational efficiency and the safety of the components within a chiller plant. It achieves
this by collecting real-time measurements from sensors distributed throughout the system
and executing control strategies that regulate the operation of plant equipment. A key
function of the BMS is to ensure that dynamic variables, such as water temperature at
different locations in the circuits, closely track predefined setpoints. In real-world applica-
tions, these setpoints are dynamically adjusted by a supervisory control layer to enhance
overall system efficiency in response to changing conditions.

Figure 1.4: Interaction between the supervisory control layer, the Building
Management System (BMS), and the chiller plant equipment. The BMS receives

setpoints from a higher-level control layer and translates them into control inputs for
the equipment, while also collecting measurements to inform future decisions.

Figure 1.4 illustrates the hierarchical control structure typically found in a chiller
plant. At the top, a supervisory control layer determines optimal setpoints based on
broader system objectives, such as energy efficiency or load balancing. These setpoints
are passed to the Building Management System (BMS), which acts as an intermediary
between high-level control logic and physical equipment. The BMS translates setpoints
into actionable control inputs and dispatches them to the chiller plant equipment. In
return, the BMS collects measurements from sensors embedded in the equipment, which
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1. Introduction

are used to monitor performance and adjust control actions. The system is also subject
to external disturbances, such as weather conditions or variable IT loads, which influence
the thermal demand and must be considered when analyzing system dynamics.

In this project, we focus solely on modeling the combination of the BMS and the
chiller plant equipment. The supervisory control layer is excluded from the analysis.
Consequently, the setpoints are treated as predefined control inputs whose time evolution
is specified for each experimental scenario.

1.2 Modeling Strategies
Several modeling strategies can be adopted for modeling a chiller plant, which can be
divided into three classes according to how much physics or data they use [8]. These are:

• White-box model. They are explicitly derived from first-principles physics, such as
thermodynamics, fluid dynamics, and heat transfer. These models offer strong inter-
pretability and generalizability under unseen conditions, as their structure reflects
the underlying physics of the system.
However, developing such models is often time-consuming, since it requires a deep
understanding of each component’s behavior. Moreover, real systems exhibit com-
plex interactions and nonlinearities that are often difficult or impossible to capture
explicitly.

• Black-box model. They are based on purely data-driven techniques, such as neu-
ral networks (NNs), to learn system behavior directly from data. This eliminates
the need for detailed physical modeling and allows the capture of complex system
behaviors that may be difficult to describe analytically.
While this approach reduces modeling effort, it relies on large and diverse datasets
to generalize well. In HVAC applications, however, such data is often scarce or
lacks sufficient variability, as systems typically operate within narrow, safe ranges
to avoid compromising equipment performance and longevity.

• Gray-box model. This approach combines physics-based modeling with data-driven
techniques. Gray-box models aim to balance the interpretability and generalization
of physics-based models with the adaptability of machine learning. However, they
still require system analysis to define the baseline equations and sufficiently rich
datasets to train the neural networks. The modeling objective is thus to leverage
existing physical knowledge while using data-driven techniques to capture unmod-
eled dynamics.

In this project, two modeling approaches are considered for constructing gray- and
black-box models, based on how neural networks are applied:

• Non-component-based. A single neural network is used to model the entire plant.
This simplifies model design and eliminates the need to specify subsystem bound-
aries. However, it requires a larger number of parameters and loses interpretability
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compared to the component-based approach. This arises because, for example, the
temperature of the water leaving the cooling towers is not directly influenced by
the temperature of the water leaving the IT room. As a result, the model must
infer this lack of dependency solely from the data, increasing the complexity of the
learning task.

• Component-based. Each subsystem of the plant, such as chillers, pumps, and cool-
ing towers, is modeled using a separate neural network. This modular structure
reduces the learning task on individual networks, improves interpretability, and
typically requires fewer parameters overall. This is because physically unrelated
variables are naturally separated by using different neural networks. However, it
also makes it more difficult to design the model, as it demands knowledge of the
system architecture.

1.3 Previous Work
Modeling heating, ventilation, and air conditioning (HVAC) systems is essential for ac-
curate energy consumption estimation, control design, and predictive maintenance. As
mentioned previously, the main approaches to HVAC modeling can be categorized into
data-driven, physics-based, and gray-box methods. This section reviews significant contri-
butions in each category, highlighting some of the methods used to model HVAC systems
[8].

Data-driven approaches, also known as black-box models, construct input–output re-
lationships directly from empirical data without incorporating prior physical knowledge.
One widely used technique is the frequency domain model with dead time, which captures
the slow dynamics and delays characteristic of HVAC systems, particularly in zone tem-
perature and humidity regulation. These models, typically expressed as first- or second-
order transfer functions, are simple, require few parameters, and support straightforward
controller design. However, their applicability is limited to linear, time-invariant systems
and requires controlled excitation for parameter identification [9–12].

Another major category comprises data mining algorithms, such as artificial neural
networks (ANNs) and support vector machines (SVMs), which are capable of modeling
complex nonlinear behaviors from large datasets. These models have been successfully
applied in tasks ranging from load forecasting [13] to fault detection [14] and energy
consumption prediction [15]. While they achieve high accuracy, their dependence on
extensive training data and lack of physical interpretability limit their generalization and
real-time applicability.

Statistical models like autoregressive with exogenous input (ARX), ARMAX, and
ARIMA provide a structured framework for capturing temporal dependencies in HVAC
processes. These models are computationally efficient, work well under time-varying noise,
and are particularly useful in control-oriented applications. However, their performance
degrades in the presence of strong nonlinearities and they often require extensive param-
eter tuning for multi-input multi-output (MIMO) systems [16].
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1. Introduction

In contrast to black-box models, physics-based models are derived from fundamental
thermodynamic and fluid dynamic principles and are typically designed to represent the
behavior of specific HVAC components. The chiller model, for instance, is often con-
structed by modeling its constituent subsystems: evaporator, condenser, compressor, and
expansion valve. These components operate under a vapor compression cycle [17], and
their behavior can be described using energy balance equations and thermodynamic re-
lationships. The chiller power consumption is modeled as a function of water flow rates,
temperature differentials, and the coefficient of performance (COP) [18], which itself de-
pends on the part load ratio (PLR) and operating conditions [19].

The cooling tower model represents the operation of this subsystem, which serves to
reject heat from the chiller condenser. Physics-based models are commonly developed
using Merkel’s method or the Effectiveness–NTU approach, while the empirical model is
based on Stoecker’s method [20].

Fans and pumps are modeled to quantify both the flow rates they induce and the
energy they consume. The models relate flow rates to pressure differences and account
for mechanical and electrical efficiencies. The power consumption of the fan or pump
depends on the flow rate, pressure difference between inlet and outlet and efficiency of
the fan or pump [18, 21, 22].

Finally, gray-box models use physics-based models as the model structure, whose pa-
rameters are estimated from the measured data. These models provide physical meaning
and are useful for control applications with generalization capability superior to data-
driven models. A common approach is to formulate thermal zone dynamics using RC
networks, with parameters such as thermal resistances and capacitances estimated via
optimization algorithms like genetic algorithms (GA)[23], nonlinear least squares, or se-
quential quadratic programming [24]. Such models have demonstrated accurate predic-
tions over extended time horizons and robustness across varying conditions.

1.4 Objectives
This thesis investigates the use of Neural Ordinary Differential Equations (NODEs) to
model the dynamic behavior of a chiller plant in combination with its Building Manage-
ment System (BMS). NODEs offer a continuous-time modeling framework that can be
applied to both purely data-driven and physics-informed models.

The first objective of this work is to assess whether NODEs can be used to develop
accurate and reliable models of the integrated system composed of the BMS and the
chiller plant. Good models are essential for predicting the system behavior in different
scenarios and supporting the design of advanced control strategies for energy efficiency
and safety.

The second objective is to determine whether the inclusion of physical knowledge leads
to improved performance in terms of accuracy, generalization, data efficiency, and model
complexity. To address these goals, four experiments were conducted, each designed to
test a specific hypothesis.

In the first experiment, the focus was on the model structure. The aim was to com-
pare the performance of the different modeling approaches when there is enough training
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data with enough variability. It was hypothesized that, yielding similar prediction ac-
curacy, physics-informed models would require fewer parameters than purely data-driven
models, and that component-based models would also be more memory-efficient than non-
component-based ones. The results confirmed this hypothesis: physics-informed models,
by leveraging prior physical knowledge, achieved accurate results with fewer parameters.
Similarly, component-based models require fewer parameters because the model structure
already accounts for the lack of relationship between physically independent variables.

The second experiment examined how the models behave when the amount of train-
ing data is limited. It was hypothesized that physics-informed models, guided by prior
knowledge, would be more robust and stable under limited data conditions than their
data-driven counterparts. This was supported by the results, which showed that physics-
informed models maintained higher overall accuracy and stability on unseen data when
less training data was available.

The third experiment assessed the ability of each model to extrapolate beyond the
training data. Models were trained on a restricted operational range and tested on scenar-
ios outside this range. The hypothesis was that models incorporating physical knowledge
would generalize better due to the incorporated physics-based knowledge. The results
confirmed this: physics-informed models demonstrated better extrapolation performance,
while purely data-driven models often produced unstable predictions.

The fourth experiment investigated model performance when the training data ex-
hibits low variability, i.e., when the system is only weakly excited. The hypothesis was
that physics-informed models would still be able to capture the system dynamics under
such conditions. However, the results showed that both physics-informed and purely data-
driven models performed poorly and were often unstable when trained on low-excitation
data. This suggests that, despite the advantages of embedding physics, sufficient excita-
tion in the input signals is essential for reliably learning system behavior.

1.5 Scope of the Thesis
As previously mentioned, this thesis focuses on the development and evaluation of gray-
box and black-box models of a chiller plant using neural ordinary differential equations
(NODEs) for different scenarios. To do this, the modeling approach involves assumptions
and simplifications, outlined below.

First, discrete variables, such as the on/off status of components, are not considered.
Second, transport delays caused by the piping network are not included in the model.
These decisions are motivated by the fact that the NODE implementation framework used
in this thesis does not support the modeling of discrete dynamics or varying time delays.
In practice, all components of the chiller plant are typically active during summer and
high-load conditions, particularly when the IT load is higher than 50% of the maximum
capacity.

Finally, the data used for training, validating and testing the gray-box and black-box
models is generated from a simulation of the chiller plant. Consequently, the measure-
ments are free of noise and other uncertainties typically present in real sensor data.
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Chapter 2

Theoretical Background

2.1 Multi-Layer Perceptron
In this report, feedforward Multi-Layer Perceptrons will be used to construct the black and
gray-box models. This structure comprises multiple layers of neurons, where information
propagates sequentially from the input to the output without feedback loops.

