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Abstract

The air quality inside vehicle cabins is an important factor affecting driver alert-
ness, occupant comfort, and occupational health. Among the constituents of cabin
air, carbon dioxide (CO,) is of particular interest because it is produced contin-
uously by occupants and accumulates rapidly in the enclosed space of a modern
vehicle. Sustained exposure above 1,000 ppm measurably degrades driver alertness
and decision-making, creating a clear need to monitor cabin CO, during operation.
Physical CO, sensors are the conventional approach and are already used in some
vehicles to trigger ventilation switching, but they rely on infrared or photo-acoustic
measurement principles that are susceptible to drift from temperature and humid-
ity, require periodic recalibration as optics age, and degrade under the vibration and
thermal cycling of vehicle operation. These limitations render them unreliable for
continuous, fleet scale monitoring. This thesis addresses this gap by developing a
virtual CO, sensor that predicts cabin concentration from signals already available
on the vehicle controller area network (CAN) bus, eliminating the dependence on
dedicated hardware. Three modelling approaches are developed and compared: a
purely data-driven deep learning model, a physics-based mass-balance model, and
a hybrid approach in which the physics model output is incorporated as an input
feature to the data-driven model. Seven architectures are evaluated, trained, and
tested on 445,017 samples corresponding to 123 hours of real-world driving data
collected across cold, mild, and warm ambient conditions. The best performing ar-
chitecture is Hybrid TCN-LSTM, with a mean absolute percentage error of 8.35%
using only CAN bus signals. Adding the physics-based equilibrium signal as an
input feature reduces this to 7.93%, with consistent improvement seen across all
seven architectures and all temperature conditions. The physics signal captures
ventilation history in a way that raw CAN bus signals do not directly express, and
its contribution shows that the two approaches carry different information. The
results establish that CAN bus signals alone are sufficient for accurate cabin CO,
prediction, and that incorporating physical knowledge into the model pushes that
accuracy further still.

Keywords: virtual sensing, cabin air quality, deep learning, hybrid physics-informed
model, temporal convolutional network, CAN bus, CO, prediction.
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List of Acronyms

Below is the list of acronyms that have been used throughout this thesis listed in
alphabetical order:

CAN Controller Area Network

COq Carbon Dioxide

Conv1D One-Dimensional Convolutional Neural Network
EWMA Exponentially Weighted Moving Average
GBDT Gradient Boosting Decision Tree

GRU Gated Recurrent Unit

HVAC Heating, Ventilation, and Air Conditioning
LSTM Long Short-Term Memory

MAE Mean Absolute Error

MAPE Mean Absolute Percentage Error

NDIR Non-Dispersive Infrared

OEM Original Equipment Manufacturer

RMSE Root Mean Square Error

RNN Recurrent Neural Network

TCN Temporal Convolutional Network
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Nomenclature

Below is the nomenclature of parameters and variables that have been used through-

out this thesis.

Parameters

Camb
Ceq
Cew
Qea

Q
S

Tamb
Vv

T

Variables

Ambient COy concentration (ppm)
Equilibrium CO; concentration (ppm)
COs concentration in exhaled air (ppm)
Exhalation flow rate per occupant (L/min)
Cabin body leakage flow rate (L/s)
Occupant CO, generation rate (ppm-L/s)
Ambient temperature (°C)

Cabin volume (m?)

Cabin time constant (s)

Cabin CO, concentration at time ¢ (ppm)

Moving equilibrium concentration at time ¢ (ppm)
Hidden state of a recurrent network at time ¢
Time-varying cabin leakage flow rate (L/s)

Input feature vector at time ¢

Target COy concentration at time ¢ (ppm)
Predicted CO5 concentration at time ¢t (ppm)
Log-standardized target variable

EWMA smoothing factor

X1
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1

Introduction

1.1 Background

The air quality inside vehicle cabins is an important factor affecting driver alertness,
occupant comfort, and occupational health. Among the constituents of cabin air,
carbon dioxide (COy) is of particular interest because it is produced continuously
by occupants and accumulates rapidly in the enclosed space of a modern vehicle.
Field measurements show that CO5 concentrations in passenger cars routinely exceed
2,500 parts per million (ppm) during ordinary driving and can surpass 4,000 ppm
under recirculation [1]. These levels are well above the 1,000 ppm threshold com-
monly linked to cognitive decrements, such as reduced decision-making performance
[3]. Professional drivers are at particular risk, as long shift durations in heavy-duty
vehicles can lead to recurring exposure to high concentrations that impair safety-
critical performance.

These CO5 concentrations depend on several factors, including ventilation mode,
cabin volume, and the number of occupants. Controlled experiments have demon-
strated that recirculated airflow consistently produces the highest concentrations,
with levels rising proportionally to the number of passengers [6]. In vehicles with
windows closed and recirculation active, concentrations can reach 3,000 ppm in un-
der 20 minutes [4]. While fresh air intake can maintain CO, at safe levels, drivers
often prefer recirculation to block outdoor pollutants or to reduce the energy load
on the climate control system [5]. This creates a trade-off between air purity and
metabolic COs build-up that modern ventilation systems must manage.

1.1.1 Limitations of Physical CO, Sensing

Measuring CO, inside vehicle cabins is technically difficult. The most common
method is non-dispersive infrared (NDIR) spectroscopy, which uses an infrared light
source and a detector. NDIR sensors are selective and stable, but their readings
drift with temperature and humidity, requiring compensation algorithms [2]. Some
designs use a second detector channel to correct this drift, but this adds cost.
Photo-acoustic spectroscopy is an alternative. Sensors based on this principle use a
pulsed light source and a microphone to detect the sound made by CO5 molecules
as they heat up and cool down. They can be made smaller than NDIR sensors
because they do not need a long optical path. Huber and Webber showed that a
miniaturized photo-acoustic sensor can work in a vehicle over a wide temperature
range [13]. However, the signal is weak and the sensor needs good shielding and
compensation.
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Both sensor types have the same practical problems. They need regular recalibra-
tion because the light source ages and the optics get contaminated. Vibration and
temperature cycling can cause mechanical failure. For a manufacturer that wants
to put CO5 sensors in every vehicle, the total cost of the sensor, calibration, and
replacement is often too high.

1.1.2 Data-Driven Approaches to Virtual Sensing

These limitations have motivated the use of virtual sensing, where the quantity of
interest is estimated from other available measurements rather than measured di-
rectly with a dedicated sensor. In urban air quality monitoring, machine learning
models trained alongside reference instruments can significantly improve the accu-
racy of low-cost gas sensors and, in some cases, predict pollutant concentrations that
no sensor in the system directly measures [12]. The key point is that calibration and
virtual estimation are the same learning problem, and that a well-trained model can
generalize to unseen conditions.

In indoor environments, Long Short-Term Memory (LSTM) networks have been used
as virtual CO, sensors in buildings, reaching the accuracy of physical instruments
while using only signals already available in the building management system [7].
This demonstrates that when the underlying process has enough structure, a learned
model can replace a hardware sensor. However, buildings operate under relatively
stable conditions: the Heating, Ventilation and Air Conditioning (HVAC) system
runs at near-constant set-points and the main source of variation is occupant density.
The cabin of a moving vehicle is fundamentally different. Vehicle speed, blower
speed, recirculation ratio, and ambient temperature all change continuously, and
the ventilation state can shift from full fresh air to full recirculation within seconds.
A virtual sensor for a truck cabin must therefore learn a non-stationary system
whose governing parameters shift with every change in driving condition.

Most relevant to this work, a deep learning-based virtual sensor of the cabin temper-
ature of an electric passenger vehicle was developed with CAN bus signals as inputs,
comparing recurrent, convolutional and hybrid architectures [19]. The best model, a
temporal convolutional network (TCN), achieved a mean absolute percentage error
of about 3.5%. This shows that CAN bus signals carry enough information to esti-
mate an internal cabin variable at an accuracy useful for control applications, and
that the choice of architecture matters. Cabin temperature, however, is influenced
primarily by a single dominant factor (solar load) and responds with relatively slow
thermal dynamics. CO, concentration, by contrast, responds rapidly to changes in
ventilation and is driven by the combined effect of multiple operating parameters
simultaneously. The present work extends this line of research from temperature to
COg, and from a passenger vehicle to a heavy-duty truck cabin, where the wider
range of operating conditions makes the estimation problem more challenging.

1.1.3 Towards a virtual CO;, sensor for truck cabins

The findings reviewed above suggest that a virtual COy sensor for the heavy-duty
vehicle cabin is both technically achievable and practically useful. The demonstra-
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tion that CAN bus signals alone can support deep-learning-based virtual sensing of
internal vehicle variables in a production fleet [9] provides an important method-
ological reference point. The present work follows a similar approach in terms of
data sources and model comparison, but differs in three main ways. First, the target
variable is COy concentration rather than temperature. While cabin temperature is
governed by heat transfer driven by external conditions and the HVAC system, CO4
concentration is governed by a mass balance in which the source term comes from
the occupants and the main removal mechanisms are ventilation and infiltration.
Second, the application involves sustained long-duration operation. A passenger
vehicle trip typically lasts minutes to a few hours, during which the ventilation
state may remain relatively stable. A heavy-duty truck, by contrast, operates over
days and weeks, crossing multiple climate zones and alternating between driving,
idling, and rest periods. Thus, the model must be accurate over much longer time
windows, capturing COy dynamics that include shift-long recirculation episodes,
overnight dormancy, and cold-start transients following extended stops. This places
a stronger demand on the model’s ability to learn sustained temporal dependencies.
Third, the model comparison is carried out within a hybrid framework that combines
a data-driven model with a physics-based component. A first-principles cabin mass-
balance model is used to derive the equilibrium CO, concentration under current
ventilation conditions, which is then provided as an additional input to the learned
model. This type of hybrid approach has not been widely explored in the heavy-duty
vehicle context. The signals available on the CAN bus of a modern truck, including
outside temperature, vehicle speed, blower level, recirculation flap position, and
related actuator states, encode the boundary conditions that drive the CO, mass
balance inside the cabin. This study investigates whether a deep learning model
can map CAN bus signals to cabin COs concentration with sufficient accuracy to
serve as a software-based alternative to a dedicated physical sensor. The model
families most commonly applied to this type of time-series problem (LSTM, gated
recurrent units(GRU), TCN, and hybrid TCN-recurrent architectures) differ in their
structural assumptions and generalization behaviour, yet their relative performance
on heavy-duty vehicle cabin data has not been systematically evaluated.

