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 A B S T R A C T

Systems that manage and control air quality are the main energy consumers within a building and their 
design often relies on assumptions that lead to excessive energy usage. This paper proposes a new method 
based on Computational Fluid Dynamics (CFD) and Artificial Intelligence (AI) that can assimilate observations 
and control ventilation systems to achieve a certain goal, such as maintaining a particular temperature 
range in an indoor environment. An AI-based reduced-order model (ROM) is used here because current CFD 
methods generally have too large a computational expense for real-time control. We use proper orthogonal 
decomposition (POD) to represent the spatial distributions of the CFD simulations and learn the evolution of 
the POD coefficients in time with an Adversarial Neural Network. With this AI-based ROM, we can perform 
4D Variational Data Assimilation (4D-Var DA) and control with a rapid workflow that incorporates the 
spatial variation of all the key variables: air flow velocity, CO2, temperature, relative humidity and viral 
load. The proposed method is applied to three scenarios: (i) a ventilation scenario in which the aim is to 
keep the occupants healthy (indicated by ventilation and CO2 levels) as well as thermally comfortable while 
minimising energy consumption; (ii) a pandemic scenario in which the priority is to keep people infection-free; 
(iii) a compromise between (i) and (ii). These three scenarios are developed within a classroom containing 
26 children and one teacher, and are combined with an extensive set of measurement data, collected in the 
classroom of a primary school located in London. Our method successfully met the control objectives in all 
three scenarios.
1. Introduction

1.1. Background

According to a NHAPS study [1], people spend about 90% of their 
time in enclosed spaces. Maintaining a suitable temperature, an appro-
priate level of ventilation and good air quality is very important in such 
environments and there are calls for indoor air quality in public spaces 
to be regulated [2]. Furthermore, in the context of the COVID-19 pan-
demic, achieving a low viral load in indoor environments has become 
a key part of reducing the risk of exposure to SARS-CoV-2 [3], which 
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is spread mainly by airborne transmission [4–7]. Poorly ventilated 
spaces are considered high risk [8], and precautionary advice during 
the pandemic was to over-ventilate buildings [9]. Whilst improving air 
quality by filtering out particles, so-called particle-filtering heating and 
cooling systems, such as Dyson fans, can also be used to help achieve 
thermal comfort [10]. However, such devices, as well as larger building 
ventilation systems, often have high energy consumption [11,12]. This 
is a particular issue in winter, when ventilation systems are the largest 
consumer of energy in cities [13]. In 2023, the IEA reported that 
operating buildings accounted for about 30% of global final energy 
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consumption and 27% of total energy sector emissions [14,15]. One 
analysis [16] has shown that full automation can save 50%–60% of the 
HVAC costs (heating, ventilation and air conditioning) of a city’s energy 
consumption, another showed potential savings of 20–45% [17]. There-
fore, the challenge is not just to ventilate, but to ventilate adequately, 
given the competing requirements of air quality, thermal comfort and 
energy usage. Machine learning has been taken up by some to enable 
buildings operate in a more ‘‘smart’’ and energy efficient manner. 
See Das et al. [18] for a general overview of how machine learning can 
be used in conjunction with traditional methods for this purpose. In this 
paper we explore the use of machine learning methods to control the 
air speed and temperature of a fan for optimal effect in three scenarios.

1.2. Related work

Combining observations from sensors with detailed, real-time (or 
faster) predictions of the indoor air flows and air quality [19] is one 
way of controlling the balance between ventilation requirements, air 
quality, thermal comfort and energy use. A range of methods can be 
used to produce predictions of the state of the indoor environment, 
such as single or multi-zonal methods [20–22], fast fluid dynamics 
(FFD) [23] and computational fluid dynamics (CFD), including Navier–
Stokes approaches [24] and Lattice Boltzmann approaches [19,25]. 
Although zonal models and FFD methods are fast, these methods lack 
the high resolution and accuracy required for predictive control of an 
indoor environment [26,27], the flows of which often display irregular 
and difficult-to-explain behaviour [28]. CFD codes have been used 
successfully as a design tool using static analyses [24,29], however, 
the computational burden of CFD can be high when such codes are 
used to solve complex transient indoor flows [26,30]; an issue which is 
compounded for control, as many predictions are required associated 
with different values of the control variables.