Figure 2.1: Schematic representation of a feedforward fully connected multilayer
perceptron (MLP). The white circles represent the input layer nodes, while the black
circles correspond to the output layer nodes. The hidden layer nodes are depicted as

gray circles, the first one being the bias. The arrows indicate the connections
between nodes and the direction of information flow through the network.

Figure 2.1 shows the general structure of an MLP, which consists of the input layer,
one or more hidden layers, and the output layer. In this work, we employ fully connected
networks, meaning that each neuron in a given layer is connected to all neurons in the
subsequent layer. These connections are associated with adjustable weights (ω) that
determine the strength of the connections between neurons.

The network receives the input vector ξ = [ξα]m0
α=1 ∈ Rm0 , where each element corre-

sponds to a node in the input layer, which forwards its value to the first hidden layer.
There, each node applies a non-polynomial activation function φ to a weighted sum of
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2. Theoretical Background

the inputs:

Υ(1)
β = φ

(
m0∑

α=1
ω

(1)
αβ ξα

)
= φ

(
ω

(1)T
β ξ

)
,

where ω
(1)
αβ is the weight connecting the α-th neuron in the input layer to the β-th neuron

in the first hidden layer. In vector form for all nodes:

Υ(1) = φ
(
W (1)Tξ

)
,

where W (1) =
[
ω

(1)
β

]m1

β=1
is the weight matrix of the first hidden layer and the activation

function φ is applied element-wise. In this project, it is the same for all hidden and output
nodes. In particular, we will use the Exponential Linear Unit (ELU) and the Rectified
Linear Unit (ReLU), which are given by

ELU(x) =
{

x , if x ≥ 0,

α(ex − 1), if x < 0,
and ReLU(x) = max(0, x),

where α > 0 is a hyperparameter that controls the value to which an ELU saturates for
negative inputs.

Next, the output of the first hidden layer is sent to the second one, which applies a
similar transformation. Additionally, the bias vector ω(2)

0 is introduced to allow for shifts
in the argument of the activation function, improving the flexibility of the neural network.
Hence,

Υ(2) = φ
(
W (2)TΥ(1) + ω

(2)
0

)
= φ

(
W (2)T φ

(
W (1)Tξ

)
+ ω

(2)
0

)
.

This process is repeated for the consecutive hidden layers. Therefore, the expression
corresponding to the k:th layer is

Υ(k) = φ
(
W (k)TΥ(k−1) + ω

(k)
0

)
,

for k = 2, . . . , L− 1.
Finally, the output layer produces the result of the network Ξ, which is given by

Ξ = φ
(
W (L)TΥ(L−1) + ω

(L)
0

)

2.1.1 Training Process
Let f be an unknown function such that

y = f(x)

where x ∈ Rnx and y ∈ Rny . Assume access to a training dataset of N ∈ N measurements,
organized as column-wise matrices x̂ = [x̂j]N−1

j=0 ∈ Rnx×N and ŷ = [ŷj]N−1
j=0 ∈ Rny×N .

Let N (x;ω) denote a multilayer perceptron (MLP) with weights and biases ω. Train-
ing the MLP aims to find the optimal parameters ω∗ that minimize a loss function L(ω),
which typically quantifies the difference between the predicted output y = N (x;ω) and
the target ŷ:

min
ω
L(ω)
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2.1. Multi-Layer Perceptron

This optimization is generally performed using gradient-based algorithms that require the
computation of ∇ωL(ω) [25]. In this work, we employ the Adaptive Moment Estimation
(ADAM) optimizer [26], described in Algorithm 1.

Algorithm 1 The Adam algorithm
Require: Learning rate ϵ (ϵ = 0.001 in this work)
Require: Exponential decay rates for moment estimates, ρ1 and ρ2 in [0, 1] (ρ1 = 0.9

and ρ2 = 0.999 in this work)
Require: Small constant δ used for numerical stabilization (δ = 10−8 in this work)
Require: Initial parameters ω

Initialize 1st and 2nd moment variables s = 0, r = 0
Initialize mini-batch counter p = 0
while stopping criterion not met do

Sample a mini-batch of Q examples from the training set {x1, . . . ,xQ} with corre-
sponding targets {y1, . . . ,yQ}

Compute gradient: g ← ∇ω
∑

q L(N (xq;ω),yq)
p← p + 1
Update biased first moment estimate: s← ρ1s + (1− ρ1)g
Update biased second moment estimate: r ← ρ2r + (1− ρ2)g ⊙ g
Correct bias in first moment: ŝ← s

1−ρp
1

Correct bias in second moment: r̂ ← r
1−ρp

2

Compute update: ∆θ = −ϵ ŝ√
r̂+δ

(operations applied element-wise)
Apply update: ω ← ω + ∆ω

end while

To use this optimizer, the training dataset is divided into smaller matrices [x̂q]Qq=1 ∈
RQ×nx and [ŷq]Qq=1 ∈ RQ×ny , referred to as mini-batches, each containing Q < N measure-
ments. It is important to notice that the Q samples are selected randomly to prevent the
MLP from learning any temporal correlation between consecutive observations.

It is also necessary to define a loss function that quantifies the discrepancy between
the model predictions and the measurements in each mini-batch. In this work, the loss
function is

L(ω) = λ1

Q∑
q=1
Lq(ω) = λ1

Q∑
q=1
∥yq − ŷq∥1,

where yq = N (xq;ω) and λ1 = 10 is a weighting factor. The 1-norm is employed instead
of the more commonly used 2-norm because it yielded improved prediction accuracy in
this project. This improvement is likely due to the 1-norm’s gradient being constant
(except at zero), whereas the gradient of the 2-norm diminishes as the prediction error
becomes small.

It is importatnt to note that the 1-norm is not differentiable when the prediction yq

exactly matches the measurement ŷq. However, this is not a concern because subgradients
can be used at such non-differentiable points, and convex functions like the 1-norm always
admit subgradients [27].
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2. Theoretical Background

Definition 2.1.1 (Subgradients) Let X ⊂ Rn and f : X → R. Then g ∈ Rn is a
subgradient of f at x ∈ X if for any y ∈ X one has

f(y) ≥ f(x) + gT (y − x).

The gradient of the loss function with respect to the parameters of the MLP g is
computed using automatic differentiation. This technique enables the computation of
derivatives of functions defined by computer programs with accuracy up to machine pre-
cision [28]. In practice, automatic differentiation frameworks compute subgradients at
non-differentiable points for convex functions [29], and no convergence issues were en-
countered in this work.

Finally, a separate validation dataset is used to define the stopping criterion. After
each update of the parameters ω, the loss is evaluated on the validation set and tracked
throughout training. The optimization process is terminated if the validation loss fails
to decrease over a predefined number of iterations, which indicates that the model is
overfitting: it has begun to memorize noise or fluctuations in the training data rather
than learning generalizable patterns, resulting in degraded performance on unseen inputs.

2.2 Neural Ordinary Differential Equations
There are two primary approaches to estimate the differential equations that govern the
system’s dynamics using neural networks: Residual Networks and Neural Ordinary Dif-
ferential Equations (NODEs).

Residual Networks (ResNets) are a type of deep neural network architecture designed
to ease the training of very deep models by introducing skip connections, or residual
connections. These connections allow the input of a layer to bypass one or more layers
and be added directly to the output. ResNets have been highly successful in image
recognition tasks and were first introduced in [30]. For a time series problem, it can be
formally expressed as

xi+1 = xi +N (xi,ω)
where xi represents the system state at time ti ∈ [0, T ], N is a neural network that learns
the difference between consecutive states and ω is its adjustable weights and biases. This
formulation is mathematically equivalent to the explicit Euler integrator, which is the
most basic explicit method.

Neural ODEs (NODEs) provide a more robust alternative by learning the vector field
that governs the system’s evolution. Instead of modeling discrete state differences, they
approximate ẋ using a neural network N . Introduced in [31], NODEs allow for combining
machine learning with differential equations.

The first step to applying them is to ensure that the initial value problem

ẋ = N (x;ω), x(t0) = x0,

admits a well-defined solution. If the neural network N is constructed from compositions
of Lipschitz continuous functions, then it is itself Lipschitz. Since the activation functions
used in this project (ReLU and ELU) are Lipschitz continuous, N satisfies the conditions
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2.2. Neural Ordinary Differential Equations

of Picard’s existence and uniqueness theorem [32], thereby guaranteeing the existence and
uniqueness of the solution to the initial value problem.

Theorem 2.2.1 (Picard’s Existence Theorem) Let f : [0, T ]×Rd → Rd be continu-
ous in t and Lipschitz continuous in x. That is, there exists a constant C > 0 such that
∀t ∈ [0, T ] and all x1,x2 ∈ Rd,

∥f(t,x1)− f(t,x2)∥ ≤ C∥x1 − x2∥.

Then, for any initial condition x0 ∈ Rd, there exists a unique continuously differentiable
function x : [0, T ]→ Rd satisfying the initial value problem

ẋ = f(x, t), x(t0) = x0.

Therefore, starting from the initial state x0, we can define the state x1 = x(t0 + τ) of the
system as

x1 = x0 +
∫ t0+τ

t0
N (x(t),ω)dt,

where the integral is approximated using a numerical integration scheme. This approach
represents a significant improvement over Residual Networks since the study of numerical
integration schemes is well-established and modern ODE solvers provide error control
[31]. These solvers monitor approximation errors and dynamically adjust their evaluation
strategy to maintain the desired accuracy while optimizing computational efficiency.

2.2.1 Training Process
Let f be an unknown function governing the time evolution of the state x(t):

ẋ = f(x(t)).

Assume that N ∈ N measurements of x(t) sampled at a fixed time-step τ are available.
These are organized as a column-wise matrix x̂ = [x̂j]N−1

j=0 ∈ Rnx×N . Each column x̂j =[
x̂

(i)
j

]nx

i=0
∈ Rnx contains the recorded state at time tj ∈ [0, T ] with T = Nτ .

Let N (x;ω) denote a multilayer perceptron (MLP) parameterized by weights and
biases ω. Then, the Neural Ordinary Differential Equation (NODE) replaces the unknown
dynamics f with the MLP:

ẋ = N (x(t);ω).
Training the NODE also aims to find the optimal parameters ω∗ that minimize a loss
function L(ω). In this project, this optimization is also performed using the ADAM
optimizer.