1.2 Aim

The aim of this thesis is to develop and evaluate a virtual CO, sensor for heavy-
duty truck cabins that predicts cabin COs concentration from signals available on
the vehicle CAN bus, without requiring a dedicated physical sensor. To achieve
this, three approaches are investigated: a purely data-driven deep learning model,
a physics-based model derived from the cabin COy mass balance, and a combined
approach in which the physics model output is used as an additional input to the
data-driven model. The following research questions guide the work:

1. To what extent can cabin COs concentration be accurately predicted from
CAN bus signals alone, and which deep learning architecture performs best
for this task?

2. How well the physics-based mass balance model predicts cabin CO5 concen-
tration under real driving conditions and its limitations?
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3. Does incorporating the physics model output as an input feature improve the
predictive performance of the data-driven model compared to using CAN bus
signals alone?

1.3 Thesis outline

The remainder of this report is organized as follows. Chapter 2 presents the theo-
retical background, including HVAC working principles, the physics of cabin CO,
accumulation, as well as the deep-learning architectures used in this study. Chap-
ter 3 describes the collected data, the CAN-bus signals used as model inputs, the
pre-processing steps performed, and the methods used to develop, train and evaluate
the virtual sensor models. Chapter 4 reports the results obtained and Chapter 5
discusses these results in relation to the research questions and the existing litera-
ture. Chapter 6 provides the conclusions of the study and suggests directions for
future work.



2

Theory

This chapter presents the theoretical background needed for the work in this thesis.
Section 2.1 covers the working principle of the HVAC system. Section 2.2 discusses
the deep learning architectures for time-series regression, beginning with simple
recurrent neural networks and progressing to gated architectures (GRU and LSTM)
and convolutional architectures (TCN and hybrid TCN-recurrent models). Section
2.3 develops the first-principles mass-balance model describing the change in the
CO4 concentration in a vehicle cabin.

2.1 HVAC System Working Principle

The HVAC unit performs a number of processes on the air before delivering it to
the cabin. Understanding this sequence is important, as it can be used to read the
CAN bus signals that drive the virtual CO, sensor, since each of the stages in air
conditioning adds a measurable signature to the vehicle data stream.

2.1.1 Air Intake and Mixing

The air enters the HVAC unit via one of two routes: from the external environment
via the fresh air intake, or from the cabin interior via the recirculation duct, as shown
in illustrated in Figure 2.1. The recirculation flap, a motorized damper controlled
by the climate management system, determines the proportion of recirculated air
that enters the HVAC [14]. In partial recirculation mode, both streams are drawn
in together and mixed before entering the conditioning stages. In full recirculation
mode, the fresh air intake is completely closed and only cabin air is processed. The
mixed airstream then passes through a particulate filter that removes dust, pollen,
soot and other contaminants. In vehicles equipped with activated carbon filtration,
gaseous pollutants such as volatile organic compounds (VOCs) are additionally ad-
sorbed, improving the chemical quality of the cabin air supply [14].

2.1.2 Cooling and Dehumidification

In cooling mode, the filtered airstream is directed over the evaporator, a heat ex-
changer through which refrigerant circulates at low pressure and temperature. The
warm air from the cabin or outside passing over the cold evaporator surface ex-
changes sensible heat with the refrigerant, bringing down the air temperature. At
the same time, if the air temperature drops below its dew point, condensation of
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Figure 2.1: Schematic of a vehicle HVAC system, showing the fresh air and recir-
culation intake pathways, blower, evaporator, heater core, bypass valve, and refrig-
eration circuit. Adapted from [§]

water vapour occurs on the evaporator fins and is drained away, reducing the ab-
solute humidity of the supply air [14]. This dehumidification is important not only
for thermal comfort but also for preventing mist formation on glazing surfaces.

2.1.3 Heating

After passing through the evaporator, the air is directed toward the heater core. In
conventional vehicles, the heater core is supplied with hot engine coolant. In battery
electric trucks, engine waste heat is largely absent, so heating is instead provided
by auxiliary PTC (Positive Temperature Coefficient) electric resistance heaters or
a heat pump [14]. The amount of heating applied is governed by either the coolant
flow rate (water flow type) or the position of a mixing flap that blends the heated
airstream with a cooler bypass stream (air mix type) [15]. The air mix approach
is more dynamically responsive, since the flap can be repositioned rapidly, whereas
the water flow type relies on the slower thermal inertia of the coolant circuit.

2.1.4 Air Distribution

The conditioned air is distributed to the cabin through a network of ducts and
vents, with the distribution pattern determined by the active operating mode [14].
In wventilation mode, air is directed through the upper dashboard vents for cooling
comfort in mild to warm conditions. In heating mode, air is routed through the
floor vents, where it rises by natural convection and creates a vertical temperature
gradient with warm feet and a cooler head, a pattern that is well-suited to occupant
comfort [14]. This is the dominant mode during cold weather driving, which in
Scandinavian operating conditions represents a substantial portion of annual truck
operation. In demisting and defrosting mode, hot dehumidified air is directed at the
wind-shield and side windows to raise the glazing surface temperature above the
local dew point [14]. In bi-level mode, air is supplied through both floor and upper
vents simultaneously for intermediate comfort conditions.

6
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2.1.5 Control Architecture

Modern HVAC systems are based on automatic climate control where the driver
specifies a desired cabin temperature and the system autonomously adjusts all ac-
tuators including fan speed, recirculation flap, mixing flap, and compressor state to
meet this target while balancing thermal comfort, energy efficiency, glazing visibility
and air quality [15]. In electric trucks heating demand at low ambient tempera-
tures can be a large fraction of total energy consumption, creating a strong incentive
to maximize recirculation [14]. However, high recirculation fractions result in COq
accumulation and humidity build-up [21]. The control system therefore continu-
ously navigates this trade-off, producing a time-varying recirculation strategy that
depends on ambient temperature, cabin temperature error, occupancy, and glazing
conditions. This dynamic behaviour is a key reason why cabin COy concentration
cannot be reliably predicted from a single static rule, motivating the data-driven
approach developed in this thesis.

2.2 Deep Learning Models for Time-Series Re-
gression

The control dynamics described above have an important consequence for the mod-
elling approach: the cabin CO5 does not change instantaneously with the ventilation
state. When the recirculation flap is closed or the blower speed is changed, the con-
centration changes slowly over a time period that depends on the volume of the
cabin and the current rate of air exchange. This means that two cabins operating
at identical instantaneous recirculation and blower settings can have very different
CO; concentrations depending on how long those settings have been in effect. A
static regression model that maps only current CAN bus signals to a concentration
estimate would not be able to make this distinction and would result in large errors
during and just after ventilation transitions. A time-series model, by contrast, can
use the sequence of past observations to infer the current dynamic state, effectively
learning the temporal lag inherent in the system.

The task is therefore formulated as a multivariate time-series regression problem,
which requires architectures capable of exploiting temporal context. Given an input
sequence {xy, Ty, ..., o7}, with 7, € R?, the goal is to learn a parametrized mapping
fo : RT4 5 RT that produces an estimate C,(t) of the cabin concentration at
each time step. This motivates the use of recurrent, convolutional, and hybrid
architectures, introduced in the sections that follow.

2.2.1 Simple recurrent neural network

The key idea behind a recurrent neural network (RNN) is the introduction of a
feedback loop: the output of the network at one step is fed back as an additional
input at the next step, giving the network a form of memory. A useful analogy is a
comb filter in signal processing, where the output at each step is a weighted average
of the current input and the previous output. An RNN generalizes this by replacing
fixed weights with learnable parameters and by applying a non-linear activation

7
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function. At each time step ¢, the simple (or "vanilla") RNN reads an input x; and
a previous hidden state h; 1, and produces a new hidden state h; according to [23]

ht = (b(Wh ht,1 + Wx Ty + b) y (21)

where Wy, W,, and b are learnable parameters and ¢ is a non-linear activation,
typically the hyperbolic tangent. The hidden state h; summarizes all the information
seen in the input up to time ¢, and a per-step output #; is obtained from h; through
an additional affine layer. The same parameters W), W, b are shared across all time
steps. Figure 2.2 shows the network unrolled in time, which makes the recurrent
structure explicit and motivates the term “back-propagation through time” for the
training procedure.

Figure 2.2: A recurrent neural network unrolled in time. At each step the cell fy
takes the current input and the previous hidden state, produces a new hidden state,
and emits an output. The same parameters # are shared across all time steps.

In principle the simple RNN can represent arbitrary temporal relationships, but
in practice it is difficult to train when the relevant dependencies span many time
steps. As discussed above, cabin CO, concentration responds slowly to changes
in ventilation state, and the model must therefore retain information about condi-
tions that occurred minutes earlier to accurately predict the current concentration.
This requirement of long-range memory reveals a fundamental limitation of the
simple RNN: repeated multiplication by the recurrent weight matrix during back-
propagation through time causes the gradient to either decay exponentially or grow
without bound, a phenomenon referred to as vanishing or exploding gradient prob-
lem [24]. The vanishing-gradient case is the more common of the two and prevents
the network from learning precisely the kind of long-range correlations that cabin
COy dynamics demand. The architectures introduced in Sections 2.2.3 and 2.2.4
were specifically designed to mitigate this problem.

2.2.2 Stacked recurrent neural networks

A single recurrent layer is able to model the temporal dependencies, but is limited
in the complexity of the feature representations it can build at a time. Stacking
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2. Theory

multiple recurrent layers on top of one another increases the depth of the network
and allows each layer to operate on progressively higher-level representations of the
input [25]. In a two-layer stacked RNN, the hidden state of the lower layer at each
time step serves as the input to the upper layer at the same time step,

—~

h = (W b + W,
h? = (WP 2 + W,

Dz, + b<1>) : (2.2)
D bt b)), (2.3)

8

—

8

and the final output is obtained from the top layer. An important property of
stacked recurrent networks is that each intermediate layer passes its entire output
sequence to the next layer, not just the final hidden state; this allows every layer to
process the full time dependent sequence and discover temporal patterns at multi-
ple levels of abstraction [25]. This structure naturally generalises to more than two
layers, as shown in Figure 2.3. Stacking adds a depth dimension that complements
the temporal dimension and has been observed to improve performance on a range
of sequence-modelling tasks. However, depth comes at a cost: gradients now have to
propagate not only backward through time but also through each additional layer,
which amplifies the vanishing and exploding gradient problem already inherent in
recurrent networks. Deeper stacked RNNs are therefore harder to train and more
sensitive to initialization, which is why the stacking principle yields the greatest ben-
efit when applied to gated architectures, described in the sections that follow, where
more stable gradient flow in the temporal direction provides a stronger foundation
for additional depth.