To address this high computational cost, methods for data assim-
ilation and control have been developed that are based on (1) using 
AI to accelerate optimisation; (2) surrogate models, many of which 
benefit from AI techniques; and (3) a combination of (1) and (2) [31]. 
One type of surrogate model is the reduced-order model [32], which 
combines dimensionality reduction techniques [33], applied to (CFD) 
simulation results, and interpolation, in order to model the evolu-
tion of the resulting lower-dimensional variables. At the interpolation 
stage, either neural networks or other techniques can be used for a 
data-driven approach, or for a projection-based approach, a Galerkin 
projection of the high-dimensional system onto the low-dimensional 
space can be performed. The projection-based approach has a stronger 
link to the discretised governing equations than the data-driven ap-
proach, however the latter can be faster and is simpler to construct 
(not requiring access to the CFD code, for example). Zerihun Desta 
et al. [34] developed a surrogate model based on a linear transfer 
matrix which mapped the temperature of the supplied air at inlets to 
the temperature at a number of sensors within a room. They were 
able to maintain a desired temperature range in a small room. Li 
et al. [35] used proper orthogonal decomposition (POD) and Galerkin 
projection to develop a reduced-order model that was able to maintain 
a desired temperature distribution within a small room. Oulghelou 
et al. [36] also developed a reduced-order model based on POD but 
with Riemannian barycentric interpolation. A genetic algorithm was 
used for the optimisation, which determined the inflow temperature 
corresponding to a given temperature distribution in a restricted area 
of a cavity. Ben Ayed et al. [37] developed a method of control for 
cooling air in a restaurant which considered temperature and moisture 
levels using a linear time-invariant surrogate model. Xue et al. [38] 
developed a genetic algorithm to accelerate the process of finding 
inlet conditions that would give a desired thermal comfort within an 
aircraft cabin. Morozova et al. [39] proposed a CFD-based surrogate for 
predicting comfort-related flow parameters given a number of sensor 
readings. Cao and Ren [40],Ren and Cao [41],Zhu et al. [42] developed 
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a surrogate model, in which CFD simulations are volume averaged 
to create a low-dimensional linear ventilation model, which, in turn, 
is used to train a neural network. The location of the sensors was 
investigated [41], and with three sensors, energy consumption and CO2
concentration were reduced within a room when compared with the 
same scenario without control [42]. Dmitrewski et al. [43] showed 
that a model for control based on reinforcement learning performed 
better when trained with CFD data and observations incorporated by 
data assimilation, being better able to cope with sudden changes to the 
temperature within the room. Zhuang et al. [44] model occupancy and 
control a ventilation system by using an autoencoder and a Bayesian 
Long Short-term Memory neural network (LSTM). In their work, the 
autoencoder is used to reduce redundant data thereby helping to al-
leviate model mis-specification when predicting unseen scenarios that 
are unlike the training data. Analyses of datasets of indoor environ-
ments [8,45–47] show that there is a complex relationship between 
thermal comfort, indoor air quality, outdoor conditions and energy 
consumption, highlighting the need for investigating control strategies 
for these indoor environments.

The AI-based reduced-order model presented in this paper has 
been designed specifically to assimilate data and perform control in 
a computationally efficient, integrated framework. High-resolution 3D 
time-dependent CFD simulations provide the training data, which is 
compressed into a lower-dimensional space using POD [33, chap. 3], 
and an adversarial autoencoder (AAE) is used to learn the evolution 
of the variables in the lower-dimensional space. The AAE, with inputs 
and outputs of POD coefficients (representing state variables), sensor 
values and control variables, results in a very flexible approach to 
data assimilation and control which we expand on later. We extend 
work done by Heaney et al. [48] on using AAEs for prediction and 
DA and propose a new method for 4D variational data assimilation 
optimised by backpropagation within a short time window (we refer 
to this modified DA as 4D-Var DA in this paper). Using the AAE we can 
rapidly predict the future changes of the indoor air indicators such as 
temperature, CO2 concentration and virus load in the air, and quickly 
determine what the near future conditions will be in the room. We 
control these indicators in order to meet our near future (e.g. minutes) 
ventilation requirements such as thermal comfort and air quality. The 
control of the air quality, energy consumption and comfort indicators 
is achieved by optimising the ventilation system settings through the AI 
model. We apply this method to a primary school classroom for which 
we have a comprehensive set of observations [49].

1.3. Contribution

The contribution of this paper is to introduce a flexible AI-based 
framework that can be used for prediction, data assimilation and con-
trol, demonstrated here for an indoor environment. The versatility of 
the method comes from the architecture of the autoencoder and the 
choice of input and output variables, which include POD coefficients 
(representing state variables), sensor observations and control vari-
ables. After training, the user can choose whether to make predictions 
at the sensor locations or to assimilate data at the sensor locations, 
meaning that if for any reason, sensor observations are missing, the 
framework still operates without the need to re-train the neural net-
work. Similarly, the user can also decide how many of the control 
variables to constrain. Again, this decision does not affect the operation 
of the framework or require the network to be retrained. Another 
advantage of this framework is that interpolation is not needed to 
calculate the mismatch between sparse spatial observations or control 
variables and highly resolved CFD results, as the observations and 
control variables are predicted directly by the autoencoder.

2. Methodology

In this section, we first present a reduced-order model which can 
be used for prediction, including a description of proper  orthogonal 
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Fig. 1. Schematic of the training and prediction processes of PredAAE: (a) the training process. (b) the iterative prediction strategy in time.
decomposition (POD) and the adversarial autoencoder (AAE). Next, we 
introduce the modifications necessary in order to perform both pre-
diction and data assimilation, with two methods for data assimilation: 
4D-Var DA with backpropagation and a constrained data assimilation 
method. Then we propose a ROM that can be used for all the three pur-
poses of prediction, data assimilation and control. Finally, we highlight 
the flexibility of this AAE-based approach.