Again, the training dataset is divided into the mini-batches [x̂q]Qq=1 ∈ RQ×nx . How-
ever, in contrast to the training process described in Subsection 2.1.1, each mini-batch
corresponds to a trajectory sampled from a time t0 to a final time tf = t0 + τQ since
the aim is to learn the temporal evolution of x(t). For a given batch, predictions are
generated by initializing the model at x0 = x̂0 and integrating the NODE to produce x1,
then using x1 to compute x2, and so on, until the final time step tf .

15



2. Theoretical Background

In this project, the loss function that quantifies the difference between the predicted
and measured trajectories within each mini-batch is defined as

L(ω) = λ2∥x1 − x̂1∥1 + λ3

Q∑
q=1
∥xq − x̂q∥1.

where λ2 = 1 and λ3 = 5 are weighting factors. The first predicted state x1 is considered
twice in the loss function to assign it a higher weight, as it establishes the starting point
for the trajectory and strongly influences the accuracy of subsequent predictions. Errors
in the initial step often propagate and amplify over time; therefore, assigning them a
higher penalty encourages the model to follow the true system dynamics more closely
from the beginning.

The 1-norm is again preferred over the 2-norm as it yielded better prediction accuracy.
Additionally, in preliminary experiments it was observed that training with the 2-norm
often failed to converge when residuals were large, particularly in the early stages. This
behavior was likely caused by excessively large gradients, which prevented the optimizer
from reducing the loss effectively. In contrast, the 1-norm penalizes errors linearly, result-
ing in more consistent gradient magnitudes and reducing the risk of gradient explosions
that hinder convergence.

There are three main approaches for computing the gradients of the loss with respect
to the model parameters when using NODEs [33].

• BackPropagation Through Time (BPTT). This is the most widely used method due
to its ease of implementation and fast execution. However, it is memory-intensive,
as all intermediate states and solver operations must be stored during the forward
pass for use in the backward pass.

• Adjoint method. Gradients are computed by solving a second, augmented ODE
backward in time. This method is more memory-efficient since the intermediate
steps are recomputed during the backward pass, not requiring to store them. How-
ever, this recomputation increases computational cost and may introduce numerical
errors, resulting in less accurate gradients than those obtained using BPTT [34].

• Reversible ODEs. This method provides a good balance between computational ef-
ficiency and gradient accuracy [35]. Nevertheless, it is not supported by the software
framework used in this thesis and is therefore not considered further.

We employ Backpropagation Through Time (BPTT) because memory is not a limiting
factor for the models developed in this work and provides more accurate gradients than
the adjoint method. To illustrate the computations, we consider the loss function

L(ω) =
Q∑

q=1
Lq(ω) =

Q∑
q=1
∥xq − x̂q∥1,

where xq represents the model prediction at time tq = t0 + τq, for q = 1, . . . , Q. For
simplicity, we will assume that the integral of the NODE is computed using the Explicit
Euler method. Hence,

xq = xq−1 + τN (xq−1;ω). (2.2.1)
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The gradient of the loss function with respect to a particular parameter ω
(c)
ab is

∂L
∂ω

(c)
ab

= ∂L
∂xi

∂xi

∂ω
(c)
ab

=
Q∑

q=1

∂Lq

∂xi

∂xi

∂ω
(c)
ab

.

First,
Q∑

q=1

∂Lq

∂xi

= ∂Li

∂xi

+ ∂Li+1

∂xi

= ∂Li

∂xi

+ ∂xi+1

∂xi

∂Li+1

∂xi+1
= ∂Li

∂xi

+
(
I + τ

∂N (xi;ω)
∂xi

)
∂Li+1

∂xi+1
,

where in the first equality it was used that the prediction xq depends only on its immediate
predecessor, according to the recursive structure of the Explicit Euler scheme.

From (2.2.1), the derivative of the state with respect to the parameter ω
(c)
ab satisfies

∂xi+1

∂ω
(c)
ab

= ∂xi

∂ω
(c)
ab

+ τ
dN (xi;ω)

dω
(c)
ab

= ∂xi

∂ω
(c)
ab

+ τ

(
∂N (xi;ω)

∂ω
(c)
ab

+ ∂N (xi;ω)
∂xi

∂xi

∂ω
(c)
ab

)

= τ
∂N (xi;ω)

∂ω
(c)
ab

+
(
I + τ

∂N (xi;ω)
∂xi

)
∂xi

∂ω
(c)
ab

,

with ∂x0
∂ω

(c)
ab

= 0 since x0 = x̂0.
This is a linear recurrence of the form

ai = bi + ciai−1

where
ai = ∂xi

∂ω
(c)
ab

, bi = τ
∂N (xi−1;ω)

∂ω
(c)
ab

and ci = I + τ
∂N (xi−1;ω)

∂xi−1
.

By recursively substituting ai−1,ai−2, . . ., we obtain the closed-form expression:

ai = bi +
i−1∑
j=1

 i∏
k=j+1

cibj

 .

Therefore,

∂xi

∂ω
(c)
ab

= τ
∂N (xi;ω)

∂ω
(c)
ab

+
i−1∑
j=1

 i∏
k=j+1

[
I + τ

∂N (xk−1;ω)
∂xk−1

]
τ

∂N (xj;ω)
∂ω

(c)
ab

 ,

where the terms
∂N (xi;ω)

∂ω
(c)
ab

and ∂N (xi;ω)
∂xi

are computed via automatic differentiation.
The stopping criterion is also defined using a validation dataset. The loss is evalu-

ated on this dataset every time the parameters ω are updated. The results are tracked
throughout the training process, which finishes if the validation loss does not decrease
after a predefined number of iterations.
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Chapter 3

System Description and Modeling
Framework

3.1 Modeling Tools
This thesis employs two primary tools for modeling and simulation: Dymola and Neuro-
MANCER.

Dymola (Dynamic Modeling Laboratory) is a commercial modeling and simulation
environment based on the Modelica language. It is specifically designed for the modeling
of complex physical systems involving multiple domains such as thermodynamics, fluid
dynamics, and control [36]. In this thesis, Dymola is utilized to simulate the chiller plant
and to generate the training, validation, and test datasets used in this work.

NeuroMANCER (Neural Modules with Adaptive Nonlinear Constraints and Efficient
Regularizations) is an open-source differentiable programming library developed by the
Pacific Northwest National Laboratory (PNNL). Built on top of PyTorch, NeuroMANCER
is designed for solving parametric constrained optimization problems, physics-informed
system identification, and parametric model predictive control. It facilitates the inte-
gration of machine learning with scientific computing by enabling the construction of
end-to-end differentiable models embedded with prior knowledge and physical constraints
[37]. In this work, version 1.5.2 of NeuroMANCER is employed. A key feature of the
library is its support for Neural Ordinary Differential Equations (NODEs), which are used
in this thesis to construct both gray-box and black-box models of the chiller plant.

3.2 System of Study
The Modelica model of the chiller plant enables access to internal variables that are
typically unmeasurable in real-world systems, such as the heat exchanged in the chiller’s
evaporator. This limitation arises because, in real systems, measurements are obtained
using temperature sensors and flow meters, which are also used to control the plant
operation via predefined setpoints. Additionally, power sensors are used to measure the
power consumption of each component in the plant. As a result, only a subset of the
variables available in the Modelica model can be leveraged for system identification.
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3. System Description and Modeling Framework

For the system under study, temperature sensors are positioned after each component
that alters the water temperature, while flow meters are placed downstream of the pumps,
as illustrated in Figure 3.1. These sensors are connected to the Building Management
System (BMS), which adjusts the operation of the individual components to ensure that
each measured variable reaches its corresponding setpoint. Therefore, setpoints serve as
control inputs and define the target temperatures of the chilled and cooling water at
specific points in the system, ensuring a safe temperature within the IT room.

Figure 3.1: Schematic of the chiller plant that will be modeled. The system
comprises two chillers, pumps, cooling towers, and an IT room as the cooling load.
Temperature sensors and flow meters are placed after each component to monitor
key variables, which are used to control the system through temperature setpoints.
A description of all the variables that will be used to model the chiller plant can be

found in Table 3.1

This work will focus on three setpoints: T set
evap,l, T set

evap,b and T set
cond,e. These correspond

to the desired temperature of the chilled water after the second and first chiller, and the
desired temperature of the cooling water after the cooling towers, respectively.

In addition, the Modelica model provides access to two key performance indicators of
the chillers: the Part Load Ratio (PLR) and the Coefficient of Performance (COP). While
these variables cannot be directly measured in real systems, they can be estimated using
measurable quantities such as the temperature and mass flow rate of the water entering
and exiting each chiller. Modeling these variables is essential because they provide insight
into the operating conditions and efficiency of the system, which in turn influences control
strategies, energy consumption forecasts, and overall system optimization.

External weather conditions must also be taken into account, as they influence the
performance of the cooling towers. For this reason, real-time measurements of the dry-
bulb temperature and relative humidity are collected. Together with the IT load, which
generates the heat absorbed by the chilled water, these factors are incorporated into the
model as disturbances, since they cannot be controlled.
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3.3. System Modeling Equations

Variable Description Units
Tevap,e Temperature of the chilled water entering in chiller 1. ◦C
Tevap,b Temperature of the chilled water leaving chiller 1 and entering chiller 2. ◦C
Tevap,l Temperature of the downstream chilled water. ◦C
Tcond,e Temperature of the cooling water entering in chiller 2. ◦C
Tcond,b Temperature of the chilled water leaving chiller 2 and entering chiller 1. ◦C
Tcond,l Temperature of the cooling water leaving chiller 2. ◦C
T set

evap,b Setpoint for Tevap,b. ◦C
T set

evap,l Setpoint for Tevap,l. ◦C
T set

cond,e Setpoint for Tcond,e. ◦C
ṁevap Mass flow rate in the evaporator circuit. kg/s

P1 Power consumption of chiller 1. kW
P2 Power consumption of chiller 2. kW
Pct Power consumption of the cooling tower. kW

Pahu Power consumption of the air handling unit in the IT room. kW
Pp,evap Power consumption of the evaporator pump. kW
COP1 Coefficient of performance of chiller 1. –
COP2 Coefficient of performance of chiller 2. –
PLR1 Part-load ratio of chiller 1. –
PLR2 Part-load ratio of chiller 2. –

Tdb Dry-bulb temperature. ◦C
RH Relative humidity. %
Q̇load Cooling load of the IT room. MW

Table 3.1: Description of the variables that will be used to model the chiller plant.

Lastly, the mass flow rate in the condenser circuit (ṁcond) is assumed to be constant
since it remains approximately steady in practice. Consequently, together with the power
consumption of the condenser pump (Pp,cond), these variables are excluded from the model,
as they do not vary. All the variables that will be used to model the chiller plant are
collected in Table 3.1.