Figure 2.3: A two-layer stacked recurrent neural network. The hidden state of the
lower layer at each time step is fed as the input to the upper layer at the same time
step, while each layer maintains its own recurrent connection in time.
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2.2.3 Gated recurrent unit

The gated recurrent unit (GRU) addresses the vanishing-gradient problem of the
simple RNN by introducing two learnable gates that control how much of the pre-
vious hidden state is retained and how much new information is incorporated at
each time step [26]. Given an input x; and a previous hidden state h;_;, the GRU
computes an update gate z; and a reset gate 7y,

Zt = O'(Wz Ty + Uz htfl + bz) y (24)
ry = O'(Wr T + UT ht—l + b?“) s (25)

where ¢ denotes the logistic sigmoid function and the weight matrices and bias
vectors are learnable parameters. The reset gate r; decides which components of the
previous hidden state should contribute to a candidate hidden state hy,

Bt = tanh(W Tt + U (Tt @ ht—l) + b) s (26)

where ® denotes element-wise multiplication. The new hidden state is then formed
as a convex combination of the previous hidden state and the candidate, with the
update gate z; controlling the mixing,

ht = (1 — Zt) @ ht—l + Zt @ iLt. (27)

When z; is close to zero, the previous hidden state is preserved almost unchanged,
which provides a direct path for gradients to flow backwards in time and stabilizes
training over long sequences. When z; is close to one, the new candidate replaces
the previous state. The GRU therefore has a learnable mechanism for balancing
memory retention against the incorporation of new information, while keeping the
parameter count and computational cost lower than those of the LSTM described
in the next section. Because gating increases the number of trainable parameters
relative to the simple RNN, dropout is commonly applied during training to reduce
the risk of over-fitting. Dropout randomly deactivates a subset of neurons in each
training step, forcing the remaining neurons to develop more robust representations;
all neurons are fully active during inference [22].

2.2.4 Long short-term memory

The long short-term memory (LSTM) cell predates the GRU and is the classical
solution to the vanishing-gradient problem in recurrent networks [27]. The LSTM
augments the hidden state h; with a separate cell state ¢;, which acts as a protected
memory that can be selectively written to or erased through four gates: an input
gate i;, a forget gate f;, a cell gate ¢ (also called the candidate gate), and an output
gate o; [27]. Given an input z; and the previous hidden and cell states h; ; and
¢i—1, the LSTM performs the following computations,
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fo = o(Wray+ Uphei 4 by), (2.8)

it == O'(VVz Ty + UZ ht—l + bl) y (29)

Oy = U(WO Ty + UO hjt,1 -+ bo> s (210)

5,5 = tanh(WC Tt + Uc ht—l + bc> s (211)

after which the cell and hidden states are updated as

Ct = ft ® Ct_1+ l't ® 615, (212)

hy = o ® tanh(c). (2.13)

The forget gate decides which components of the previous cell state should be pre-
served, the input gate decides which components of the candidate ¢ should be
written, and the output gate controls how much of the resulting cell state is exposed
in the hidden state hy;. The cell-state update in equation (2.12) consists only of
element-wise products and an addition, with no non-linearity along the temporal
path; this is what allows information to be carried across many time steps without
the gradient signal degrading.

The LSTM and GRU achieve similar goals through different parameterizations. The
LSTM maintains an explicit, separately gated cell state in addition to the hidden
state, while the GRU collapses these into a single hidden state and uses fewer gates
and fewer parameters. Empirically the two architectures perform comparably on
a wide range of sequence-modeling tasks, with the relative ranking depending on
the specific application, the amount of training data available, and the way hyper-
parameters are selected [28]. Both are evaluated in this thesis.

2.2.5 Training and loss function

All of the architectures described above are trained by minimizing a loss function
L(6) over a labeled training set, where 6 collects all learnable parameters of the net-
work. For the regression problem considered here, the mean absolute error (MAE)
between the predicted and reference cabin CO, concentrations is used as the training
criterion,

G () = C(1)

1 N
LO) = — , 2.14

0) = &7 n; ; (2.14)
where N is the number of training sequences and 7' is the sequence length. The
MAE treats all prediction errors equally regardless of their magnitude, which makes
it more robust to occasional large deviations than the mean squared error and gives
the loss value a direct physical interpretation in the units of the target quantity.
Gradients of £ with respect to 6 are computed by back-propagation, and for recur-
rent networks specifically by back-propagation through time, in which the unrolled
computational graph is traversed from the final time step backwards to the first.

The parameters are then updated using the Adam optimizer [29], which adapts the
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per-parameter learning rate based on running estimates of the first and second mo-
ments of the gradient. The specific values of the optimizer hyper-parameters and
the regularization strategy used in this work are described in Chapter 4.

2.2.6 Temporal Convolutional Network

Recurrent networks are the most common approach to sequence modelling, but
convolutional architectures can perform as well or better on certain tasks [32]. The
Temporal Convolutional Network (TCN) is a convolutional architecture designed
specifically for sequence modelling [32, 33]. It combines two key ideas: dilated
causal convolution and residual connections.

2.2.6.1 Dilated Causal Convolution

Causal convolution ensures that the output at time step ¢ depends only on current
and past inputs. A dilated causal convolution can be written as

k—1
ht =0 (Z Wixtfdi + b) ,

=0

where k is the kernel size, d is the dilation factor, W; are the convolution weights,
b is the bias term, and o(-) is the activation function. When d = 1, this reduces
to a standard causal convolution. When d > 1, the convolution skips time steps,
allowing the network to look further into the past without increasing the kernel size.
Stacking layers with exponentially increasing dilation factors gives the TCN a large
effective receptive field with relatively few parameters.

2.2.6.2 Residual Block

Each TCN block contains two dilated causal convolutional layers, each followed by
a ReLU activation and dropout. A residual connection adds the block input to the
block output, which stabilizes training and allows deeper networks to be constructed.
The output of block [ is

h®) = ReLU (F(h(~) + POR(-D),
where F'(-) represents the two convolutional layers and PO is a 1 x 1 convolution

used to match dimensions when the number of channels changes.
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Figure 2.4: Architecture of a TCN residual block.

2.2.7 Hybrid TCN-Recurrent Models

The TCN captures local temporal patterns effectively, but recurrent models are
better suited to modelling sequential state transitions. A hybrid TCN-recurrent
model combines both approaches: the TCN acts as a temporal feature extractor,
and its output is passed to an LSTM or GRU which models the sequential evolution
of those features and produces the final prediction.

Several studies have adopted this approach. Dudukcu et al. [34] proposed a hybrid
TCN-RNN architecture for chaotic time-series prediction, where the TCN extracts
low-level features and recurrent layers capture temporal information. Zhou et al. [35]
developed a TCN-GRU model for short-term bike-sharing demand prediction, and
Xiang et al. [36] proposed a TCN-ECANet-GRU model for photovoltaic power fore-
casting. These studies show that combining TCN with recurrent layers is an effective
way to model both local temporal patterns and longer sequential dependencies.

In this thesis, hybrid TCN-LSTM and TCN-GRU models were implemented and
evaluated. The results in Chapter 4 show that these hybrid models improve predic-
tion performance compared to using either a TCN or a recurrent model alone.
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2.3 Cabin CO,; Mass Balance

The vehicle cabin can be treated as a single, well-mixed control volume in which
COs is generated by the occupants and removed by ventilation and infiltration [21].
This assumption means that the CO, concentration is considered spatially uniform
inside the cabin, so that a single cabin concentration can be used to represent the
overall cabin air state.

A schematic of the cabin air system is shown in Figure 2.5. Outside air with ambi-
ent CO5 concentration C,,,;, enters the cabin through ventilation and leakage paths,
while cabin air leaves through body vents and other leakage openings. Under nor-
mal operation, the incoming and outgoing volumetric flow rates are assumed to be
balanced. Their common effective value is denoted as the cabin body leakage flow
rate ();. The occupants act as an internal CO4 source. For n occupants, the source
term is defined as

S = nClyQen, (2.15)

where C,, is the CO5 concentration in exhaled air and ()., is the exhalation flow
rate per occupant.

Cabin CO,
'{ (_concentration: C ) |

Outside air in
Camba Ql

Air out
Cl Ql

1

Figure 2.5: Schematic of the cabin air system used as the basis for the CO5 mass-
balance model. Outside air enters the cabin with ambient concentration Cj,;,, cabin
air leaves through body vents and leakage paths, and occupants act as an internal
COg source. Cabin geometry adapted from [10].

CO, source: S=n C,, Q.,

Applying conservation of mass to CO, inside the cabin gives

dm,
dt

=5+ Camel - CQb (216)
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where m,. is the amount of CO, in the cabin, C' is the cabin CO4 concentration, and
Q; is the effective cabin body leakage flow rate. The first term on the right-hand
side represents CO, generated by occupant respiration, the second term represents
ambient COy entering the cabin, and the third term represents COy removed from
the cabin by outgoing air.

Using the relation C' = m,./V, where V' is the cabin volume, Equation (2.16) can be
rewritten as a concentration-based ordinary differential equation:

VI _ s 1 i - @) (2.17)
Equivalently,

dC(t) S Qult) Qi(t)

7dt = V - Vv C(t) + Vv C1a,mb- (218)

This equation describes the dynamic balance between occupant CO, generation
and dilution by outside air. The source term S/V increases the cabin concentration,
while the remaining two terms describe the exchange between cabin air and ambient
air.

Two limiting cases are useful for interpreting the model. When the vehicle is sta-
tionary and the ventilation fan is switched off, the leakage flow @); is approximately
zero. In this case, Equation (2.17) reduces to a linear accumulation model:

C(t) = Cy + it, (2.19)

where () is the initial cabin COy concentration. This case shows that, without
ventilation or leakage, the cabin concentration increases approximately linearly with
time due to occupant respiration.