2.1. Prediction

2.1.1. Proper orthogonal decomposition
In order to construct a rapid-running method for prediction, data 

assimilation and control, which is also capable of generating highly 
resolved spatial fields needed for accuracy, a reduced-order model is 
proposed. This ROM is made up of two parts, a method of compression 
to reduce the number of variables, and a method to learn the evolution 
of the reduced variables in time. For the former, we chose POD to 
reduce the dimension of data while minimising the resulting loss of 
information. We use POD to compress the 3D spatial solutions (known 
as snapshots) of seven fields: velocity (three fields), temperature, CO
2
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concentration, relative humidity and viral load. The primary purpose 
of POD is to decompose physical fields by applying an orthogonal 
decomposition to a set of solutions gathered over a certain time period. 
After normalising the snapshots from each of the seven fields, they are 
combined to form a matrix that has dimension 𝑁Fields𝑁Nodes by 𝑀 , 
where 𝑁Fields is the number of fields, 𝑁Nodes is the number of nodes 
and 𝑀 is the number of snapshots used in building the surrogate 
model. We decompose the snapshots matrix 𝜱 using singular value 
decomposition 

[

𝝓1 𝝓2 ⋯ 𝝓𝑀 ]

=∶ 𝜱 = 𝑼𝜮𝑽 𝑇 (1)

where 𝝓𝑘 ∈ R𝑁Fields𝑁Nodes  is a column vector containing the normalised 
solution fields at time level 𝑘, 𝑼 and 𝑽  are orthogonal matrices con-
taining the left and right singular vectors respectively, and the singular 
values {𝜎𝑖}𝑀𝑖=1 are found on the diagonal of the matrix 𝜮. The amount 
of information captured when using 𝑁POD of the 𝑀 basis functions is 
given by the following empirical formula 

∑𝑁POD
𝑖=1 𝜎2𝑖
∑𝑀 2

. (2)

𝑖=1 𝜎𝑖
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After setting a value for the amount of information to be captured, 
𝑁POD can be determined from Eq.  (2), and the basis functions are 
taken as the first 𝑁POD columns of 𝑼 and stored in the matrix 𝑹 ∈
R𝑁Fields𝑁Nodes×𝑁POD . We use 𝑀 of the total 𝑁𝑠 snapshots (where 𝑁POD ≪
𝑀 < 𝑁𝑠) to find the low-dimensional space and we use the same 
set of snapshots to find the mappings used when normalising the CFD 
data. The remaining 𝑁𝑠 −𝑀 snapshots are used as unseen or test data. 
To project every snapshot onto the low-dimensional space obtained by 
POD, the following mapping is used: 

𝜶𝑘 = 𝑹𝑇𝝓𝑘 ∀𝑘 , (3)

where 𝜶𝑘 is a vector containing the POD coefficients associated with 
time level 𝑘. When the POD coefficients for the training dataset are 
obtained, each POD coefficient is normalised, so that, over time, the 
values lie in the range [0,1]. This is considered good practice for train-
ing neural networks to prevent one feature from dominating another 
due to a difference in magnitude of their values. A more thorough 
description of the theory of POD and the optimality of the basis 
functions can be found in Holmes et al. [33].

2.1.2. Predictive adversarial autoencoder
Introduced by Makhzani et al. [50], the adversarial autoencoder 

(AAE) consists of an autoencoder and a discriminator, with the encoder 
defining the aggregate posterior distribution over the latent vector (or 
latent variables) of the autoencoder. The core principle underlying the 
training of the AAE is to make the encoder and discriminator compete 
against each other in order to improve the ability of the autoencoder to 
perform an identity map, whilst also encouraging the latent vector to 
conform to a predefined distribution. This property has been shown to 
reduce the likelihood of gaps appearing in the latent space, which, in 
turn, helps the AAE to interpolate more effectively [50]. The AAE has 
been shown to perform better than other convolutional neural networks 
when learning low dimensional representations in urban flow applica-
tions [51] and when estimating the conductivity of the subsurface [52]. 
The input and output of the AAE have the same form, and, in this case, 
consist of a set of POD coefficients at 𝑚 consecutive time levels. We 
represent the input associated with time level 𝑛 (and the previous 𝑚−1
time levels) as 𝑿𝑛: 

𝑿𝑛 =

⎛

⎜

⎜

⎜

⎜

⎜

⎝

(𝜶𝑛)𝑇

(𝜶𝑛−1)𝑇

⋮
(𝜶𝑛−𝑚+2)𝑇

(𝜶𝑛−𝑚+1)𝑇

,

⎞

⎟

⎟

⎟

⎟

⎟

⎠

(4)

where (𝜶𝑛)𝑇 =
[

𝛼𝑛1 , 𝛼
𝑛
2 ,… , 𝛼𝑛

𝑁POD

]

, 𝛼𝑛𝑖  represents the 𝑖th POD coefficient 
at time level 𝑛. The dimension of 𝑿𝑛 is 𝑚 by 𝑁POD The output of the 
AAE is represented by 𝑿̃𝑛.

The AAE first encodes 𝑿𝑛 through the encoder into 𝒛𝑛 (the latent 
vector) and then decodes 𝒛𝑛 into the output 𝑿̃𝑛 through the decoder. 
This can be written as

𝒛𝑛 = 𝐸𝑛𝑐𝑜𝑑𝑒𝑟 (𝑿𝑛) (5)

𝑿̃𝑛 = 𝐷𝑒𝑐𝑜𝑑𝑒𝑟 (𝒛𝑛) , (6)

𝑿̃𝑛 = 𝐴𝐴𝐸 (𝑿𝑛) = 𝐷𝑒𝑐𝑜𝑑𝑒𝑟 (𝐸𝑛𝑐𝑜𝑑𝑒𝑟 (𝑿𝑛)) . (7)

Eqs. (8) show the training losses of the individual components of 
the AAE [50]: 

𝐿𝐷 = −E𝑧∼𝑝data (𝑧)
[

log(𝐷(𝒛))
]

− E𝑋∼𝑝𝑋 (𝑋)
[

log(1 −𝐷 (𝐸𝑛𝑐𝑜𝑑𝑒𝑟(𝑿)))
]

,

𝐿𝐸 = E𝑋∼𝑝𝑋 (𝑋)
[

log(1 −𝐷(𝐸𝑛𝑐𝑜𝑑𝑒𝑟(𝑿)))
]

,

𝐿𝐴𝐴𝐸 = E𝑋∼𝑝𝑋 (𝑋)
[

‖𝐴𝐴𝐸(𝑿) −𝑿‖

2] ,
(8)

where 𝐴𝐴𝐸 and 𝐷 represent the autoencoder and the discriminator 
of the AAE, respectively. The decoder appears in these loss equations 
through the autoencoder. The structure of the AAE during training 
can be seen in Fig.  1(a). Minimising the losses in Eqs. (8) will enable 
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an AAE to reconstruct the input variables, as closely as training will 
allow, whilst also forcing the latent variables to have a predefined 
distribution.