3.3 System Modeling Equations
This section presents the theory-based structure used to construct the gray-box model of
the chiller plant. The model comprises first-order differential equations that describe the
evolution of the temperature variables, as well as algebraic expressions used to estimate
the chiller outputs.

3.3.1 Equations for the Evolution of the Temperature
Variables

The Modelica model (ground truth) is employed to analyze the dynamics of each compo-
nent within the chiller plant, with the aim of deriving the differential equations that will
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form the basis of the gray-box models. To accomplish this, a step response experiment is
conducted for each component. As an illustrative example, we focus on the evaporator of
the second chiller.

0 200 400 600 800 1000
Time (min)

7.1

7.2

7.3

7.4

7.5

7.6

7.7

7.8

C

Tset
evap, l

Tevap, l

Figure 3.2: Step response of the temperature of the water leaving the evaporator
(orange) following a step change in its setpoint (blue).

In this case, the temperature of the chilled water leaving the evaporator Tevap,l is
expected to be influenced by the temperature of the water entering the evaporator Tevap,b

and the setpoint T set
evap,l due to the Building Management System (BMS) action. To

investigate this relationship, the system is first allowed to reach a steady state. Once
steady conditions are achieved, the T set

evap,l (or Tevap,b) is perturbed using a step function
as illustrated in Figure 3.2, and the response of the outlet chilled water temperature is
observed and analyzed.

To do this, we consider the first-order differential equation

Ṫevap,l = −1
κ

Tevap,l + K

κ
∆T set

evap,l

where ∆T set
evap,l is the amplitude of the step function that was used to excite the setpoint.

The time constant of the system τ represents the time it takes for Tevap,l to change from
its steady state value T steady

evap,l to T steady
evap,l + (1− e−1) K∆T set

evap,l, with

K = ∆Tevap,l

∆T set
evap,l

(3.3.1)

being a gain parameter that determines the ratio between the amplitude of the step
response ∆Tevap,l and ∆T set

evap,l. With this, it is possible to compute the value of κ for this
experiment.
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Figure 3.3: Comparison between the step response (solid blue line) of Tevap,l and
its first-order approximation (dashed orange line).

As it can be observed in Figure 3.3, the first-order approximation follows closely
the step response observed using the Modelica model for Tevap,l. This experiment can
be applied by exciting Tevap,b with similar results. Therefore, we define the differential
equation for the evaporator of the second chiller:

Ṫevap,l = c0T
set
evap,l − c1Tevap,l + c2Tevap,b + c3

where ci ∈ R for i = 0, . . . , 3.
This procedure is repeated for the rest of the components of the chiller plant to obtain

the rest of the first-order differential equations:

Ṫevap,e = a0Q̇load − a1Tevap,e + a2Tevap,l + a3,

Ṫevap,b = b0T
set
evap,b − b1Tevap,b + b2Tevap,e + b3,

Ṫcond,e = d0T
set
cond,e − d1Tcond,e + d2Tcond,l + d3,

Ṫcond,b = −e0T
set
evap,l − e1Tcond,b + e2Tcond,e + e3,

Ṫcond,l = −f0T
set
evap,b − f1Tcond,l + f2Tcond,b + f3.

In this project, the parameters ai, bi, ci, di, ei, fi ∈ R for i = 0, . . . , 3 will be estimated
using NeuroMANCER.

3.3.2 Equations for the Outputs of a Chiller
The part load ratio quantifies the ratio between the cooling load at the evaporator and
the chiller’s maximum cooling capacity. It is a dimensionless quantity typically ranging
from 0 (chiller is off) to 1 (full load). The PLR is given by

PLR = Q̇evap

α
,
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where Q̇evap is the heat exchange in the evaporator of the chiller and α = Q̇max > 0 is the
maximum cooling capacity of the chiller specified by the manufacturer.

For instance, the heat exchange in the evaporator of the first chiller is given by

Q̇evap = ṁevapcp(Tevap,e − Tevap,b),

where cp is the water specific heat capacity.
To model the power consumption (P ), we employ an expression obtained using the

ALAMO (Automatic Learning of Algebraic MOdels) framework. ALAMO constructs low-
complexity, physically interpretable models from data by selecting a sparse set of nonlinear
basis functions that best capture the behavior of the target variable [38]. In this case,
it yields a compact representation of the chiller’s power consumption as a function of
relevant operating variables. For the first chiller, the expression reads:

ALAMO(β, Tcond,b, Tevap,b, PLR1)
= 1000

(
β0 + (β1Tcond,bPLR1 − β2Tevap,b + β4) PLR1 + β3T

3
cond,b

)
, (3.3.2)

where βi for i = {0, 1, 2, 3, 4} are model parameters specific of each chiller. An analogous
expression applies to the second chiller by replacing Tcond,b, Tevap,b and PLR1 with Tcond,e,
Tevap,l and PLR2, respectively.

The coefficient of performance, which is a measure of its energy efficiency, is defined
as the ratio of the useful cooling provided to the electrical power consumed:

COP = Q̇evap

P
. (3.3.3)

A higher COP indicates a more efficient chiller, as it means more cooling is achieved per
unit of electrical energy consumed.

Finally, the value of Q̇max and the parameters of the ALAMO model will be estimated
from the training dataset using a least-squares approach.
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Chapter 4

Methodology

4.1 Dataset Generation
As previously mentioned, the training, validation and test datasets are generated using
the Modelica model. For this, it is necessary to define the disturbances d and control
inputs u for each dataset as they are inputs of the Modelica model.

To do this, real weather data from a Florida weather station during Summer 2024 was
collected [39]. The data contained hourly samples of the dry-bulb temperature Tdb and
the relative humidity RH. To obtain values between samples, linear interpolation was
used.

Additionally, three different profiles for the IT load were employed:

• Constant load: Fixed at either 1.2 MW or 1.4 MW.

• Sinusoidal load: The periodicity is 4 hours with values oscillating in the range
[1.0, 1.8]MW.

• Random step load: The height of the step function was randomly sampled from a
uniform distribution over [1.0, 1.8]MW.

The profile for each setpoint also follows a random step function, where the height
is updated hourly. The chilled water temperature setpoint, T set

evap,l, was sampled from
[6.5, 8] ◦C, and the temperature difference setpoint, T set

evap,∆, from [2, 4] ◦C. Then, the
setpoint T set

evap,b = T set
evap,l + T set

evap,∆. The cooling tower setpoint, T set
cond,e, was defined as the

outdoor temperature plus a random offset sampled from [−1, 2] ◦C.
There is a particular case where the setpoints are derived from the baseline rule-based

closed-loop controller. In this case, only T set
evap,∆ was varied, while the other setpoints were

fixed at T set
evap,l = 6.67 ◦C and T set

cond,e = 29.4 ◦C.
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4.2 Neural Modeling
Let the system of interest be described by{

ẋ = fx(x,u,d),
y = fy(x,u,d),

where x ∈ Rnx are the system states, y ∈ Rny the outputs, u ∈ Rnu the control inputs
and d ∈ Rnd the disturbances. The function fx governs the dynamics of the system state,
and fy connects it to the system’s outputs.

Modeling this system analytically is usually difficult to achieve as the functions fx

and fy may contain complex interactions and nonlinearities. Therefore, black-box and
gray-box models are employed to estimate these functions from measurements of x, y, u,
d.

In this project, black-box models are constructed using Multi-Layer Perceptrons (MLPs)
to approximate the functions fx and fy. The resulting model is expressed as,{

ẋ = Nx(x,u,d;ωx),
y = Ny(x,u,d;ωy),

(4.2.1)

where Nx(x,u,d;ωx) and Ny(x,u,d;ωy) are MLPs with parameters ωx and ωy, respec-
tively.

In contrast, gray-box models combine theory-based functions with data-driven tech-
niques. In this project, the general structure for gray-box models is given byẋ = f̃x(x,u,d) +Nx(x,u,d;ωx),

y = f̃y(x,u,d) +Ny(x,u,d;ωy),
(4.2.2)

where f̃x and f̃y are approximations of the unknown system functions fx and fy, re-
spectively. The function f̃x is derived by analyzing the system dynamics, as described
in Subsection 3.3.1, while f̃y is constructed using empirical models and definitions, as
outlined in Subsection 3.3.2. The terms Nx and Ny are MLPs that learn the residual
dynamics not captured by the analytical approximations, thereby increasing the model’s
flexibility and accuracy. One example of such residual dynamics is the effect of flow rates
on the evolution of water temperature, which is not captured by the first-order differential
equations derived in Subsection 3.3.1.

Each model structure can be further divided into non-component-based and component-
based approaches. The black and gray-box non-component-based approaches are given
by (4.2.1) and (4.2.2), respectively. In these configurations, a single MLP is used to model
the system states x and another to predict the outputs y.

In the component-based approach, each subsystem (each chiller, the cooling towers,
the pumps and the combination of the IT room and the Air Handling Unit) is assigned
a dedicated pair of neural networks: one network models the dynamics, and the other
predicts the outputs.

This project first focuses on modeling a simplified system consisting of two isolated
chillers, and subsequently, the complete chiller plant. The following subsections present a
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detailed description of the variables used to model each system, along with the equations
corresponding to the four modeling approaches.

4.2.1 Models for the Two-Chiller System
The isolated two-chiller system illustrated in Figure 4.1 will be modeled using Neural
Ordinary Differential Equations (NODEs) to evaluate their suitability for representing
dynamical systems. To this end, it is first necessary to identify the relevant variables and
classify them into states, inputs, disturbances and outputs.

Figure 4.1: Schematic of the system of two chillers that will be modeled.
Temperature sensors and flow meters are used to control the system through

temperature setpoints.

Given that the system consists exclusively of chillers, which only modify the tem-
perature of both condenser and chilled water, the mass flow of both circuits will not be
modeled as states. Furthermore, the cooling-water mass flow rate is assumed constant
and is therefore omitted from the model. External factors such as weather conditions or
the cooling load of the IT room do not directly influence the system and will therefore be
excluded from the model. Under these assumptions, the system state x, control inputs
u, disturbances d and outputs y are defined as follows:

x =[Tevap,b, Tevap,l, Tcond,b, Tcond,l]T , u = [T set
evap,b, T set

evap,l]T ,

d = [ṁevap, Tevap,e, Tcond,e]T , y = [PLR1, P1, COP1, PLR2, P2, COP2]T .

Once the variables have been chosen, it is possible to present the equations that will be
used in each modeling approach. It is important to notice thatN represents a Multi-Layer
Perceptron (MLP) with parameters ω.