During normal driving, ¢); > 0. If ); is assumed to remain constant over a short
time interval, Equation (2.17) has the first-order solution

C(t) = (Co — Ceq) exp(—?/lt> + Ceq, (2.20)
where the equilibrium concentration is
S
Ceq = Camb + - (2.21)
Qi

The equilibrium concentration represents the CO, level that the cabin would ap-
proach if the current ventilation condition remained unchanged for a sufficiently long
time. If the current cabin concentration is below Ceq, the internal source dominates
and the cabin CO4y concentration tends to increase. If the current cabin concentra-
tion is above C¢q, ventilation dominates and the concentration tends to decrease.
The speed of this response is determined by the cabin time constant

4

Q
A larger cabin volume or smaller leakage flow leads to a larger time constant, mean-
ing that the cabin CO, concentration changes more slowly. Conversely, a larger
leakage flow results in faster dilution and a shorter response time.

T (2.22)
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Under steady-state conditions, the cabin concentration no longer changes with time,
so dC'/dt = 0. In this case, the measured cabin concentration can be approximated
by the equilibrium concentration. Rearranging Equation (2.21) gives

S

== 2.2
Ql Ceq - C(amb ( 3)

This expression is important because it allows the effective leakage flow rate @
to be inferred from cabin CO; measurements when the cabin is close to steady
state. In real driving data, exact steady-state conditions are rarely observed because
vehicle speed, blower operation, recirculation setting, and ambient conditions vary
continuously. However, if a time segment has sufficiently small COs variation and
slope, its local mean cabin concentration can be treated as an approximation of
Ceq- This provides the theoretical basis for identifying quasi-steady-state points
and using them to estimate ;.

A practical complication is that the occupant source term S is not directly measured
on the vehicle. It depends on the number of occupants, breathing rate, and activity
level. In this study, the truck is assumed to be occupied by the driver only for most
driving sessions, which is representative of typical heavy-duty truck operation. The
per-occupant product C,,.Q., is taken from the literature as a nominal value for
adults at rest [21]. Another uncertainty is that ) is not constant in real driving.
Previous work has shown that cabin body leakage depends on operating conditions
such as vehicle speed, ventilation fan speed, and HVAC duct geometry [30]. In
addition, the recirculation ratio affects the effective amount of fresh outside air in-
troduced into the cabin, and therefore influences the apparent ventilation state [31].
Therefore, the mass balance model described in this section captures the correct
functional form of the cabin CO5 dynamics, but its parameters are subject to uncer-
tainty under real driving conditions. This motivates the use of a learned model that
takes CAN-bus signals as inputs and is supported by, rather than fully constrained
by, the physics-based formulation.
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Methods

3.1 Overview

This chapter explains the data processing procedures and the three methods used
in this thesis for predicting the CO5 concentration inside the vehicle using signals
from the CAN bus. The methods for collecting raw driving data, classifying sessions
according to temperature conditions, and defining the target variable are detailed
in Section 3.2. Outlier removal, missing value processing, feature scaling, target
transformation, and the generation of fixed-length input sequences are all covered
in Section 3.3, which is inclusive of all pre-processing processes that are common to
all approaches. The first approach, described in Section 3.4, is a data-driven model
that uses deep learning to directly predict CO5 from CAN bus signals. The second
approach is detailed in Section 3.5. It is a model grounded in physics that uses
numerical solutions of the cabin mass balance equation to mimic the concentration
of COy in the cabin. In the final approach, which is detailed in Section 3.6, a
combined physics-informed prediction pipeline is created by using the output of the
physics-based model as an extra input feature to the data-driven model. Lastly,
the evaluation criteria used to compare all three approaches and the post-processing
used to smooth model predictions are detailed in Sections 3.7 and 3.8.

3.2 Data Collection

The data were obtained from an instrumented Volvo heavy-duty truck that was
operated in a range of real-world road environments. Considering the mixed-duty
cycles typical of heavy-duty long-haul and distribution transport, sessions were con-
ducted on public roads encompassing highways, rural areas, and major cities. A part
of the vehicle’s power-train CAN data, which is normally confidential in commercial
trucks, had to be accessed in order to carry out the research. Since the Volvo gives
structured CAN data that can be read with the right instruments, the diagnostic
interface of the vehicle allowed access to the necessary signals. However, the signals
included in this study are comprised of generic HVAC and ambient data, which can
be found on platforms from numerous manufacturers for heavy-duty trucks. The
suggested approach is thus theoretically transferable to different truck platforms,
provided that the appropriate CAN signals can be read. The original signal sam-
pling periods differed among channels, but the CAN signals were captured at a
consistent 1 Hz rate. To avoid false averaging effects and maintain temporal consis-
tency, the data was resampled to this common rate. The truck cabin was equipped
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with two CO, sensors to supply the measurements for the ground-truth target. The
final dataset contains 445,017 samples, corresponding to approximately 123 hours
of driving, distributed across the three temperature conditions as summarized in
Table 3.1.

To ensure that the models are exposed to the full range of ambient conditions en-
countered in commercial vehicle operation, data were collected across three distinct
climatic settings. Cold condition sessions captured sub-zero temperatures down to
approximately —20 °C, where the engine and cabin require significant warm-up time
and the heating system operates at full capacity for extended periods. Warm con-
dition sessions covered high ambient temperatures with strong solar load, causing
the HVAC system to operate predominantly in recirculation mode and leading to
sustained CO5 accumulation. Mild condition sessions represented moderate ambient
temperatures between 0 and 20 °C with intermediate ventilation requirements. The
air conditioning system was operated in different modes across sessions, including
both automatic and manual control, to capture the range of ventilation strategies a
driver may apply. Most driving sessions were conducted with the driver as the sole
occupant, which is representative of typical heavy-duty vehicle operation.

Sessions were grouped into three ambient temperature conditions based on the am-
bient temperature, as defined in Table 3.1. These conditions reflect distinct HVAC
operating regimes: at cold temperatures the system operates primarily in heating
mode with constrained fresh-air admission, while at warm temperatures elevated
recirculation demand accelerates CO, build-up. Sessions that did not belong to a
clear driving regime which include parking, lunch stops, and overnight sleep modes
were excluded from model training and evaluation, as they represent fundamentally
different thermal and ventilation dynamics. Consequently, the virtual sensor devel-
oped in this thesis is designed for operation under active driving conditions and may
not be applicable to stationary periods when the cabin is unoccupied or when the
HVAC system is running in a non-driving mode.

Condition Label Temperature Range (7,.,,) Sample Count

driving_cold <0°C 85567
driving mild [0°C,20°C] 169 636
driving_warm > 20°C 189 814
Total 445017

Table 3.1: Ambient temperature conditions and sample distribution.
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3.2.1 Target Variable

The target variable for all models is the mean cabin COy concentration, computed
as the arithmetic mean of the two physical sensor readings introduced in Section 3.2.
A single sensor placed at a fixed location may not be representative of the overall
air quality experienced by the occupants, since COs concentration varies spatially
depending on occupant position, ventilation outlet placement, and recirculation pat-
terns. The target variable is defined as follows:

Sgl) + 8152)

Y = 9

(3.1)

where 351) and s§2) are the readings of the two physical sensors at time .

The distribution of the target variable differs substantially across the three tem-
perature conditions, reflecting the different HVAC operating modes associated with
each. Figures 3.1, 3.2, and 3.3 show the normalized target distributions for the cold,
mild, and warm conditions respectively.

Target Distribution: Driving Cold

14000
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Sample Count
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0.0 0.2 0.4 0.6 0.8 1.0
Normalized CO2 concentration (-)

Figure 3.1: Target CO, distribution across the driving cold condition (T, <
0°C).
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Target Distribution: Driving Mild
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Figure 3.2: Target CO, distribution across the driving mild condition (0°C <
Tamp < 20°C).
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Figure 3.3: Target CO, distribution across the driving warm condition (Tymp >
20°C).

In the cold condition, the distribution is narrow and concentrated at low concen-
trations, reflecting the frequent use of fresh-air intake for windscreen demisting and
cabin heating, which continuously dilutes cabin CO,. The distribution shifts to
higher concentrations and acquires a longer tail to the right for the mild condition,
indicating that moderate concentrations dominate but episodes of elevated CO, are
produced during periods of sustained recirculation. In the warm condition, the
distribution is broad and shifted substantially toward higher concentrations, consis-
tent with recirculation-dominated HVAC operation. At high ambient temperatures,
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the system prioritises cooling efficiency over fresh-air admission, which limits CO,
dilution and drives sustained accumulation throughout the session [1, 21].

3.3 Data Pre-Processing

The quality and reliability of the data are essential for developing a data-driven
prediction system. All three approaches underwent the same pre-processing steps
to guarantee the data’s reliability for model training.

Outlier removal was initially performed separately for each session. The CO, sen-
sors did not show any systematic drift but some implausible readings were observed
from time to time, due to CAN network transmission problems and sensor initiali-
sation at the beginning of a session. Samples below 460 ppm were removed since an
occupied cabin will always sustain COy above the outdoor ambient level of approx-
imately 420 ppm [21]. Our study only focuses on occupied cabin conditions during
driving, where the cabin COy concentration is above the ambient level. Therefore
our model cannot be expected to perform in unoccupied cabins, near-ambient CO,
conditions or stationary truck operation. Further, readings that that deviate unre-
alistically between consecutive time steps were treated as transmission faults and
discarded. These outliers typically appeared as isolated single-sample spikes that
were physically inconsistent with the surrounding measurements, given that cabin
COy concentration changes slowly under normal driving conditions. Small isolated
gaps remaining after removal were imputed using the nearest valid observation dur-
ing training only, and rows with unrecoverable missing values in the target were
discarded.

All input features were then standardized to zero mean and unit variance using
Standard Scaler fitted exclusively on the training set and applied without refitting
to the validation and test sets, preventing any information leakage from held-out
data [16].

The target variable was log-standardized before training. As seen in Figures 3.1, 3.2,
and 3.3, the CO, distribution is right-skewed, with a long tail of high-concentration
values. When a target distribution is skewed, the training loss is disproportionately
influenced by the few large residuals in the tail, which can push the model to pri-
oritize those rare extreme cases at the expense of typical operating conditions [18].
A logarithmic transformation is a standard approach to address this: it compresses
large values while spreading out small ones, making the distribution more symmetric
and stabilizing the variance across the range of the target [17]. The transformed
values are then standardized to zero mean and unit variance so that the target is on
the same numerical scale as the input features, which improves gradient flow during
training [16].