In order to make predictions for a time series with a trained AAE, 
we use the PredAAE algorithm, which was introduced in Heaney et al. 
[48] and is similar to algorithms used previously for predicting time 
series with adversarial networks [53–56]. To make a prediction for 
the POD coefficients at time level 𝑛 (𝜶𝑛), the POD coefficients of the 
previous 𝑚 − 1 time levels are required. We also require an initial 
guess or approximation for 𝜶𝑛. In this case we use 𝜶𝑛 ≈ 𝜶𝑛−1. The 
𝑚 POD coefficients are then fed into the AAE, whereupon the output 
yields a better approximation for 𝜶𝑛. The improved approximation is 
fed back into the AAE with the previous inputs remaining unchanged 
and this iteration process continues until the solution for 𝜶𝑛 does not 
change to within a given tolerance. This iterative process is depicted 
in Fig.  1(b). Once convergence has been reached at this time level, the 
time level and associated time window is incremented by 1, so that 
the inputs to the AAE for the next time level are 𝑚 − 𝑚 + 2, 𝑛 − 𝑚 +
3,… , 𝑛 + 1. The process continues until we have solutions for all the 
desired time levels as described in Algorithm 1, first introduced in [48]. 
Initially, the algorithm requires 𝑚 − 1 solutions (at 𝑡1, 𝑡2, . . . , 𝑡𝑚−1) 
as ‘initial conditions’. These could be taken from CFD results which 
are mapped onto the low-dimensional space. Once predicting for the 
POD coefficients at the (2𝑚−1)th time level, the algorithm is uses POD 
coefficients that have been predicted by the AAE (and none from the 
CFD results).

Algorithm 1 Prediction in time with PredAAE [48]. By constraining the 
values of the POD coefficients at the previous (known) time levels, we 
can approximate POD coefficients at the future time level. The quantity 
represented by ||⋅||2 is the 𝐿2 norm, (the square root of the mean square 
error).
1: Given the maximum number of iterations (𝑁 𝑖𝑡𝑠); the trained AAE 
(𝑓AAE); a tolerance for the stopping criterion (𝜀); and 𝑚 − 1 previ-
ous solutions (𝜶𝑛−𝑚+1, 𝜶𝑛−𝑚+2, … , 𝜶𝑛−1), this algorithm will make 
predictions for the POD coefficients at future time levels (𝜶𝑛−1).

2: for time level 𝑛 ∈ desired range of time levels  do
3:  !! approximate the solution at time level 𝑛
4:  𝜶𝑛,0 = 𝜶𝑛−1

5:  for iteration 𝑖 = 1, 2,… , 𝑁 𝑖𝑡𝑠 do
6:  

⎛

⎜

⎜

⎜

⎜

⎝

𝜶̃𝑛,𝑖−1

𝜶̃𝑛−1

⋮
𝜶̃𝑛−𝑚+1

⎞

⎟

⎟

⎟

⎟

⎠

= 𝑓AAE

⎛

⎜

⎜

⎜

⎜

⎝

𝜶𝑛,𝑖−1

𝜶𝑛−1

⋮
𝜶𝑛−𝑚+1

⎞

⎟

⎟

⎟

⎟

⎠

(9)

7:  𝜶𝑛,𝑖 = 𝜶̃𝑛,𝑖−1

8:  if (||𝜶̃𝑛,𝑖−1 − 𝜶𝑛,𝑖−1
||

2
2 < 𝜀 or 𝑖 == 𝑁 𝑖𝑡𝑠) then

9:  𝜶𝑛 = 𝜶𝑛,𝑖

10:  exit iteration loop
11:  end if
12:  end for
13: end for

2.2. Data assimilation

2.2.1. 4D-Var data assimilation with backpropagation
In data assimilation, model predictions and observations are com-

bined, resulting in an improved prediction of the state of the system. 
Using the backpropagation algorithm of neural networks to perform 
4D-Var DA is becoming an increasingly popular approach [57–60].  
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In practice, observations tend to be sparse, as typically, only a limited 
number of sensors are placed in the domain. To calculate the mismatch 
between sparse observations and high-resolution spatial fields from 
CFD, one approach is to interpolate the observations onto the spatial 
domain used in the CFD simulations [61], and the observations and 
CFD results can either be compared in the physical space or in low-
dimensional space by using the same mapping for observations and 
CFD data. However, this approach introduces errors as a consequence 
of the interpolation. In this paper, leveraging the flexibility of neural 
networks as the surrogate model, we are able to introduce the sparse 
sensor values explicitly in the input and output of the AAE. This enables 
the model to predict POD coefficients in a low-dimensional space and 
sensor values in physical space simultaneously, eliminating the need 
for interpolation. For data assimilation, the output of the AAE can be 
written as follows: 