• Black-box non-component-based:{
ẋ = N1(ξ;ω1),
y = N2(ξ;ω2),
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where ξ =

xu
d

.

• Black-box component-based:

ẋ =


Ṫevap,b

Ṫevap,l

Ṫcond,b

Ṫcond,l

 =


N (1)

1 (ξch1;ω1)
N (1)

2 (ξch2;ω2)
N (2)

1 (ξch1;ω1)
N (2)

2 (ξch2;ω2)

 , y =



PLR1
P1

COP1
PLR2

P2
COP2


=



N (1)
3 (ξch1;ω3)
N (2)

3 (ξch1;ω3)
N (3)

3 (ξch1;ω3)
N (1)

4 (ξch2;ω4)
N (2)

4 (ξch2;ω4)
N (3)

4 (ξch2;ω4)


.

where
ξch1 = [Tcond,b, Tcond,l, Tevap,e, Tevap,b, T set

evap,b, ṁevap]T

and
ξch2 = [Tcond,e, Tcond,b, Tevap,b, Tevap,l, T set

evap,l, ṁevap]T .

Here, N (j)
i denotes the jth node of the output layer of the ith MLP. This notation

will be used consistently throughout the remainder of the section.

• Gray-box non-component-based:

ẋ =


Ṫevap,b

Ṫevap,l

Ṫcond,b

Ṫcond,l

 =


b0T

set
evap,b − b1Tevap,b + b2Tevap,e + b3 +N (1)

1 (ξ;ω1)
c0T

set
evap,l − c1Tevap,l + c2Tevap,b + c3 +N (2)

1 (ξ;ω1)
−e0T

set
evap,l − e1Tcond,b + e2Tcond,e + e3 +N (3)

1 (ξ;ω1)
−f0T

set
evap,b − f1Tcond,l + f2Tcond,b + f3 +N (4)

1 (ξ;ω1)

 ,

y =



PLR1
P1

COP1
PLR2

P2
COP2


=



Q̇evap

α1
+N (1)

2 (ξ;ω2)
ALAMO(β1, Tcond,b, Tevap,b, PLR1) +N (2)

2 (ξ;ω2)
Q̇evap

P1
+N (3)

2 (ξ;ω2)
Q̇evap

α2
+N (4)

2 (ξ;ω2)
ALAMO(β2, Tcond,e, Tevap,l, PLR2) +N (5)

2 (ξ;ω2)
Q̇evap

P2
+N (6)

2 (ξ;ω2)


.

• Gray-box component-based:

ẋ =


Ṫevap,b

Ṫevap,l

Ṫcond,b

Ṫcond,l

 =


b0T

set
evap,b − b1Tevap,b + b2Tevap,e + b3 +N (1)

1 (ξch1;ω1)
c0T

set
evap,l − c1Tevap,l + c2Tevap,b + c3 +N (1)

2 (ξch2;ω2)
−e0T

set
evap,l − e1Tcond,b + e2Tcond,e + e3 +N (2)

1 (ξch1;ω1)
−f0T

set
evap,b − f1Tcond,l + f2Tcond,b + f3 +N (2)

2 (ξch2;ω2)

 ,
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y =



PLR1
P1

COP1
PLR2

P2
COP2


=



Q̇evap

α1
+N (1)

3 (ξch1;ω3)
ALAMO(β1, Tcond,b, Tevap,b, PLR1) +N (2)

3 (ξch1;ω3)
Q̇evap

P1
+N (3)

3 (ξch1;ω3)
Q̇evap

α2
+N (1)

4 (ξch2;ω4)
ALAMO(β2, Tcond,e, Tevap,l, PLR2) +N (2)

4 (ξch2;ω4)
Q̇evap

P2
+N (3)

4 (ξch2;ω4)


.

4.2.2 Models for the Complete Chiller Plant
The different models of the plant will be used to perform several experiments that will
illustrate the effects of varying the number of parameters and the amount of training data,
among others. For this, it is first necessary to classify the variables collected in Table 3.1
into states x, inputs u, disturbances d and outputs y:

x = [ṁevap, Tevap,e, Tevap,b, Tevap,l, Tcond,e, Tcond,b, Tcond,l]T , u = [T set
evap,b, T set

evap,l, T set
cond,e]T ,

d = [Tdb, RH, Q̇load]T , y = [PLR1, P1, COP1, PLR2, P2, COP2, Pahu, Pct, Pp,evap]T .

The equations governing each modeling approach are given below. Once more, N repre-
sents a Multi-Layer Perceptron (MLP) with parameters ω.

• Black-box non-component-based:{
ẋ = N1(ξ;ω1),
y = N2(ξ;ω2),

where ξ =

xu
d

.

• Black-box component-based:

ẋ =



m̈evap

Ṫevap,e

Ṫevap,b

Ṫevap,l

Ṫcond,e

Ṫcond,b

Ṫcond,l


=



N1(ξpump;ω1)
N2(ξIT ;ω2)
N (1)

3 (ξch1;ω3)
N (1)

4 (ξch2;ω4)
N5(ξct;ω5)
N (2)

3 (ξch1;ω3)
N (2)

4 (ξch2;ω4)


, y =



Pp,evap

Pahu

PLR1
P1

COP1
Pct

PLR2
P2

COP2


=



N6(ξpump;ω6)
N7(ξIT ;ω7)
N (1)

8 (ξch1;ω8)
N (2)

8 (ξch1;ω8)
N (3)

8 (ξch1;ω8)
N9(ξct;ω9)
N (1)

10 (ξch2;ω10)
N (2)

10 (ξch2;ω10)
N (3)

10 (ξch2;ω10)



.

where
ξch1 = [Tcond,b, Tcond,l, Tevap,e, Tevap,b, T set

evap,b, ṁevap]T ,

ξch2 = [Tcond,e, Tcond,b, Tevap,b, Tevap,l, T set
evap,l, ṁevap]T ,
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ξpump = [Tevap,l, ṁevap, Q̇load]T , ξIT = [Tevap,e, Tevap,l, ṁevap, Q̇load]T

and
ξct = [Tdb, RH, Tcond,l, Tcond,e, T set

cond,e]T .

Analogously, N (j)
i denotes the jth node of the output layer of the ith MLP. This

notation will be used consistently throughout the remainder of the section. where

• Gray-box non-component-based:

ẋ =



m̈evap

Ṫevap,e

Ṫevap,b

Ṫevap,l

Ṫcond,e

Ṫcond,b

Ṫcond,l


=



N (1)
1 (ξ;ω1)

a0Q̇load − a1Tevap,e + a2Tevap,l + a3 +N (2)
1 (ξ;ω1)

b0T
set
evap,b − b1Tevap,b + b2Tevap,e + b3 +N (3)

1 (ξ;ω1)
c0T

set
evap,l − c1Tevap,l + c2Tevap,b + c3 +N (4)

1 (ξ;ω1)
d0T

set
cond,e − d1Tcond,e + d2Tcond,l + d3 +N (5)

1 (ξ;ω1)
−e0T

set
evap,l − e1Tcond,b + e2Tcond,e + e3 +N (6)

1 (ξ;ω1)
−f0T

set
evap,b − f1Tcond,l + f2Tcond,b + f3 +N (7)

1 (ξ;ω1)


,

y =



Pp,evap

Pahu

PLR1
P1

COP1
Pct

PLR2
P2

COP2


=



N (1)
2 (ξ;ω2)
N (2)

2 (ξ;ω2)
Q̇evap

α1
+N (3)

2 (ξ;ω2)
ALAMO(β1, Tcond,e, Tevap,l, PLR2) +N (4)

2 (ξ;ω2)
Q̇evap

P1
+N (5)

2 (ξ;ω2)
N (6)

2 (ξ;ω2)
Q̇evap

α2
+N (7)

2 (ξ;ω2)
ALAMO(β2, Tcond,e, Tevap,l, PLR2) +N (8)

2 (ξ;ω2)
Q̇evap

P2
+N (9)

2 (ξ;ω2)



.

• Gray-box component-based:

ẋ =



m̈evap

Ṫevap,e

Ṫevap,b

Ṫevap,l

Ṫcond,e

Ṫcond,b

Ṫcond,l


=



N1(ξpump;ω1)
a0Q̇load − a1Tevap,e + a2Tevap,l + a3 +N2(ξIT ;ω2)

b0T
set
evap,b − b1Tevap,b + b2Tevap,e + b3 +N (1)

3 (ξch1;ω3)
c0T

set
evap,l − c1Tevap,l + c2Tevap,b + c3 +N (1)

4 (ξch2;ω4)
d0T

set
cond,e − d1Tcond,e + d2Tcond,l + d3 +N5(ξct;ω5)

−e0T
set
evap,l − e1Tcond,b + e2Tcond,e + e3 +N (2)

3 (ξch1;ω3)
−f0T

set
evap,b − f1Tcond,l + f2Tcond,b + f3 +N (2)

4 (ξch2;ω4)


,
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y =



Pp,evap

Pahu

PLR1
P1

COP1
Pct

PLR2
P2

COP2


=



N6(ξpump;ω6)
N7(ξIT ;ω7)

Q̇evap

α1
+N (1)

8 (ξch1;ω8)
ALAMO(β1, Tcond,e, Tevap,l, PLR2) +N (2)

8 (ξch1;ω8)
Q̇evap

P1
+N (3)

8 (ξch1;ω8)
N9(ξct;ω9)

Q̇evap

α2
+N (1)

10 (ξch2;ω10)
ALAMO(β2, Tcond,e, Tevap,l, PLR2) +N (2)

10 (ξch2;ω10)
Q̇evap

P2
+N (3)

10 (ξch2;ω10)



.

4.3 Model Training
Let the model of the system of interest be described byẋ = f̂x(x,u,d;ωx),

y = f̂y(x,u,d;ωy),
where x ∈ Rnx are the system states, y ∈ Rny the outputs, u ∈ Rnu the control inputs,
and d ∈ Rnd the disturbances. The functions f̂x and f̂y represent the dynamical and
output models, respectively, and can take any of the forms detailed in Subsection 4.2.1
and Subsection 4.2.2.

Unlike standard state-space models, where only the outputs y are observed, in this
project data is available for all relevant variables: the system states x, control inputs u,
disturbances d, and outputs y. This enables direct supervision during training of both
the dynamical and output models.

The training and validation datasets are generated using the ground-truth model using
different input and disturbance profiles. As a result, each dataset captures distinct system
trajectories. All datasets contain complete trajectories of x,u,d,y, sampled at fixed
intervals of τ = 30 seconds.

To avoid training biases caused by differences in variable magnitudes, all variables are
normalized to have zero mean and unit standard deviation.