The full transformation is defined as:

log(y) — fiog

Olog

y= (3.2)

where y is the original CO, concentration in ppm, and fu.s and oo are the mean
and standard deviation of log(y) computed from the training set only, ensuring
no information from the validation or test sets influences the transformation. At
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inference time, predictions in the transformed space are inverted back to the original
ppm scale via:

§ = exp (- O1og + fiog) (3.3)

Finally, the data were structured into sequences to preserve the time-series char-
acteristics of the COy signal, in which past observations directly influence future
concentration. A sliding-window technique was used, where a fixed-length sequence
of past measurements is used to predict a future value. These sequences were then
processed by a recurrent neural network. This approach allows the model to learn
the temporal patterns in ventilation behaviour and COy accumulation over time,
rather than treating each time step in isolation.

After testing several window lengths, 120s was selected as the input window to
predict the CO, value 30s ahead. It provided the best trade-off between capturing
the relevant COy dynamics, maintaining training stability, and remaining compu-
tationally manageable. Cabin CO, responds slowly to changes in ventilation; the
concentration builds up and dissipates over timescales of tens of seconds to minutes,
governed by the cabin air exchange time constant 7 = V/@Q;. Shorter windows failed
to capture these delayed responses, while longer windows degraded performance by
spanning heterogeneous driving conditions within a single sequence.

3.4 Approach I: Data-Driven Model

The first approach uses deep learning to predict cabin COy concentration directly
from CAN bus signals, without any explicit physical model. The model learns the
relationship between HVAC signals, ambient conditions, and COs concentration
purely from data.

3.4.1 Feature Selection

Feature selection was based on the CO, mass-balance model of the vehicle cabin, as
detailed in Section 2.3. The primary adjustable parameter is the fresh-air exchange
rate Q;: any signal affecting @); is causally relevant to the predicted target. Based
on this, seven feature groups covering ambient conditions, recirculation, blower,
humidity, air distribution, and vehicle dynamics were retained from the CAN bus
signals, giving a total of 19 base features. These are summarized in Table 3.2.
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Group Key signals Physical relevance
Ambient Ambient Determines the HVAC operating
Temperature regime. At low ambient temperatures,
the system prioritizes heating and
limits fresh-air intake, causing COq to
accumulate. At high temperatures,
heavy recirculation reduces cooling
load with the same effect.
Recirculation Recirculation The recirculation flap determines how
ratio, Fresh air much cabin air is re-conditioned versus
fraction replaced by outside air. A high recir-
culation ratio stops COs dilution and
causes rapid build-up [21, 31].
Blower Blower Speed, The blower drives air through the

HVAC Thermal

Humidity

Air Distribution

Vehicle

Blower Current,
Blower Power

Evaporator Temp.,
Heat Exchange
Rate, Cabin Temp.

Cabin Humidity,
Air Humidity
Temp.

Vent, floor, and de-
frost actuator posi-
tions

Vehicle Speed,
Driver Door Open
Status, Passenger
Door Open Status

HVAC system. Higher speeds increase
fresh-air delivery and COg dilution
when the fresh-air intake is open.

Reflect the current heating or cooling
mode and indicate whether the system
is likely to restrict fresh-air admission
to maintain the thermal set point.

Occupant respiration raises both CO»
and humidity simultaneously, provid-
ing a fast indirect signal of occupant
load.

The active distribution mode deter-
mines where conditioned air is directed
and how effectively fresh air displaces
accumulated COs.

Higher speed increases air infiltration
through body seals. Door-open events
introduce a sudden fresh-air exchange
that rapidly dilutes cabin CO3 [1, 30].

Table 3.2: Feature groups and their physical relevance to cabin CO5 dynamics.
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3.4.2 Deep Learning Architectures

The recurrent and convolutional architectures evaluated in this study are described
in detail in Chapter 2. This section specifies the configurations used. Altogether,
seven models were evaluated: RNN, Stacked RNN, GRU and LSTM according to
the formulations in Sections 2.2.1-2.2.4, and the TCN, TCN-LSTM, and TCN-GRU
described in Sections 2.2.6-2.2.7.

All models were trained using the Adam optimizer [29] with a learning rate of
1 x 107* and weight decay of 1 x 1073. Adam was chosen for its adaptive learning
rates and reliable convergence across different architectures. Mean absolute error
(L1 loss) was used as the training objective rather than mean squared error, as it is
less sensitive to outliers that occasionally survive the preprocessing stage described
in Section 3.3, making it more robust during training without requiring a perfectly
clean target signal.

3.4.2.1 Model Configurations

The configurations in Table 3.3 were selected following a preliminary architecture
search in which hidden size, number of layers, and dropout rate were varied; the
combination yielding the lowest validation MAE was retained for each model family.
Dropout of 0.20 was applied to all multi-layer models, and all models were trained
for up to 50 epochs with a batch size of 32.

Model Hidden Layers Dropout Batch Optimizer Epochs Params
RNN 16 1 — 32 Adam 50 609
Stacked RNN 16 3 0.20 32 Adam 50 1,697
GRU 16 2 0.20 32 Adam 50 3,425
LSTM 16 1 0.20 32 Adam 50 2,385
TCN 16 3 0.20 32 Adam 50 5,281
TCN-LSTM (24, 32) 342 0.20 32 Adam 50 16,849
TCN-GRU (16, 32) 4 0.20 32 Adam 50 15,889

Table 3.3: Summary of model architectures and training hyper-parameters. For
hybrid models, the layer count denotes TCN blocks followed by recurrent layers.

3.5 Approach II: Physics-Based Model

3.5.1 Physics-Based Modelling Framework

The second approach uses the cabin COy mass balance model introduced in Sec-
tion 2.3 as the physical basis for estimating cabin CO, concentration. Instead of
directly predicting cabin COs concentration from CAN bus signals, this approach
first estimates the effective cabin body leakage flow rate ;(t), which controls the
balance between occupant CO, generation and CO, exchanged by outside air.
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As shown in Section 2.3, the equilibrium cabin COs concentration is determined
by the occupant source term .S, the ambient concentration C,,,, and cabin body
leakage @);. For a given time-varying leakage estimate (;(t), the corresponding
moving equilibrium concentration is therefore

S
Ceq(t) = Cymp + m (34)

Here, Ceq(t) should not be interpreted as the instantaneous cabin COy concentra-
tion.Instead it is the concentration that the cabin would asymptotically approach
if the current HVAC conditions were to remain. Since real driving conditions are
highly time-varying and the initial cabin concentration is uncertain, directly apply-
ing the analytical transient solution at every timestamp would be sensitive to error
accumulation. Therefore, this study uses the equilibrium concentration as a more
stable and interpretable physics-derived representation of the cabin CO5 concentra-
tion state.

The key remaining task is to estimate @Q;(¢). Following the steady-state relationship
derived in Section 2.3, ); can be inferred when the cabin CO, concentration is
approximately at equilibrium. Therefore, the first step of the physics-based approach
is to identify quasi-steady-state segments from the measured CO, time series and use
them to obtain target values for leakage-flow modelling. This procedure is described
in the next subsection.

3.5.2 Steady-State Inference of cabin body leakage

When the cabin reaches steady state, Equation (3.4) holds. Under this condition,
the leakage flow rate (;(¢) can be determined from the cabin COy concentration.
Therefore, if steady-state points can be identified, the corresponding leakage flow
rate (J; can be inferred from the cabin CO5 concentration measured at those points.
In practice, perfectly steady-state conditions are difficult to achieve in real driving
data. Therefore, quasi-steady-state points were identified from the measured time
series using rolling-window statistics of the cabin CO signal. Only data segments
with sufficiently small CO, variation and slope were retained so that the steady-state
assumption remained approximately valid. The inferred @Q); values at these quasi-
steady-state points were then used as target values for the subsequent modeling of
the time-varying leakage flow rate.

The quasi-steady-state points were identified according to the following criteria:

o A rolling window of 120 samples was applied to the cabin CO, signal to char-
acterize its local temporal behavior.

o Within each window, the rolling mean cabin CO, concentration Cap, the
rolling standard deviation o¢p,, and the local CO slope dC'/dt in ppm/min
were calculated.

o A sample was considered quasi-steady-state only if the CO5 variation within
the window was sufficiently small:

oco, < 15 ppm. (3.5)
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o In addition, the local rate of change of cabin COy was required to be small:

dC

i < 2 ppm/min. (3.6)

» To avoid unstable leakage estimates when the cabin CO, concentration was
too close to the ambient level, only samples satisfying

Crap > Comp + 50 (37)

were retained.

« Consecutive samples satisfying all of the above criteria were grouped into can-
didate quasi-steady-state segments. Only segments with sufficient duration
were retained, and one representative midpoint from each segment was se-
lected as a steady-state point for subsequent leakage inference. Furthermore,
files containing too many steady-state points were down-sampled to prevent
data imbalance across files. One file can only have at most 20 steady point to
be chosen.

Finally we get 735 steady points in total, and then using Equation (2.23) to calculate
Q; of these steady points as target.
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Steady-state point selection
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Figure 3.4: Steady-state point selection for cabin CO, analysis. Top: normalized
measured cabin COs concentration, 120-sample rolling mean, normalized ambient
COy threshold, and selected quasi-steady-state points, where 3000 ppm is scaled
to 1. Bottom: rolling CO, standard deviation in ppm and absolute COs slope in
ppm/min, which are used to identify quasi-steady-state periods. The green regions
indicate candidate time intervals where the CO, signal satisfies the steady-state
selection criteria, and one representative point is selected from each interval that
meets the minimum length requirement.

3.5.3 Data-Driven Estimation of Time-Varying cabin body
leakage

Previous studies by Chang et al. have shown that cabin body leakage is affected
by vehicle speed and ventilation fan speed.[30] In addition, recirculation ratio also
affects the effective cabin body leakage, since a higher recirculation ratio reduces
the amount of fresh outside air introduced into the cabin.[31] Therefore, we choose
these three feature to fit cabin body leakage Q).

e Vehicle speed: Vehicle speed affects the pressure difference between the cabin
and the surrounding environment, and therefore influences the air exchange
rate through leakage paths. In general, a higher vehicle speed tends to increase
cabin body leakage.

« Blower speed: Blower speed affects cabin body leakage by changing the
pressure distribution inside the cabin ventilation system. When the blower
operates at a higher speed, the air velocity near the fan inlet increases, which
leads to a larger local pressure drop. This pressure difference enhances the
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driving force for air exchange through leakage paths in the cabin body, thereby
increasing cabin body leakage.

e Recirculation ratio: The recirculation ratio determines the proportion of
cabin air that is recirculated within the HVAC system instead of being replaced
by outside air. A higher recirculation ratio generally reduces the amount of
fresh air entering the cabin, and thus affects cabin body leakage.