𝑿𝑛
4𝑑𝑣𝑎𝑟 =

⎛

⎜

⎜

⎜

⎜

⎜

⎝

(𝜶𝑛)𝑇 , (𝒔𝑛)𝑇
(𝜶𝑛−1)𝑇 , (𝒔𝑛−1)𝑇

⋮
(𝜶𝑛−𝑚+2)𝑇 , (𝒔𝑛−𝑚+2)𝑇
(𝜶𝑛−𝑚+1)𝑇 , (𝒔𝑛−𝑚+1)𝑇

⎞

⎟

⎟

⎟

⎟

⎟

⎠

, 𝑿̃𝑛
4𝑑𝑣𝑎𝑟 = 𝐴𝐴𝐸

(

𝑿𝑛
4𝑑𝑣𝑎𝑟

)

, (10)

where (𝒔𝑛)𝑇 =
[

𝑠𝑛1, 𝑠
𝑛
2,… , 𝑠𝑛

𝑁Sensors

]

, 𝑠𝑛𝑖  represents the 𝑖th piece of sensor 
data at time level 𝑛; 𝑁Sensors represents the total number of observations 
collected by the sensors (this number is determined by the number of 
fields measured multiplied by the number of sensor positions placed 
in the enclosed space); and 𝑿𝑛

4𝑑𝑣𝑎𝑟 and 𝑿̃
𝑛
4𝑑𝑣𝑎𝑟 represent the input and 

output of the AAE respectively. With this specific input and output 
structure, we can calculate the data mismatch directly, using the model 
prediction of the sensor data 𝒔̃𝑘 and the true observations 𝒔𝑘, written 
as: 

𝐷𝐴
(

𝑿𝑛
4𝑑𝑣𝑎𝑟, 𝑿̃

𝑛
4𝑑𝑣𝑎𝑟

)

=
𝑛
∑

𝑘=𝑛−𝑚+1

(

𝒔̃𝑘 − 𝒔𝑘
)𝑇 𝑾 𝑠

(

𝒔̃𝑘 − 𝒔𝑘
)

(11)

where 𝑾 𝑠 is a weight matrix which controls the relative importance of 
the sensor values. Here, 𝑾 𝑠 is taken to be the identity matrix, giving 
the same weight or importance to each observation as we have no 
information to the contrary. For a single time level 𝑛, after calculating 
the data mismatch between the prediction of the model and the actual 
observation based on Eq.  (11), the data mismatch is minimised by 
the backpropagation functions which calculate the gradient of the mis-
match efficiently using automatic differentiation [62–64]. The whole 
data assimilation process is described in detail in Algorithm 2.

2.2.2. Constrained data assimilation
Introduced in Heaney et al. [48], constrained data assimilation is 

an alternative method of implementing DA. This approach fixes certain 
inputs of a trained AAE, generates an output for variables which are not 
fixed, and feeds these back into the input, iterating until the values do 
not change by more than a tolerance. This is similar to how prediction 
is achieved (described in Section 2.1.2) and will be used to compare 
our new DA approach (described in Section 2.2.1). For convenience, 
we recapitulate some of the details here, but for a more in depth 
discussion, see [48]. If the 𝑚 sensor values are fixed throughout the 
time window and the POD coefficients at the previous 𝑚 − 1 time 
levels are fixed, one can iterate by repeatedly feeding the solutions 
and sensor values through the AAE, changing only the solution at the 
future time level, 𝜶𝑛. Once the solution at time level 𝑛 has converged, 
one marches forward in time as described in Algorithm 3. Although 
in some cases, this algorithm achieves a better result than the method 
based on backpropagation, the data mismatch is not used directly. The 
data mismatch can be monitored and used to assess convergence, as 
done in [48]. Here, we use this approach purely for the purpose of 
comparison: it is not used for control.
5 
Algorithm 2  4D-Var data assimilation with backpropagation. To as-
similate observations, we include sensor data in the input and output 
of PredAAE. After calculating the data mismatch between the pre-
diction and observation of the sensor values within one time level, 
the mismatch is minimised with respect to the AAE input using the 
ADAM optimiser. By marching forward through time, we can obtain 
an improved simulation with observation data assimilated.
1: This algorithm will make improved predictions for the POD coef-
ficients for each time level in the set of desired values  , given 
the trained AAE (𝑓AAE); solutions (𝜶𝑛) at all time levels from 
the PredAAE algorithm; observations (𝒔𝑛); the learning rate of the 
Adam optimiser (𝑙𝑟); the maximum number of iterations for data 
assimilation (𝑁 𝑖𝑡𝑠

𝐷𝐴); a tolerance for the stopping data assimilation 
criterion (𝜀𝐷𝐴).