The training process is carried out in two stages. In the first stage, the parameters
ωx of the Neural Ordinary Differential Equation (NODE), which governs the evolution of
the state variables, are optimized following the procedure described in Subsection 2.2.1.
This stage uses the observed trajectories of x, u, and d from the training dataset to fit
the model f̂x. The resulting parameter set ω∗

x corresponds to the lowest validation loss
achieved during training.

In the second stage, the parameters ωy of the Multi-Layer Perceptron(s) (MLPs)
responsible for modeling the output function f̂y are trained. It was observed that using
the NODE-predicted states x led to more accurate output predictions than using the
observed states x̂. Therefore, the NODE is used to generate predicted state trajectories
for both the training and validation datasets. These predicted states, along with u and d,
are used to train the output model following the procedure in Subsection 2.1.1, yielding
the final parameter set ω∗

y .
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4.4 Model Testing
After training, the model with the learned parameters ω∗

x and ω∗
y is evaluated on a separate

test dataset. It contains unseen sequences of x,u,d,y sampled at fixed intervals of τ = 30
seconds that were not used during training or validation. The NODE is provided with
the initial condition of the system from the test dataset and integrated forward in time
using the Explicit Euler method to simulate the evolution of the state variables x, which
are then fed into the function f̂y to obtain the predicted outputs ŷ.

To assess the model’s predictive accuracy, two key performance indicators (KPIs) are
computed: the Relative Root Mean Square Error (RRMSE) and the Maximum Absolute
Error (MAE). The RRMSE is used to quantify the overall accuracy of the predictions,
while the MAE highlights the worst-case prediction errors across the test set.

For a vector z(i) =
[
z

(i)
t

]T
t=0

containing the predicted time evolution of a variable z(i)

for i = {1, . . . , nz} and z = {x, y}, these metrics are defined as

RRMSE
(
z(i)

)
= 1

z̄(i)

√
∥z(i) − ẑ(i)∥2

2
T

and
MAE

(
z(i)

)
= ∥z(i) − ẑ(i)∥∞.

The reference values z̄(i) are collected in Table 4.1.

Table 4.1: Reference values of the variables used to compute the RRMSE.

Variable Reference Value
Tevap,e 20◦C
Tevap,b 20◦C
Tevap,l 20◦C
Tcond,e 20◦C
Tcond,b 20◦C
Tcond,l 20◦C
ṁevap 60 kg/s

P1 150 kW
P2 150 kW
Pct 15 kW

Pahu 20 kW
Pp,evap 40 kW
COP1 6
COP2 6
PLR1 0.5
PLR2 0.5

To determine them, a visual inspection of each time series was conducted to identify
its typical range, a rounded value near the center of this range was selected. Attending
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to Figure 4.2, the reference values for ṁevap and PLR1 could be 60 kg/s and 150 kW,
respectively. This approach ensures that the RRMSE values across different variables
are of comparable magnitudes, thereby minimizing the risk of misinterpretation in the
presentation of results.
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Figure 4.2: Time evolution over one week of the mass flow rate of the chilled water
ṁevap and the power consumption of the first chiller P1.

4.5 Set up for the Numerical Experiments
This section collects all the hyperparameters and settings that are unchanged from one
experiment to another. Explicit Euler for the NODE

Training Parameter NODEs (State Prediction) MLPs (Output Prediction)
ODE solver Explicit Euler –
Optimizer Adam Adam

Learning rate (ϵ) 0.001 0.001
Number of training epochs 1000 200

Mini-batch size 10 samples 10 samples
Activation function ReLU ELU
Sampling time (τ) 30 seconds 30 seconds

Table 4.2: Training configuration for NODEs and MLPs.
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Chapter 5

Numerical Results

5.1 Two-Chiller System
To evaluate whether the methodology developed in this thesis can effectively model HVAC
applications, we consider a simplified system consisting of two isolated chillers. This
reduced setup allows for an analysis of the model without the complexity of the complete
chiller plant but keeping interesting dynamics.

To achieve this, the system will be modeled using all four modeling strategies. The
datasets used for training and validation consist of three days of operation, with setpoints
following a random step function as described in Section 4.1. The testing dataset employs
the same setpoint profile, extended over seven days of operation.

Once all the models described in Subsection 4.2.1 are trained, the key performance
indicators (KPIs) are computed on the test dataset. The results are presented in Fig-
ure 5.1. It can be observed that all models achieve similar levels of predictive accuracy,
as indicated by the close proximity of the markers corresponding to each variable.
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Figure 5.1: Comparison of the Relative Root Mean Squared Error (top) and
Maximum Absolute Error (bottom) across all predicted variables for each modeling

strategy. The models are categorized as Black-Box Component-based (BBC),
Black-Box Non-Component-based (BBNC), Gray-Box Component-based (GBC),

Gray-Box Non-Component-based (GBNC).

The prediction of the water temperatures at various locations within the system is
significantly more accurate than that of the output variables. Specifically, the Relative
Root Mean Squared Error (RRMSE) for all temperature predictions remains below 1%,
while the RRMSE for the outputs is approximately an order of magnitude higher. This
could be because the predictions of the outputs are obtained from the predicted states,
therefore propagating the error.

A key distinction among the models lies in their complexity, which is quantified by the
number of trainable parameters. Adopting a component-based formulation, where each
subsystem is modeled separately, leads to a reduction in parameter count without de-
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grading prediction accuracy, for both black-box and gray-box models. Moreover, incorpo-
rating physical knowledge into the formulation of Neural Ordinary Differential Equations
(NODEs) further reduces model complexity without compromising performance. How-
ever, the same effect is not observed when introducing physics to model the relationship
between system states and output variables.
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Figure 5.2: Comparison of the predicted trajectories for selected state and output
variables using the test dataset for the first 24 hours. The left column shows the

predictions produced by the Black-Box Component-based (BBC) model, while the
right column shows those from the Gray-Box Component-based (GBC) model. In all
plots, the true values are represented by a solid blue line, and the model predictions

are shown as dashed orange lines.
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Figure 5.2 shows that the predictions produced by both models closely follow the
observed values, which is consistent with the low RRMSE and maximum absolute er-
ror reported earlier. Additionally, Figure 8.1 illustrates the prediction for the complete
dataset for these variables.
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Figure 5.3: Zoomed-in view of the predicted and observed trajectories for the
tempearture of the water leaving the evaporator of the second chiller during a slow

transient between two steady-state periods. The left and right panels show the
predictions produced by the Black-Box Component-based (BBC) and Gray-Box

Component-based (GBC) models, respectively. The observed values are represented
by a solid blue line, while the model predictions are shown as dashed orange lines.

Figure 5.3 shows that both models capture the steady states and slow transients with
high accuracy. However, small spikes are observed at the end of some transients, just
before the system reaches the next steady state. This behavior is likely caused by the use
of the Explicit Euler integration scheme with a time step that is too large, resulting in
numerical oscillations over a few time steps.
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Figure 5.4: Zoomed-in view of the predicted and observed trajectories for the
power consumption of both chillers. The left and right panels show the predictions

produced by the Black-Box Component-based (BBC) and Gray-Box
Component-based (GBC) models, respectively. The observed values are represented
by a solid blue line, while the model predictions are shown as dashed orange lines.

Figure 5.4 shows that both models capture the time evolution of the power consump-
tion of both chillers with high accuracy.

5.2 Complete HVAC System

5.2.1 Analysis of Model Structure
This experiment has two primary objectives. The first is to evaluate the impact of adopt-
ing a component-based modeling approach compared to a non-component-based one. The
second is to assess whether incorporating physics into the modeling process improves pre-
dictive performance. To investigate these questions, three different network sizes were
tested for each of the four modeling strategies.

All datasets used for training and validation comprised three days of operation, with
setpoints and IT load following a random step function. The testing dataset employed the
same profiles for both the setpoints and the IT load, extended to a seven-day operational
period. This ensures that all variables remain within comparable ranges, thereby avoiding
extrapolation scenarios, which are addressed later in the report.
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Figure 5.5: Relative Root Mean Squared Error (RRMSE) for all predicted
variables using black-box component-based (top) and black-box

non-component-based (bottom) modeling strategies for different model sizes.

Figure 5.5 shows that both the black-box component-based and non-component-based
approaches yield the best prediction for the medium-sized network. Increasing or decreas-
ing the number of parameters beyond this optimal point results in degraded performance
on the test dataset. This behavior is consistent with expectations: models with too few
parameters may lack the capacity to capture the underlying system dynamics, while ex-
cessively complex models are more susceptible to overfitting, thereby reducing their ability
to generalize to unseen data.

It can also be observed that the component and non-component based approaches
yield similar results with the difference that the former is more memory efficient as it
requires less parameters.
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Figure 5.6: Maximum Absolute Error (MAE) for all predicted variables using
black-box component-based (top) and black-box non-component-based (bottom)

modeling strategies for different model sizes.

This behavior reagarding the number of parameters can also be observed in Figure 5.6
for the component-based approach. However, for the non-component-based structure the
difference between the medium and large models is smaller. This may occur because
the possible overparametrization affects more significantly the average predicition perfor-
mance of the model (RRMSE) than the worst prediction, whose error is given by the
maximum absolute error.
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Figure 5.7: Relative Root Mean Squared Error (RRMSE) for all predicted
variables using gray-box component-based (top) and gray-box non-component-based

(bottom) modeling approaches for different model sizes.

On the other hand, Figure 5.7 shows that the gray-box models do not exhibit the same
sensitivity to the number of parameters. Increasing the network size does not significantly
deteriorate the performance, which may be attributed to the regularizing effect of the
physics-based equations. These constraints guide the learning process, making the models
more robust to overfitting even when their expressive capacity is increased.

Additionally, the values of the RRMSE and the maximum absolute error presented in
Figure 5.7 indicate that both strategies have similar prediction accuracies. Analogously to
what occurred with the black-box models, the component-based approach is more memory
efficient than the alternative.
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Figure 5.8: Maximum Absolute Error (MAE) for all predicted variables using
gray-box component-based (top) and gray-box non-component-based (bottom)

modeling approaches for different model sizes.

The same phenomenon is illustrated in Figure 5.8, where both gray-box models provide
similar maximum absolute values regardless of the number of parameters.

The analysis of how model size influences predictive performance across the four mod-
eling strategies has shown that medium-sized models consistently outperform configura-
tions with lower complexity and achieve results comparable to, or in some cases better
than, the larger models while requiring significantly fewer parameters. For this reason, the
medium-sized models are selected for comparison to determine which strategy provides
the most accurate predictions.
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Figure 5.9: Comparison of Relative Root Mean Squared Error (top) and Maximum
Absolute Error (bottom) across all predicted variables for the four modeling

strategies: Black-Box Component-based (BBC), Black-Box Non-Component-based
(BBNC), Gray-Box Component-based (GBC), and Gray-Box Non-Component-based

(GBNC). The results correspond to the selected optimal network size for each
approach.