These three features were then used as input variables, while the calculated (); values
at the identified steady points were used as target labels. Several machine learning
methods were tested to model the relationship between the input features and @Q);.
The steady-state dataset was randomly split, with 80% used for training and the
remaining 20% used for testing. As shown in Table 3.4, the Gradient Boosting
Decision Tree model achieved the best predictive performance among the evaluated
methods. Figure 3.5 shows the difference between the model fitted @); and the
calculated Q).

Table 3.5 show that blower speed is the most important variable for predicting
Q;, followed by recirculation ratio and vehicle speed. This indicates that blower
operation has the strongest influence on the cabin body leakage, while recirculation
also plays an important role. In comparison, vehicle speed has a smaller contribution
in the current model.

After establishing the fitting model for the steady points, the trained GBDT model
can be applied to estimate (); at each timestamp, since each file in the original
dataset contains vehicle speed, blower speed, and recirculation ratio.
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Model Train Test
MAE RMSE MAE RMSE
Polynomial Ridge degree 2 49.58  70.72  45.66  60.27
Polynomial Ridge degree 3 44.88 66.41 41.16 56.24
Random Forest 30.12  48.97 28.18  40.25
Extra Trees 39.26  61.65 36.56 52.41
Gradient Boosting 20.18 31.27 28.38 39.43
Hist Gradient Boosting 20.72 3337 2883 39.52
SVR RBF 42.56  68.15 39.84  55.73

Table 3.4: Performance comparison of machine learning models for @); prediction

QI Prediction: Train and Test Sets
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Figure 3.5: ); prediction of training set and test set from GBDT model
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Feature Importance
Blower speed 0.516694
Recirculation ratio  0.338140
Vehicle speed 0.145166

Table 3.5: Feature importance of the GBDT model for (); prediction

3.5.4 Interpretation of Equilibrium CO-

From section 3.5.3, we already got a GBDT model to predict @); in every timestamp.
For a given cabin body leakage Q;(t), the corresponding equilibrium cabin COy
concentration can be written as

S

Ceq(t) = Camp + Ql(t). (38)
Physically, Ceq(t) represents the asymptotic CO5 concentration that would be reached
if the current operating conditions remained unchanged for a sufficiently long period
of time. In other words, it is not the instantaneous cabin CO, concentration itself,
but the target level toward which the cabin CO4 concentration tends to evolve under
the current balance between occupant emissions and ventilation.
This interpretation can also be understood directly from Equation (2.17). After
simplify this equation, we can get:

dC(t) _ Q(t)

= 20 (Cuglt) - ) (39)
If the current cabin COs concentration C(t) is higher than Ceq(t), the ventilation
effect dominates and the cabin CO, concentration tends to decrease. Conversely,
if C'(t) is lower than Ce(?), the internal CO, source dominates and the cabin CO,
concentration tends to increase. Therefore, the difference between C'(t) and Ceq(?)
determines the instantaneous direction of CO4y evolution.
One may ask why the analytical solution of the mass balance equation(Equation (2.20)),
was not directly used to calculate the cabin CO, concentration at different times-
tamps. The main reason is that this approach involves too many uncertain variables
and is highly sensitive to error accumulation. In particular, the initial cabin CO,
concentration is not accurately known, and the leakage flow rate (); varies over time
rather than remaining constant. As a result, it is difficult to determine the instanta-
neous cabin COy concentration reliably from this equation alone. Therefore, in this
study, the equilibrium CO, concentration was used instead, as it provides a more
stable and interpretable representation of the cabin ventilation state.
In practice, since ;(t) varies with vehicle operating conditions, the equilibrium
concentration is also time-dependent. As a result, Ceq(t) should be interpreted
as a moving equilibrium level rather than a fixed steady-state value. Cabin CO,
concentration does not immediately coincide with Ceq(t), but instead approaches
it gradually according to the first-order dynamic response described by the mass
balance equation.
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For this reason, Cey(t) can be used as a physically interpretable diagnostic variable.
It helps explain whether the model predicts an increasing or decreasing CO- trend at
a given time and provides additional insight into the interaction between occupant
emissions and effective ventilation.

Method MAE RMSE MAPE
Raw equilibrium CO, 167.22  260.28 17.80 %
Filtered equilibrium CO, 158.11 249.01 16.94 %

Table 3.6: Overall performance of equilibrium COs against measured CO,
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Figure 3.6: Comparison of measured and equilibrium CO, concentration for two
selected files. Each panel shows the measured cabin CO, concentration (blue solid
line), the raw equilibrium CO; concentration (grey dashed line), and the EMA-
filtered equilibrium CO, concentration (red solid line).

The equilibrium COs concentration was calculated at each time step in the dataset
and compared with the measured cabin CO, concentration, as summarized in Ta-
ble 3.6. The raw equilibrium CO estimate yielded a MAPE of 17.80%. To reduce
short-term fluctuations, an exponential moving average (EMA) was applied to the
raw equilibrium CO, sequence separately for each file. A span of 180 samples was
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used, corresponding to a smoothing factor of @ = 2/(180 + 1) ~ 0.01105. The
EMA-filtered equilibrium CO, concentration was computed recursively as

CPMA = ol + (1= a) P,

where C;? is the raw equilibrium CO, concentration and CEMA is the filtered value
at time step t. The first filtered value was initialized using the first raw equilibrium
COy value. After EMA filtering, the MAPE was reduced to 16.94%.

For visualization, two files were selected and plotted in Figure 3.6. Each panel shows
the measured CO5 concentration, the raw equilibrium COy concentration, and the
EMA-filtered equilibrium COy concentration. It can be observed that the EMA-
filtered equilibrium COy curve follows a trend similar to that of the measured CO,
concentration.

3.6 Approach III: Physics-Informed Data-Driven
Model

The third approach combines the two previous methods by using the output of
the physics-based model as an additional input feature to the data-driven model.
The motivation is that the physics model encodes known cabin dynamics explicitly,
providing the deep learning model with a physically grounded prior that may help
it correct for errors in the simulation caused by uncertain ventilation rate estimates
or unmodelled effects such as air infiltration. Rather than relying on the data-
driven model to rediscover the mass balance from scratch, this approach provides
the physics prediction as a starting point and lets the model learn what the physics
signal alone cannot capture.

3.6.1 Combined Feature Set

The physics model output, filtered equilibrium CO, is appended as an additional
feature column to the CAN bus feature matrix described in Section 3.4.1, giving a
combined feature set of 20 features. All other preprocessing, scaling, and sequenc-
ing steps described in Section 3.3 are applied identically. The combined input tensor
is therefore:

Xeomb o RNx120x20 (3,10)

3.6.2 Training and Evaluation

The combined model uses the same deep learning architectures and training configu-
ration described in Section 3.4.2. The best architecture identified in the architecture
search is retrained on the combined feature set. This allows a direct comparison be-
tween three configurations on the same held-out test set: the data-driven model
trained on CAN bus features only, the physics-based model running without any
learned parameters, and the combined model trained on CAN bus features aug-
mented with the physics prediction. The comparison reveals whether the physics
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model output provides useful additional signal beyond what the CAN bus features
alone convey to the deep learning model.

3.7 Post-Processing

Model predictions can exhibit short-term oscillations that are not physically mean-
ingful, since cabin CO4 changes slowly. A light smoothing step was therefore applied
to the raw predictions at evaluation time using an exponentially weighted moving
average (EWMA) with a span of 3 samples:

2
~smooth ~ ~smooth
=af;+ (1 —«a ) Q= —- 3.11
7 ot (1= ) g et (3.11)
where g; is the raw prediction at time ¢ and a = 0.5 is the smoothing factor. Smooth-
ing was applied separately within each session and is included when computing all

reported evaluation metrics.

3.8 Evaluation Criteria

To compare the performance of all three approaches using the predicted results
and actual values, four complementary metrics were used. These metrics and their
interpretations are summarised in Table 3.7.

Table 3.7: Evaluation metrics and their interpretation.

Metric Formula Interpretation
100 X |y — 0
MAPE WZ Yi— Y Scale-independent rela-
i—| Y

tive error (%). Primary
ranking criterion.

1 N
MAE —> |y — Gl Mean absolute error
N £ . . .
i=1 in ppm.  Directly in-
terpretable in physical

units.
1 N2 . .
RMSE —> (v — Gs) Penalises large devia-
N < . .
=1 tions more heavily than

MAE. Sensitive to out-
liers.

MAPE is expressed as a percentage, so a value closer to zero indicates higher predic-
tion accuracy. This is particularly useful for comparing prediction values at different
scales and is used as the primary ranking criterion, consistent with related work on
virtual cabin sensors [19]. MAE provides the average absolute error in the same unit
as the predicted values (ppm), helping to understand model errors in a physically
interpretable way. RMSE is additionally used because it is more sensitive to large
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deviations, penalising the high-error events that are most critical from a cabin air
quality perspective.

In addition to aggregate metrics computed over the full test set, each model was
evaluated separately within the three temperature conditions (cold, mild, warm)
to expose condition-specific failure modes. This disaggregated view is important
because performance requirements and HVAC operating regimes differ substantially
across conditions.

3.9 Model Selection

After all three approaches were evaluated on the hold-out test set, models were
ranked by ascending MAPE (primary criterion) and the best-ranked model was
selected as the final virtual CO4 sensor.

34



4

Results

4.1 Overview

This chapter presents the experimental results obtained by evaluating the three
approaches described in Chapter 3 on the held-out test set. Section 4.2 reports
the results of Approach I, the purely data-driven deep learning model, including
the architecture search, overall performance, per-condition breakdown, and feature
importance analysis. The results of Approach II, the physics-based model, were
reported as part of the methodology in Chapter 3, as they constitute intermediate
steps in the model pipeline rather than final predictions. Section 4.3 presents the
results of Approach III, the physics-informed data-driven model, and compares it
directly against both previous approaches.

All three approaches were evaluated on the same held-out test set using the metrics
defined in Section 3.8: MAPE, MAE and RMSE. MAPE is used as the primary
ranking criterion throughout.

4.2 Approach I: Data-Driven Model

4.2.1 Overall Performance

Table 4.1 reports the performance of all models on the held-out test set after full
training, before the EWMA post-processing described in Section 3.7 is applied.
Models are ranked by ascending MAPE.