2: initialise 𝜶𝑛,0 = 𝜶𝑛 (with results of the PredAAE algorithm)
3: initialise optimiser = Adam(𝑙𝑟)
4: for time level 𝑛 ∈   do
5:  !! backpropagate data mismatch and optimise the input within this 
time level

6:  for iteration 𝑖 = 1, 2,… , 𝑁 𝑖𝑡𝑠
𝐷𝐴 do

7:  Form 𝑿𝑛,𝑖−1
4𝑑𝑣𝑎𝑟 and pass through the AAE to give 𝑿̃

𝑛,𝑖−1
4𝑑𝑣𝑎𝑟

8:  !! calculate the loss functional between 𝑿𝑛,𝑖−1
4𝑑𝑣𝑎𝑟 and 𝑿̃

𝑛,𝑖−1
4𝑑𝑣𝑎𝑟

9:  
𝐷𝐴

(

𝑿𝑛,𝑖−1
4𝑑𝑣𝑎𝑟, 𝑿̃

𝑛,𝑖−1
4𝑑𝑣𝑎𝑟

)

=
𝑛
∑

𝑘=𝑛−𝑚+1

(

𝒔̃𝑘,𝑖−1 − 𝒔𝑘,𝑖−1
)𝑇

𝑾 𝑠
(

𝒔̃𝑘,𝑖−1 − 𝒔𝑘,𝑖−1
)

10:  !! determine whether the loss has been sufficiently reduced
11:  if ( < 𝜀𝐷𝐴 or 𝑖 == 𝑁 𝑖𝑡𝑠

𝐷𝐴
) then

12:  𝜶𝑛 = 𝜶̃𝑛,𝑖−1

13:  exit iteration loop
14:  end if
15:  !! backpropagate the mismatch and update the model input
16:  𝜶𝑛,𝑖 =optimiser.apply_gradients(,𝜶𝑛,𝑖−1)
17:  end for
18: end for

Algorithm 3 Constrained data assimilation. By constraining the values 
of the sensors and POD coefficients at the previous (known) time levels, 
and the sensor values at the future time level, we can approximate the 
POD coefficients at the future time level.
1: This algorithm will make improved predictions for the POD coeffi-
cients for each time level in the set of desired values  , given the 
maximum number of iterations (𝑁 𝑖𝑡𝑠

𝑐𝑜𝑛𝐷𝐴); the trained AAE (𝑓AAE); 
a tolerance for the stopping criterion (𝜀𝑐𝑜𝑛𝐷𝐴); solutions, 𝜶𝑛, at all 
time levels; sensor values, 𝒔𝑛, at all time levels; and the range of 
time levels  .

2: for time level 𝑛 ∈   do
3:  𝜶𝑛,0 = 𝜶𝑛−1

4:  for iteration 𝑖 = 1, 2,… , 𝑁 𝑖𝑡𝑠 do
5:  form 𝑿𝑛,𝑖−1 and pass through the autoencoder
6:  𝑿̃𝑛,𝑖−1 = 𝑓AAE(𝑿𝑛,𝑖−1)
7:  !! update the approximation of the POD coefficients using values 
in 𝑿̃𝑛,𝑖−1

8:  𝜶𝑛,𝑖 = 𝜶̃𝑛,𝑖−1

9:  if (||𝜶̃𝑛,𝑖−1 − 𝜶𝑛,𝑖−1
||

2
2 < 𝜀𝑐𝑜𝑛𝐷𝐴 or 𝑖 == 𝑁 𝑖𝑡𝑠

𝑐𝑜𝑛𝐷𝐴
) then

10:  𝜶𝑛 = 𝜶𝑛,𝑖

11:  exit iteration loop
12:  end if
13:  end for
14: end for
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2.3. Ventilation control

To simulate scenarios with different Dyson fan settings and achieve 
ventilation control, we extend the idea of incorporating sensor values 
in the output of the AAE for data assimilation. Therefore, for control, 
we include ventilation parameters in the input and output of the AAE 
model, as shown below: 

𝑿𝑛
𝑐𝑡𝑟𝑙 =

⎛

⎜

⎜

⎜

⎜

⎜

⎝

(𝜶𝑛)𝑇 , (𝒔𝑛)𝑇 , (𝒗𝑛)𝑇
(𝜶𝑛−1)𝑇 , (𝒔𝑛−1)𝑇 , (𝒗𝑛−1)𝑇

⋮
(𝜶𝑛−𝑚+2)𝑇 , (𝒔𝑛−𝑚+2)𝑇 , (𝒗𝑛−𝑚+2)𝑇
(𝜶𝑛−𝑚+1)𝑇 , (𝒔𝑛−𝑚+1)𝑇 , (𝒗𝑛−𝑚+1)𝑇

⎞

⎟

⎟

⎟

⎟

⎟

⎠

, 𝑿̃𝑛
𝑐𝑡𝑟𝑙 = 𝐴𝐴𝐸

(

𝑿𝑛
𝑐𝑡𝑟𝑙

)

. (12)

where (𝒗𝑛)𝑇 =
[

𝑣𝑛1, 𝑣
𝑛
2,… , 𝑣𝑛

𝑁Venparas

]

, 𝑣𝑛𝑖  represents the 𝑖th ventilation 
parameter at time level 𝑛; and 𝑁Venparas represents the number of 
ventilation parameters. During 4D-Var DA, for the purpose of control, 
these ventilation parameters are used along with observation data to 
calculate the data mismatch:


(

𝑿𝑛
𝑐𝑡𝑟𝑙 , 𝑿̂

𝑛
𝑐𝑡𝑟𝑙

)

=
𝑛
∑

𝑘=𝑛−𝑚+1

(

𝒔̂𝑘 − 𝒔𝑘
)𝑇 𝑾 𝑠

(

𝒔̂𝑘 − 𝒔𝑘
)

+ 𝜁
𝑛
∑

𝑘=𝑛−𝑚+1

(

𝒗̂𝑘 − 𝒗𝑘
)𝑇

𝑾 𝑣

(

𝒗̂𝑘 − 𝒗𝑘
)