Figure 5.9 shows that the four strategies achieve very similar levels of predictive accu-
racy for all the variables. However, it is also evident that the RRMSE values are higher
compared to the case of the isolated two-chiller system. This degradation in performance
can be attributed to the fact that, in the full chiller plant scenario, the temperatures of
the chilled and cooling water entering the chillers are no longer treated as inputs but are
instead predicted by the model. Consequently, any error in the predicted entering water
temperatures propagates through the system, also affecting the accuracy of the output
variable predictions. Additionally, the increased dimensionality of the system introduces
further complexity, making the learning process more challenging.

The results also indicate that the component-based approach requires fewer parameters
than the non-component-based strategy to achieve comparable prediction performance, as
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measured by the selected KPIs. Similarly to the two-chillers system, introducing physics
in the Neural Ordinary Differential Equations (NODEs) reduces the number of param-
eters needed for similar accuracy. This behavior can be attributed to the fact that, in
the component-based approach, each neural network is tasked with modeling a smaller
and simpler subsystem. As a result, the benefit of incorporating first-order differential
equations is less significant, since the learning task is already less complex.

In contrast, it can be observed that introducing physics to model the function that
connects system states with the outputs does not present the same effect.

Additionally, the values of the KPIs illustrated in Figure 5.9 show that the gray-box
component based model is the best option to model a chiller plant among the the other
tested options as it provides similar values of the RRMSE and maximum absolute error
while requiring the fewest number of parameters.
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Figure 5.10: Comparison of the predicted trajectories for selected state variables
using the test dataset for the first 24 hours. The left column shows the predictions

produced by the Black-Box Component-based (BBC) model, while the right column
shows those from the Gray-Box Component-based (GBC) model. In all plots, the

true values are represented by a solid blue line, and the model predictions are shown
as dashed orange lines.

The results shown in Figure 5.10 confirm that both the Black-Box Component-based
(BBC) and Gray-Box Component-based (GBC) models produce predictions that closely
follow the observed trajectories of the state variables. This behavior is consistent with
the low RRMSE values (RRMSE< 2%) previously reported, indicating accurate overall
performance. The plot illustrating the prediction of the same variables for the complete
test dataset is Figure 8.2.
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Figure 5.11: Zoomed-in view of the predicted and observed trajectories for the
tempearture of the water leaving the evaporator of the second chiller during a slow

transient between two steady-state periods. The left and right panels show the
predictions produced by the Black-Box Component-based (BBC) and Gray-Box

Component-based (GBC) models, respectively. The observed values are represented
by a solid blue line, while the model predictions are shown as dashed orange lines.

Regarding the steady-state behavior and the slow transients, Figure 5.11 illustrates
the fact that both strategies capture these phenomena with high accuracy. In contrast to
the results obtained for the two isolated chillers, both black and gray-box models do not
exhibit visible overshoots when the system reaches a new steady state.
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Figure 5.12: Comparison of the predicted trajectories for selected output variables
using the test dataset for the first 24 hours. The left column shows the predictions

produced by the Black-Box Component-based (BBC) model, while the right column
shows those from the Gray-Box Component-based (GBC) model. In all plots, the

true values are represented by a solid blue line while the model predictions are
shown as dashed orange lines.
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Figure 5.12 shows the predictions for the output variables for both gray-box component-
based and black-box component-based. In particular, it can be observed that the models
prediction follow closely the ground truth except for the power consumption of the cool-
ing tower. Figure 8.3 illustrates the prediction of the the same output variables for the
complete test dataset.
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Figure 5.13: Zoomed-in view of the predicted and observed trajectories for the
power consumption of all the components in the system. The left and right panels

show the predictions produced by the Black-Box Component-based (BBC) and
Gray-Box Component-based (GBC) models, respectively. The observed values are
represented by a solid blue line, while the model predictions are shown as dashed

orange lines.

Finally, Figure 5.13 illustrates that both models capture the relationship between the
system states and the outputs with aimilar accuracy.
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5.2.2 Study on the influence of Training Data Quantity
As previously mentioned, neural networks typically require large amounts of data to
achieve accurate predictions, especially when modeling complex systems such as HVAC
plants. In this section, we investigate whether incorporating physical knowledge into the
model helps alleviate this dependency on large datasets. Additionally, we evaluate the
impact of increasing the amount of training data on the predictive performance of the
models.

While it is reasonable to expect that using more training data should lead to improved
accuracy, this improvement must be weighed against the practical cost of data collection
and model training. In particular, we assess whether the performance gain justifies the
additional effort required to generate and process larger datasets.

To conduct this analysis, the gray-box component-based and black-box component-
based models are used with the number of parameters that yielded the best results in the
previous section. The models are trained and validated on datasets containing either 1,
3 and 7 days of data with setpoints and IT load following a random step function. This
ensures consistent system operation and avoids extrapolation. The test dataset is the
same as the one used in the previous subsection.
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Figure 5.14: Comparison of Relative Root Mean Squared Error (top) and
Maximum Absolute Error (bottom) across all predicted variables for the two

modeling strategies: Black-Box Component-based (BBC) and Gray-Box
Component-based (GBC). The results correspond to using data equivalent to one

day for training.

Figure 5.14 indicates that both strategies achieve comparable performance, with the
gray-box model showing slightly better results overall. Although the variables span similar
ranges in both datasets, it has been observed that training both strategies on only one day
of data may lead to unstable performance, depending on the initialization of the neural
network parameters.

For the case presented in this report, the trained gray-box component-based model
was unstable when computing the predictions of the systems’s states for the training
dataset. Consequently, the output estimations provided by the physics-based equations
were computed directly from the observed input trajectories.
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Figure 5.15: Comparison of Relative Root Mean Squared Error (top) and
Maximum Absolute Error (bottom) across all predicted variables for the two

modeling strategies: Black-Box Component-based (BBC) and Gray-Box
Component-based (GBC). The results correspond to using data equivalent to seven

days for training.

It can be observed in Figure 5.15 that the gray-box model demonstrates generally
higher accuracy than the black-box model across most variables, despite both models
yielding similar worst-case prediction errors. This, together with the results illustrated in
Figure 5.14, suggests that the gray-box approach is more accurate overall, independently
of the amount of training data. However, it should be noted that both modeling strategies
may still exhibit instability when trained on limited datasets, emphasizing the importance
of sufficient data for reliable model performance.
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Figure 5.16: Comparison of Relative Root Mean Squared Error (top) and
Maximum Absolute Error (bottom) across all predicted variables for the Black-Box

Component-based (BBC) approach using different training dataset sizes.

From Figure 5.16 it is evident that increasing the size of the training dataset from one
day to three days leads to a noticeable improvement in model performance, as reflected
by the reduced RRMSE and maximum absolute error. However, further increasing the
dataset to seven days does not yield significant additional benefits, since the error metrics
for each variable remain very similar.
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Figure 5.17: Comparison of Relative Root Mean Squared Error (top) and
Maximum Absolute Error (bottom) across all predicted variables for the Gray-Box

Component-based (GBC) approach using different training dataset sizes.

In contrast, Figure 5.17 shows that there is a slight benefit in extending the training
data from three days to a full week, particularly in terms of slightly reduced RRMSE
values. While the improvements are modest, they suggest that generating a larger training
dataset could be worthwhile if the goal is to maximize predictive performance.

Therefore, in this section it has been found that using physical knowledge of the system
improves the performance of the model even when a lot of data is available. Furthermore,
it has been observed that increasing the amount of training data may not improve the
performance of the black-box model while the gray-box model predictive accuracy has
increased.

5.2.3 Extrapolation Analysis
Another important challenge associated with neural networks is their reliance on training
data that sufficiently spans the range of variability expected during deployment. Without
adequate coverage of the input space, a model’s ability to generalize to unseen conditions
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can be significantly compromised. To address this, the present section investigates the
impact of incorporating theoretical knowledge on the model’s extrapolation capabilities.

The models considered in this analysis are the gray-box component-based and the
black-box component-based approaches, using the network sizes that yielded the best
performance in Subsection 5.2.1.

Figure 5.18 illustrates the different IT load profiles used to generate the datasets for
this experiment. The models are trained and validated on datasets containing three days
of data, with setpoints varying according to a random step function and with a constant
or varying IT load. Evaluation is performed on a seven-day dataset in which the setpoint
profile also follows a random step function; however, the IT load profile differs from that
used during training.
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Figure 5.18: Time evolution over three days for different Q̇load profiles: random
step function every hour (top left), sinusoidal with periodicity of one hour (top

right), constant at 1.4 MW (bottom left) and constant at 1.2 MW (bottom right).

It was observed that training both models on the Q̇load = 1.4MW profile resulted
in unstable models when applied to the varying IT load test datasets for predicting the
evolution of temperatures and mass flow rate, as shown in Figure 5.19. Such instability
was expected, as datasets with constant IT load do not contain the dynamic information
necessary to model systems under varying Q̇load conditions. However, the fact that the
models also exhibit instability when tested on datasets with Q̇load = 1.2MW suggests an
additional issue. Specifically, the input and output variables may fall outside the distribu-
tion seen during training, indicating that the models are overfitting to the limited training
data and fail to generalize when exposed to previously unseen operating conditions.
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Figure 5.19: Trajectories of the mass flow rate and the temperature of the chilled
water leaving the IT room using the test dataset and an unstable model. The

predictions were produced by the Black-Box Component-based (BBC) model. In
both plots, the true values are represented by a solid blue line while the model

predictions are shown as dashed orange lines.

On the other hand, training on the dataset where the IT load varies according to
a random step function occasionally led to unstable behavior for the black-box model,
while the gray-box model remained stable under the same conditions. This suggests that
incorporating physical knowledge into the modeling framework can improve robustness in
extrapolation scenarios. Nevertheless, the results also highlight that a sufficiently rich and
representative training dataset remains essential, even when physics-based components are
included.
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5.2. Complete HVAC System
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Figure 5.20: Comparison of Relative Root Mean Squared Error (top) and
Maximum Absolute Error (bottom) across all predicted variables for the Black-box
Component-Based and Gray-Box Component-based (GBC) approaches. The It load

varied following a random step function in the training dataset and a sinusoidal
function in the testing dataset.