Table 4.2 reports the same models after applying the EWMA smoothing filter with a
span of 3 (Section 3.7). Smoothing consistently improves all metrics across all models
and the ranking by MAPE is fully preserved, with Hybrid TCN-LSTM remaining
the best model across all three metrics.

4.2.2 Per-Condition Breakdown

The results displayed in Table 4.3 provide a breakdown of the performance of the
model that performed the best across all three temperature conditions.

The mild condition yields the lowest error across all three metrics, with a MAPE
of 7.03% and an MAE of 61.63 ppm. This is expected since at moderate ambient
temperatures, CO, dynamics are stable, with no extremes in heating demand or

recirculation. The warm condition is the most challenging for the model, showing
the highest MAPE (10.13%), MAE (129.72 ppm), and RMSE (163.28 ppm). The
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Model MAPE (%) MAE (ppm) RMSE (ppm)
Hybrid TCN-LSTM 8.35 83.20 117.58
Hybrid TCN-GRU 8.75 86.92 120.69
TCN 8.92 89.93 126.25
GRU 9.47 93.29 129.83
LSTM 9.47 94.22 133.18
Stacked RNN 10.32 101.54 141.07
RNN 11.39 109.93 162.01

Table 4.1: Hold-out test set performance of all data-driven models before post-
processing smoothing, ranked by ascending MAPE. The best model per metric is
shown in bold.

Model MAPE (%) MAE (ppm) RMSE (ppm)
Hybrid TCN-LSTM 7.89 77.95 108.88
Hybrid TCN-GRU 8.39 82.58 112.69
TCN 8.46 84.45 117.23
GRU 8.89 87.02 119.54
LSTM 9.03 89.33 123.89
Stacked RNN 9.85 96.54 131.93
RNN 10.87 104.35 153.40

Table 4.2: Hold-out test set performance after EWMA smoothing (span = 3),
ranked by ascending MAPE. Bold indicates the best value per metric.

Condition MAPE (%) MAE (ppm) RMSE (ppm)
Cold (T, < 0°C) 8.71 74.74 114.31
Mild (0 < Tomp < 20°C) 7.03 61.63 82.04
Warm (T, > 20°C) 10.13 129.72 163.28
Overall 8.35 83.20 117.58

Table 4.3: Per-condition performance of the Hybrid TCN-LSTM on the hold-out
test set before post-processing smoothing.
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mean CO, concentration in this regime is the highest in the dataset and the wider
concentration range inflates the absolute errors. The cold condition falls between
the two, with a MAPE of 8.71% and an RMSE of 114.31 ppm, indicating that cold-
start transients and variable heating demand increase prediction difficulty relative
to the mild regime, but less so than the sustained high-concentration periods seen
in warm conditions.

4.2.3 Prediction Visualisation

Figure 4.1 compares the predictions of the best and worst performing models on
the hold-out test set after smoothing. The top panel shows the Hybrid TCN-LSTM
predictions against the measured cabin CO,, the middle panel shows the RNN pre-
dictions, and the bottom panel overlays both models.

Best Model: Hybrid TCN-LSTM

w— Actual CO,
Hybrid TCN-LSTM (Best)

0.8

CO, Concentration (normalized)

600 800 1000 1200
Worst Model: RNN

Actual CO»
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Figure 4.1: Prediction comparison on the hold-out test set after EWMA smooth-
ing. Top: Hybrid TCN-LSTM (MAPE 7.89%, MAE 77.95 ppm). Middle: RNN
(MAPE 10.87%, MAE 104.35 ppm). Bottom: Overlay of both models. Shaded

areas indicate absolute prediction error.

Both models follow the general trend of the measured signal across the full test
set, covering CO4 levels from around 600 ppm in low-recirculation segments to over
1800 ppm in high-recirculation warm sessions. The Hybrid TCN-LSTM tracks the
measured signal closely throughout, including sharp spikes and the sustained high-
concentration period after sample 800. The shaded error region in the top panel
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is consistently narrow, indicating small and well-distributed errors. The RNN, by
contrast, overshoots during the spikes around samples 250 and 500, and underesti-
mates the measured signal in the high-concentration region after sample 800, where
the wide shaded region reflects the largest errors of any model. The overlay in the
bottom panel makes the difference between the two models clear.

4.3 Approach III: Physics-Informed Data-Driven
Model

4.3.1 Overall Performance

Table 4.4 reports the performance of all models under Approach III on the held-
out test set before smoothing. The equilibrium CO, signal Ceq(t) estimated by
the physics-based model (Approach II) is appended as an additional input feature,
giving a combined feature set of 20 features. All models use the same architecture
and training configuration as in Approach I to enable a direct comparison.

Model MAPE (%) MAE (ppm) RMSE (ppm)
Hybrid TCN-LSTM 7.93 78.38 110.20
Hybrid TCN-GRU 8.41 84.17 119.10
TCN 8.52 85.29 122.72
GRU 8.78 88.62 130.50
LSTM 8.83 89.11 130.56
RNN 9.05 90.57 130.70
RNN-Stacked 10.31 104.05 143.08

Table 4.4: Approach III hold-out test set performance (before smoothing), ranked
by ascending MAPE. The physics model output Ceq() is included as an additional
input feature. Bold indicates the best value per metric.

The EWMA smoothing described in Section 3.7 was then applied to all Approach III
predictions. As with Approach I, smoothing improved every model across all three
metrics and preserved the original ranking. The Hybrid TCN-LSTM remained the
best model, with its MAPE dropping from 7.93% to 7.70% and its MAE from 78.38
to 75.75 ppm. The improvement of approximately 0.23 percentage points in MAPE
is comparable to the gain seen in Approach I, confirming that the smoothing step
is equally effective regardless of whether the physics signal is present in the input
features.

Table 4.5 reports Approach III performance after EWMA smoothing (span = 3).
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Model MAPE (%) MAE (ppm) RMSE (ppm)
Hybrid TCN-LSTM 7.70 75.75 105.69
Hybrid TCN-GRU 8.11 80.78 113.46
TCN 8.16 81.30 116.26
GRU 8.44 84.81 124.87
LSTM 8.47 85.33 124.84
RNN 8.70 86.87 124.43
RNN-Stacked 9.96 100.49 137.79

Table 4.5: Approach III hold-out test set performance after EWMA smoothing,
ranked by ascending MAPE.

4.3.2 Three-Way Comparison

Table 4.6 provides a unified comparison of the best model from each of the three
approaches on the same held-out test set.

Approach Model MAPE (%) MAE (ppm) RMSE (ppm)
I Hybrid TCN-LSTM 8.3 83.20 117.58
IT Filtered Ceq(?) 16.94 158.11 249.01
11 Hybrid TCN-LSTM (combined) 7.93 78.38 110.20

Table 4.6: Three-way performance comparison of the best model from each ap-
proach on the hold-out test set (before smoothing).

Adding Cey(t) as an input feature consistently improved the Hybrid TCN-LSTM
across all three metrics compared to Approach I, reducing MAPE from 8.35% to
7.93%, MAE from 83.20 to 78.38 ppm, and RMSE from 117.58 to 110.20 ppm. This
suggests that the physics-based equilibrium signal provided useful additional context
that the model couldn’t fully derive from the raw CAN bus features alone. Addi-
tional results, including per-condition breakdowns for all architectures and extended
prediction visualizations, are provided in Appendix A.
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Discussion

This study evaluated three approaches to predicting cabin COs concentration in a
heavy-duty truck from CAN bus signals: a purely data-driven deep learning model,
a physics-based mass balance model, and a combined approach in which the physics
model output is used as an additional input feature. The results show that all three
approaches are feasible, with the combined approach producing the best overall
performance.

Among the data-driven models evaluated in Approach I, the Hybrid TCN-LSTM
achieved the lowest MAPE of 8.35% before smoothing and 7.89% after, making it
the best-performing model. The consistent ranking across all conditions and both
smoothed and unsmoothed evaluations suggests that this performance difference is
not coincidental but reflects genuine architectural advantages. These can be at-
tributed to two main factors.

Complementary feature extraction. The TCN encoder uses dilated causal con-
volutions applied in parallel to the full 120 second input window, allowing it to
capture local temporal patterns at different time scales simultaneously. The LSTM
decoder integrates these features sequentially, enabling it to keep track of the evolu-
tion of the ventilation state over time. Neither component alone achieves the same
result: the plain TCN is ranked third, and the LSTM alone is ranked fourth, while
their combination is ranked first. This is in line with the findings of Bai et al. [32],
who showed that convolutional architectures can match or outperfom recurrent ones
on sequence modelling tasks.

Gradient stability and long-range dependencies. Among the recurrent mod-
els, GRU and LSTM both clearly outperform the simple and stacked RNN. The
gating mechanisms described in Sections 2.2.3 and 2.2.4 allow these models to re-
tain relevant context over the full 120-step input window without the vanishing
gradient problem that plagues the simple RNN. The stacked RNN improves on the
simple RNN but still lags behind the gated architectures, confirming that depth
alone does not solve the gradient problem without gating.

Per-condition performance. The model performs best in the mild condition
(MAPE 7.03%) where COy dynamics are primarily driven by recirculation without
extreme HVAC demand. The warm condition is the hardest (MAPE 10.13%), which
is expected given that it has the highest mean concentration (1,228 ppm) and the
broadest distribution, as shown in Figure 3.3. The cold condition falls in between
(MAPE 8.71%), where cold-start transients and variable heating demand add dif-
ficulty. Importantly, the architecture ranking is stable across all three conditions,
which means the advantage of the Hybrid TCN-LSTM is general rather than specific
to one temperature regime.
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The physics-based model (Approach IT) achieved a stand-alone MAPE of 16.94%,
which is roughly double the worst data-driven model. This level of error is too high
for direct use as a virtual sensor, but this is not unexpected. The model assumes a
fixed per-occupant CO, emission rate and a perfectly mixed cabin, and the leakage
flow @), is estimated from only three variables: blower speed, recirculation ratio, and
vehicle speed. The GBDT feature importance results show that blower speed is the
most influential predictor, accounting for 51.7% of the predictive weight, followed
by recirculation ratio at 34% and vehicle speed at 15%. This confirms that the
model is primarily driven by mechanical ventilation and has limited sensitivity to
the infiltration effects captured by vehicle speed.