, (13)

where 𝑿̂𝑛
𝑐𝑡𝑟𝑙 represents the model input including 𝑚 − 1 desired sensor 

values 𝒔̂ and desired ventilation parameters 𝒗̂ for ventilation control. 
The scalar 𝜁 controls the relative importance of the sensor mismatch 
and the mismatch of the control parameters. Here, all scalars and 
weight matrices are set to 1 and 𝑰 , respectively. To implement con-
trol, a similar process is used to that described in Section 2.2.1 and 
Algorithm 2. Sensor values and control variables are fixed in the input 
to the AAE, POD coefficients at previous time levels are also fixed 
and an estimate or guess for those at time level 𝑛 is used. These 
values are passed through the AAE. The mismatch measured by the 
difference in input and output values of the sensor and control variables 
is minimised with respect to the POD coefficients at time level 𝑛 and a 
new approximation to the POD coefficients at time level 𝑛 is therefore 
obtained.

2.4. Flexibility of the AAE-based approach

Instead of training a neural network to generate predictions, and 
then performing data assimilation and control with this trained net-
work, in this paper, we train a single neural network to predict, 
assimilate data and control the air quality. We have found this to be 
a particularly flexible approach.

The single network is an AAE with inputs and outputs given
in Eq.  (12). After training, Algorithm 1 is used to make predictions in 
time. In addition to the inputs described in that algorithm, the AAE also 
has inputs of sensor values and control variables, and these are treated 
exactly the same as the POD coefficients. So, all variables associated 
with time levels 𝑛 − 𝑚 + 1, 𝑛 − 𝑚 + 2, . . . , 𝑛 − 1, are treated as fixed 
(or known or pre-determined) and during the iteration process these 
remain unchanged. Only the variables at the future time level 𝑛 are 
updated (𝜶𝑛, 𝒔𝑛 and 𝒗𝑛) as the output of the AAE for these variables is 
fed back into the input of the AAE (See the first row of Table  1). To use 
this network for data assimilation, in addition to the previous variables 
that are fixed, the sensor values at the future time level 𝑛 are also fixed, 
𝒔𝑛 (see the second row of Table  1). The mismatch to be minimised is 
based on the difference between the input and output of the sensor 
values at all time levels in the time window. To use this network for 
control, in addition to the variables that are fixed for data assimilation, 
the control variables at the future time level are also fixed, 𝒗𝑛 (see the 
third row of Table  1). The mismatch to be minimised is based on the 
difference between the input and output of the sensor values and the 
control variables at all time levels in the time window.
6 
Table 1
The separation of the AAE’s variables into two groups: those that remain fixed 
during the iteration procedure and those that are updated.
 fixed or unchanged variables variables to be updated 
 prediction {𝜶𝑘}𝑛−1𝑘=𝑛−𝑚+1 {𝒔𝑘}𝑛−1𝑘=𝑛−𝑚+1 {𝒗𝑘}𝑛−1𝑘=𝑛−𝑚+1 𝜶𝑛, 𝒔𝑛, 𝒗𝑛  
 data assimilation {𝜶𝑘}𝑛−1𝑘=𝑛−𝑚+1 {𝒔𝑘}𝑛𝑘=𝑛−𝑚+1 {𝒗𝑘}𝑛−1𝑘=𝑛−𝑚+1 𝜶𝑛, 𝒗𝑛  
 control {𝜶𝑘}𝑛−1𝑘=𝑛−𝑚+1 {𝒔𝑘}𝑛𝑘=𝑛−𝑚+1 {𝒗𝑘}𝑛𝑘=𝑛−𝑚+1 𝜶𝑛  

Furthermore, a subset of sensor values and/or control variables 
can be chosen if certain values are not available. For example, if the 
AAE has been trained to have an input that includes sensor values of 
CO2 concentration and relative humidity, but observations of humidity 
are not available, the sensor values at time level 𝑛 associated with 
CO2 can be put in the ‘fixed-variable’ group and the sensor values at 
time level 𝑛 associated with humidity can be put in the ‘variables to 
be updated’ group. The loss function is then modified, Eq. (13), so 
that only the mismatch between input and output values of CO2 is 
considered, omitting values of humidity.

3. Results

Firstly, we introduce the test case used for this work in Section 3.1. 
Secondly, we demonstrate the prediction, DA and control ability of our 
AAE model and 4D-Var DA algorithm in Sections 3.2 and 3.3. Thirdly, 
we present the application of our methods to the three ventilation 
control scenarios in Sections 3.4, 3.5 and 3.6. The first scenario is 
the control of an indoor comfortable living environment, focusing on 
the changes in indoor temperature and CO2 concentration. The second 
scenario focuses on infection risk minimisation, or more specifically, 
reducing indoor viral loads during a pandemic scenario. The third 
scenario is based on a combination of the first two, and is designed 
to simulate a more realistic scenario, where during a pandemic and 
in the winter, how people still want to heat the classroom while 
simultaneously achieving a low viral load in the classroom air.

3.1. Test case — a school classroom

To demonstrate the proposed methods, we chose a classroom in a 
primary school in London as a test case [49]. Observations of CO2, rel-
ative humidity, and temperature from 18 sensors were collected in one 
hour while 26 students and a teacher were in the classroom. Heating 
was provided by radiators and a Dyson fan, which also removed COVID-
19 laden particles from the air. Fig.  2 shows a schematic diagram of 
a classroom with the locations of sensors, the fan, radiators, students 
and teachers. The door to the interior hallway is open (here on the 
same wall as the rack of sensors labelled ‘S1’), and the top-hinged 
window on the right is open (here opposite the interior hallway door, 
next to the rack of sensors labelled ‘S3’). It should be noted that during 
the monitoring period, the classroom had two water-heated radiators. 
These radiators were used continuously throughout the day to maintain 
the classroom temperature and were not switched off even of the 
classroom was unoccupied. For this reason, the classroom temperature 
was relatively high throughout the monitoring period.