Figure 5.20 illustrates that using the gray-box approach provides more accurate predici-
tons than the black-box model when extrapolating to unseen data characterized by dif-
ferent IT load profiles. Therefore, incorporating physical knowledge into the modeling
process can improve the model’s performance by guiding the learning and maintaining
stability even in extrapolation settings.
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Figure 5.21: Comparison of Relative Root Mean Squared Error (top) and
Maximum Absolute Error (bottom) across all predicted variables for the Black-box
Component-Based and Gray-Box Component-based (GBC) approaches. The It load

varied following a random step function in the training dataset and a constant
function at 1.4 MW in the testing dataset.

In contrast, Figure 5.20 shows that both modeling strategies achieve similar levels of
accuracy when the training dataset includes a varying IT load and the testing dataset fea-
tures a constant IT load. Moreover, both RRMSE and maximum absolute error are lower
across all variables compared to the previous extrapolation scenario, with the improve-
ment being particularly noticeable for the black-box model. This outcome is expected, as
the training dataset captures all the relevant dynamics and value ranges present in the
test dataset, thereby minimizing extrapolation effects.

In conclusion, gray-box models demonstrate a clear advantage over black-box models in
extrapolation scenarios, achieving comparable or superior prediction accuracy. Moreover,
they have been argued to exhibit greater robustness than their black-box counterparts.
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5.2. Complete HVAC System

5.2.4 Analysis of Training Data Variability
In previous experiments, the training datasets were designed to ensure sufficient excitation
of the system by simultaneously varying three different setpoints. While this approach is
valuable for evaluating the model’s ability to learn system dynamics, it does not reflect
the conditions typically encountered in real-world applications. In practice, companies are
often reluctant to modify HVAC operating conditions purely for data collection purposes,
due to safety and operational constraints. As a result, historical datasets used for model
development are usually limited in variability and may only involve changes to a single
control variable.

In this section, the models that are used correspond to the gray-box component-based
and black-box component-based that performed best in Subsection 4.2.2. Furthermore,
we use datasets in which only the setpoint for the leaving water temperature of the first
chiller (T set

evap,b) is varied over time. The other two setpoints, T set
evap,l and T set

cond,e, are held
constant. This setup is therefore more similar to the operational data that would be
available for HVAC systems.

The aim of this analysis is to assess whether the proposed modeling strategies can
still learn meaningful system dynamics and make reliable predictions when trained on
such limited datasets. Additionally, this experiment allows us to evaluate the extent to
which physical priors incorporated into the gray-box model can compensate for the lack
of excitation in the training data.

To conduct the analysis, the models are trained and validated on data equivalent to
three days of operation with the setpoint profiles described before and with a varying
IT load following a random step function. After training, the models are evaluated on a
7-day test dataset with similar setpoint and IT load profiles.
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Figure 5.22: Trajectories of the mass flow rate and the temperature of the chilled
water leaving the IT room using the test dataset and an unstable model. The

predictions were produced by the Black-Box Component-based (BBC) model. In all
plots, the true values are represented by a solid blue line while the model predictions

are shown as dashed orange lines.
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5. Numerical Results

Figure 5.22 illustrates that the model was able to accurately predict the mass flow
rate and the temperature of the chilled water after absorbing the heat from the IT room
until a certain point in which the model was unstable. A similar behaviour was observed
for the gray-box modeling, indicating that these models require a rich enough training
dataset to not be unstable.
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Chapter 6

Conclusions

This thesis has investigated data-driven and physics-informed modeling strategies for
a chiller plant, with a particular focus on evaluating the potential benefits of combin-
ing physical knowledge with machine learning. Four modeling strategies were developed
and compared: black-box and gray-box models, each implemented with and without a
component-based architecture. All models were constructed using Neural Ordinary Dif-
ferential Equations (NODEs), which enable the integration of physics-based differential
equations with neural networks to capture unmodeled or complex dynamics.

As a first step, the suitability of Neural Ordinary Differential Equations (NODEs) for
modeling HVAC systems was evaluated using a simplified setup comprising two isolated
chillers. The training and validation datasets consisted of three days of data sampled at 30-
second intervals, with varying setpoints applied to ensure adequate system excitation. The
results demonstrated that the proposed methodology yields highly accurate temperature
predictions, with Relative Root Mean Squared Error (RRMSE) values consistently below
1%. In contrast, the prediction of output variables exhibited higher errors, with RRMSE
values remaining below 5%.

With respect to modeling strategies, adopting a component-based formulation reduced
the number of trainable parameters required to achieve accuracy comparable to that of the
non-component-based approach. A similar reduction in model complexity was observed
when incorporating physical knowledge into the NODE formulation. However, introducing
physics to model the relationshipe between system states to output variables did not yield
a comparable reduction in parameter count for a given level of prediction accuracy.

The analysis was extended to the full chiller plant, which includes two chillers, pumps,
cooling towers, and the IT room. All four modeling strategies were applied using 3 days of
training data with varied setpoints and IT load. The results confirmed previous findings:
component-based approaches required fewer parameters to achieve similar accuracy as
their non-component-based counterparts. This trend was also observed when physics
were introduced in the NODEs, while introducing physics to predict the outputs did not
involve a reduction in the model complexity.

Overall, the models achieved high predictive accuracy for the time evolution of temper-
atures, with RRMSE values generally below 2%, demonstrating the modeling capabilities
of NODEs. However, the worst-case temperature prediction errors exceeded 1◦C, which
may be unacceptable for HVAC systems requiring tight temperature control. Output
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6. Conclusions

predictions remained more challenging, with RRMSE values around 6%. Both gray-box
and black-box models were able to accurately capture slow transients and steady states.

The impact of training data availability was then studied by varying the size of the
dataset. The gray-box and black-box component-based approaches were trained on 1,
3 and 7 days of data. The results showed that gray-box models were more robust and
accurate when training data was limited, confirming their ability to alleviate data re-
quirements. Interestingly, increasing the training duration to 7 days did not significantly
improve black-box performance but did lead to modest gains for gray-box models.

Extrapolation capabilities were also assessed by evaluating model performance on test
datasets with different IT load profiles than those seen during training. Models trained
on constant IT load profiles failed when applied to test datasets with varying or lower
IT loads. Even when trained on variable profiles, the black-box models struggled under
extrapolation, often producing unstable outputs. In contrast, gray-box models demon-
strated improved stability and better predictive performance, indicating that incorporat-
ing physics can mitigate extrapolation issues.

Finally, the models were tested on a more realistic scenario, where only one setpoint
varied in the training data—reflecting the limited variability typical of historical datasets.
In this case, both gray-box and black-box models exhibited instability when applied to
unseen data, regardless of the amount of training data. These results highlight that,
although the incorporation of physics enhances robustness and generalization, a minimum
level of excitation in the training data remains necessary to ensure stable and accurate
model behavior.

In summary, this thesis demonstrates that gray-box modeling provides a good bal-
ance between the flexibility of data-driven methods and the structural advantages of
incorporating physical knowledge. Gray-box models achieve high accuracy with fewer
parameters, exhibit greater robustness in extrapolation scenarios, and outperform purely
data-driven models when training data is limited. However, the integration of physics
does not eliminate the need for informative training data as sufficient system excitation
remains essential to accurately capture dynamic behavior. These findings support the
adoption of physics-informed modeling frameworks over purely data-driven approaches
for HVAC applications. Nevertheless, further refinement is required to meet the strict
performance demands of such systems, particularly in reducing the maximum absolute
error to ensure reliable and precise operation.
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Chapter 7

Future Work

Several directions for future research can be identified based on the findings and limitations
of this project.

An immediate extension would be to improve the theory-based equations used in the
gray-box models. For instance, the current formulation relies on first-order differential
equations; incorporating second-order dynamics could enhance the accuracy of tempera-
ture predictions.

Additionally, refining the ALAMO model used to predict the power consumption of the
chillers, or incorporating physics-based relationships into the modeling of other outputs,
such as the power consumption of the cooling tower or the Air Handling Unit, may lead to
improved predictive performance. This suggestion is supported by the observation in this
project that embedding physical knowledge into the modeling process generally enhances
accuracy.

Another promising direction involves incorporating discrete variables into the models,
such as the on/off status of different components. This project focused exclusively on
summer conditions, during which all components are typically active due to high outdoor
temperatures. However, under different conditions, components may cycle off to reduce
energy consumption. Accurately modeling such behavior would enable a more realistic
and comprehensive representation of system dynamics.

Finally, another valuable extension of this work would be to model the time delays
introduced by the piping system. In the models that have been created, the transport
of water between components is assumed to occur instantaneously. However, in practice,
these transfers involve delays due to the physical distance and flow rate of water in the
pipes. Neglecting these delays can lead to temporal misalignments between control actions
and their observed effects. Therefore, incorporating transport delays into the model would
improve the accuracy of dynamic predictions and enhance the model’s ability to replicate
real system behavior.
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Appendix
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Figure 8.1: Comparison of the predicted trajectories for selected state and output
variables using the test dataset. The left column shows the predictions produced by
the Black-Box Component-based (BBC) model, while the right column shows those
from the Gray-Box Component-based (GBC) model. In all plots, the true values are

represented by a solid blue line, and the model predictions are shown as dashed
orange lines.
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Figure 8.2: Comparison of the predicted trajectories for selected state variables
using the test dataset. The left column shows the predictions produced by the
Black-Box Component-based (BBC) model, while the right column shows those

from the Gray-Box Component-based (GBC) model. In all plots, the true values are
represented by a solid blue line, and the model predictions are shown as dashed

orange lines.

66



0 25 50 75 100 125 150 175

0.25

0.50

0.75

1.00

PL
R 1

Black-box, Component-based

0 25 50 75 100 125 150 175

0.25

0.50

0.75

1.00

1.25 Gray-box, Component-based

0 25 50 75 100 125 150 175

100

200

P 1

0 25 50 75 100 125 150 175

100

200

300

0 25 50 75 100 125 150 175

4

6

8

CO
P 1

0 25 50 75 100 125 150 175

4

6

8

0 25 50 75 100 125 150 175

10

20

30

40

P a
hu

0 25 50 75 100 125 150 175

10

20

30

40

0 25 50 75 100 125 150 175
0

10

20

30

P c
t

0 25 50 75 100 125 150 175
0

10

20

30

0 25 50 75 100 125 150 175
Time (h)

0

20

40

60

80

P p
,e

va
p

0 25 50 75 100 125 150 175
Time (h)

0

20

40

60

80

Figure 8.3: Comparison of the predicted trajectories for selected output variables
using the test dataset. The left column shows the predictions produced by the
Black-Box Component-based (BBC) model, while the right column shows those

from the Gray-Box Component-based (GBC) model. In all plots, the true values are
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