Despite these limitations, the equilibrium signal C¢,(t) tracks the general trend of the
measured concentration. The 735 quasi-steady-state points used to infer ); represent
segments where the cabin state is stable enough for the mass balance assumption
to hold approximately, and the GBDT model generalizes this relationship to the
full driving record. The result is a signal that encodes the cumulative effect of past
ventilation decisions on the current equilibrium level, which is not directly available
from any single CAN bus measurement.

Approach IIT adds the filtered Ce,(t) signal as a 20th input feature to the data-driven
models. The improvement over Approach I is modest but consistent: roughly 0.4
percentage points in MAPE across all seven architectures and both smoothed and
unsmoothed evaluations. The best model, Hybrid TCN-LSTM, improves from 7.89%
to 7.70% MAPE after smoothing.

The consistency of the improvement across all models and all temperature conditions
is notable. If C¢,(t) were simply redundant with the existing CAN bus features, the
improvement would be expected to be negligible or model-specific. The fact that
every architecture benefits suggests the physics signal is providing genuinely comple-
mentary information, most likely the integrated ventilation history that determines
the current equilibrium level. The 19 CAN bus features describe the instantaneous
ventilation state well, but the equilibrium signal summarizes where that state has
been heading over time, which is information the model otherwise has to infer indi-
rectly from the raw sequence.

Deployment Considerations

A key motivation for this work is that the virtual sensor should be deployable on
production vehicle hardware without requiring additional compute infrastructure.
The results confirm that all architectures evaluated in this study are feasible in this
regard. Every model produces predictions at well under 1 ms per sample, which is
comfortably within the 1 Hz CAN bus sampling interval and leaves ample headroom
for integration into an existing electronic control unit (ECU). The best-performing
model, Hybrid TCN-LSTM, has 16,849 trainable parameters, which corresponds to
approximately 66 kB of memory when stored in 32-bit floating point precision, well
within the memory budget of modern automotive-grade microcontrollers. Inference
times on an automotive-grade ECU will scale by a constant factor relative to the
values reported in Table 5.1, but the relative ranking across architectures is expected

to hold.
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Model Params ms / sample Memory (kB)
RNN 609 0.0073 24
Stacked RNN 1,697 0.0075 6.6
GRU 3,425 0.0047 13.4
LSTM 2,385 0.0042 9.3
TCN 2,281 0.0044 20.6
Hybrid TCN-LSTM 16,849 0.0046 65.8
Hybrid TCN-GRU 15,889 0.0050 62.1

Table 5.1: Inference time per sample and memory footprint for each architecture,
measured on a 12th Gen Intel Core i7-12850HX CPU. Memory assumes 32-bit float-
ing point parameter storage.

Among the architectures evaluated, the TCN stands out as the most attractive from
a deployment perspective. It achieves a MAPE of 8.92%, only 0.57 percentage points
behind the best model, with only 5,281 parameters and an inference time of 0.0044
ms per sample. This makes it a strong candidate for resource-constrained deploy-
ments, where memory and compute are limited. The Hybrid TCN-LSTM remains
the preferred choice where accuracy is the primary concern, with the best MAPE
across all conditions and a memory footprint of 65.8 kB, which remains within the
budget of modern automotive-grade microcontrollers. The simple and stacked RNN
architectures, despite having smaller parameter counts, exhibit marginally higher
inference times. This is because their purely recurrent computation cannot leverage
the parallelisation available to convolutional and hybrid architectures. In the latter
case, the TCN encoder processes the full input window in parallel before passing its
output to the recurrent decoder.

Limitations

This study used using data from a single truck platform over approximately 123
hours of driving. The model was not tested for generalisation to different cabin
geometries, HVAC configurations or truck platforms, and future work should assess
performance across multiple vehicle types to determine robustness. Most driving
sessions involved only the driver, which is typical of heavy duty truck operation,
but means the model has not been tested with the higher CO, generation rates that
occur when multiple passengers are present..

The physics model uses a fixed per-occupant emission rate taken from the literature
[21]. In reality, this rate varies with breathing intensity and activity level. A model
that estimates the emission rate online, for example from the CO, rise rate during
transient events, could improve both the stand-alone physics model and the benefit
it provides in Approach III. Similarly, the GBDT leakage model uses only three
features and relies on 735 quasi-steady-state points, which represent a small fraction
of the full dataset. Expanding the feature set or using a more data-efficient leakage
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estimation method could improve the quality of Ceq(2).

The prediction horizon of 30 seconds was selected based on empirical evaluation but
may not suit all applications. For predictive ventilation control, a longer horizon
may be needed. The EWMA smoothing improves MAPE by approximately 0.4 per-
centage points but introduces a small temporal lag that would need to be considered
in real-time deployments.
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Conclusion

This thesis developed and evaluated a virtual COs sensor for heavy-duty truck cabins
using signals available on the vehicle CAN bus. Three approaches were investigated:
a purely data-driven deep learning model, a physics-based mass balance model, and
a combined approach in which the physics model output is used as an additional
input feature.

The results show that CAN bus signals contain sufficient information to predict cabin
COg3 concentration with a MAPE below 9% across all evaluated architectures, and
below 8% for the best model after smoothing. The Hybrid TCN-LSTM consistently
outperformed all other architectures across temperature conditions and evaluation
metrics. After smoothing, it achieved an MAPE of 7.89% and an MAE of 77.95 ppm
in Approach I, and an MAPE of 7.70% and an MAE of 75.75 ppm in Approach III.
The consistent outperformance of hybrid convolutional-recurrent architectures over
pure convolutional and pure recurrent models demonstrates that cabin COy dynam-
ics exist on multiple timescales and that capturing both local patterns and sequen-
tial dependencies are important for accurate prediction. The proposed virtual sensor
shows a promising accuracy relative to the physical CO5 sensors currently used in
vehicles. The accuracy of existing automotive physical COs sensors typically ranges
from around 50 ppm to 200 ppm depending on the sensor type, operating range, and
environmental condition [37][38], whereas our Hybrid TCN-LSTM achieved an MAE
below 80 ppm. However, this comparison should be interpreted carefully. The target
COy used in this study was measure by physical CO4 sensors, not representing the
actual COy concentration. Therefore, the reported MAE reflects the deviation from
the reference sensor measurement, not the absolute error relative to the actual COq
concentration. Thus, it cannot be said that the virtual sensor is more accurate than
the physical sensor itself, but the results show that it can reproduce the reference
sensor signal with a practically usable level of accuracy.

The physics-based model mentioned in Approach II alone was not accurate enough
to serve as a virtual sensor, with a stand-alone MAPE of 16.94%. However, the
equilibrium COs signal it produces encodes ventilation history in a form that the
data-driven model cannot fully derive from the raw CAN bus signals. Approach
[T improved performance for all seven architectures and all temperature conditions
when adding this signal as an additional input feature, showing that even a simplified
physics model can bring useful complementary information in a hybrid approach.
The three research questions posed in Section 1.2 can now be answered directly.
First, cabin CO4 concentration can be accurately predicted from CAN bus signals
alone, with the Hybrid TCN-LSTM performing best. Second, the physics-based
mass balance model is not accurate enough on its own under real driving condi-
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tions, primarily due to the assumption of a fixed occupant emission rate and a
limited leakage flow model. Third, incorporating the physics model output as an
input feature does improve prediction performance, with a consistent improvement
of approximately 0.4 percentage points in MAPE across all models.

Future Work

Future work could explore several directions.

First, the dataset needs to be expanded to include more cabin and ventilation sce-
narios such as window open and close, sunroof open and close, and various occupant
numbers. These conditions significantly affect cabin air exchange rates and carbon
dioxide production, but current datasets do not adequately reflect this.

Second, occupant CO4 emission could be estimated online, rather than using a fixed
value. In real-world driving, emissions can vary with occupant physical activity and
metabolic status. For example, if the driver returns to the vehicle after exiting, their
COg emissions may be higher than when driving in a normal seated position. There-
fore, future systems could combine vehicle signals with additional information, such
as seat occupancy, occupant numbers, or wearable health data (e.g., heart rate or
activity levels on a smartwatch), to more accurately estimate real-time CO, genera-
tion. This would allow ventilation systems to respond more intelligently to changes
in occupant status, but privacy and data protection require careful consideration.
Third, testing the models on multiple truck platforms and under multi-occupant
conditions would provide a clearer picture of generalisation. Investigating whether
the computational cost of the hybrid architectures can be reduced through model
compression would be important for deployment on embedded ECU hardware. Fi-
nally, extending the prediction horizon beyond 30 seconds could make the virtual
sensor more suitable for predictive ventilation control applications.
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A. Appendix

This appendix presents per-condition performance tables for all models evaluated
in Approach I, together with representative prediction time series for each temper-
ature condition comparing Approach I and Approach III using the best-performing
architecture, Hybrid TCN-LSTM.

Approach I: Per-Condition Performance

Model Condition MAPE (%) MAE RMSE
Cold 8.71 7474 114.31
Hybrid TCN-LSTM  Mild 7.03 61.63  82.04
Warm 10.13 129.72  163.28
Cold 10.31 87.98  122.73
Hybrid TCN-GRU ~ Mild 6.40 55.35  73.58
Warm 10.80 138.62  171.26
Cold 9.97 85.81  115.73
TCN Mild 6.50 57.23  79.28
Warm 11.71 149.86  187.72
Cold 10.54 92.66  137.99
GRU Mild 8.21 70.35  92.86
Warm 10.27 132.55  167.40
Cold 11.82 105.79  155.90
LSTM Mild 6.68 57.82  79.39
Warm 11.29 141.24  170.10
Cold 11.03 100.12  153.48
Stacked RNN Mild 9.04 76.87  100.22
Warm 11.59 144.68  178.88
Cold 12.84 112.84  164.22
RNN Mild 10.87 94.86  161.50
Warm 10.48 131.70  160.13

Table A.1: Approach I per-condition performance of all models before smoothing.
MAE and RMSE are reported in normalized units.
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Approach I vs Approach III: Predictions
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Figure A.1: Representative prediction time series for the cold condition, comparing
Approach I and Approach IIT using the Hybrid TCN-LSTM. CO, concentration is
shown on a normalized scale.
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Figure A.2: Representative prediction time series for the mild condition, compar-

ing Approach I and Approach III using the Hybrid TCN-LSTM. CO, concentration
is shown on a normalized scale.
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Figure A.3: Representative prediction time series for the warm condition, compar-
ing Approach I and Approach III using the Hybrid TCN-LSTM. CO4 concentration
is shown on a normalized scale.
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