3.1.1. Dyson fan
The fan in this test case is a Dyson TP04 with dimensions (L×B×H) 

in mm of 204 × 220 × 1050. This type of fan has a dual function; heating 
or cooling and air purification. It can detect pollutants in real-time and 
report air quality levels. As an air multiplier, the fan projects a powerful 
airflow of purified air across the room. The indoor air quality can be 
adjusted by setting the initial outflow speed and temperature of the 
Dyson fan, which has a power usage of about 45 watts. This research 
studies how to use the AI models to control these two parameter 
settings.
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Fig. 2. Classroom geometry, from [48]. Plots (a) and (b) show the location of the 18 sensors used to collect CO2, relative humidity and temperature data. The 
sensors associated with the rack labelled ‘S1’ share the same 𝑥 and 𝑦 coordinates and are sensors 1, 4, 7, 10, 13, 16 (with increasing height). Similarly, sensors 2, 
5, 8, 11, 14, 17 are located on rack ‘S2’ and sensors 3, 6, 9, 12, 15, 18 are located on rack ‘S3’. See Kumar et al. [49] for more details. Plot (c) is the schematic 
of the Dyson fan [65] in the classroom, located at 𝑥=3.3 and 𝑦= 6.1. Plot (d) shows node 35001 at (4.18, 0, 1.55) where we will show some results. .
3.1.2. CFD simulations
In addition to the observations, we performed a CFD Large Eddy 

Simulation (LES) to generate high-fidelity numerical data of the air 
flows and air quality in the classroom using the open source CFD 
code Fluidity [66,67]. Fluidity has been validated for indoor-outdoor 
exchanges against water flume experiments [30] and urban air flows 
against wind tunnel data [68–73]. Detailed information about the set-
up of the problem tackled here is given in Heaney et al. [48]. To 
summarise, the CFD code solves the Navier–Stokes equations using an 
anisotropic adaptive meshing technique [74] and the finite-element 
method. An adaptive time stepping scheme is applied in this simulation, 
which selects time step based on a Courant number of 10. Thermal 
stratification is modelled by the Boussinesq approximation, which is 
valid when a change in density affects, primarily, the buoyancy forces. 
The viral load is modelled by solving the scalar transport equation as a 
passive tracer with a decay rate, 𝜎, introduced to represent the realistic 
residence time of the virus: 

𝐶𝑡 = 𝐶0𝑒
−𝜎𝑡 (14)

where 𝐶0 and 𝐶𝑡 refer to the viral load at the initial state and at time 
level 𝑡. The Indoor Geometry Generator (IGG) [75] was used to generate 
the classroom geometry. Two buffer zones were attached to the left and 
right of the classroom with inflow and outflow boundary conditions 
imposed on the walls of the buffer regions The natural ventilation 
allows air to pass through doors (left) connecting the classroom with 
the interior corridor and through top-hinged windows (right) on the 
7 
exterior wall of the classroom. On the nearest facing planes, inlet veloc-
ities of 0.5m∕s (left buffer) and 1.0m∕s (right buffer) are specified. The 
non-hydrostatic pressure is set to zero by an open boundary condition 
on the far wall of the buffer zone. A natural boundary condition is 
applied on all other external boundaries and internal walls, by imposing 
a normal velocity of zero — effectively a shear stress of zero. A no-
slip boundary condition is applied to any remaining surfaces (e.g., the 
surface of desks, objects and people). Regarding the temperature, zero 
heat flux is applied on the walls, floor, furniture and ceiling and 
inside the classroom, a Dirichlet temperature boundary condition is 
applied to the radiator enforcing a temperature of 32 °C. To model 
the heat transfer from the students to the surrounding air, we used 
a Robin boundary condition which balances the heat flux across the 
boundary with difference between the air temperature and the skin 
temperature (taken to be 34 ◦C [76]). For CO2, relative humidity and 
virus concentration, Dirichlet boundary conditions are adopted at the 
‘mouth’ and ‘nose’ of people.

Over the one hour simulation and observation period, every 5 s
we sampled the solution fields that might affect the air quality (CO2
concentration, three directional components of the velocity field, tem-
perature, relative humidity and viral load, so 𝑁Fields = 7). Although the 
solutions were generated using mesh adaptation, in order to apply POD, 
all solutions were interpolated onto the unstructured grid generated at 
the end of the simulation, which had 𝑁Nodes = 54,363 nodes. The 
solutions or snapshots are divided into two groups: the training or 
visible dataset corresponding to the time period of [0, 3000] seconds 
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Fig. 3.  Data processing workflow. The upper part of the figure illustrates the preprocessing which prepares the data for training. The lower part of the figure 
relates to the process of recovering the output of the models in the original primitive variables (velocities, temperature, etc.). Here, the three ventilation parameters 
are outflow velocity, flow rate and temperature, respectively, of which velocity and temperature correspond to the Dyson fan settings, see Table  2.
(600 time levels); and the time period corresponding to [3000, 3600] 
seconds (120 time levels) is used to form the test or unseen dataset.

By setting different initial temperatures and air speeds of the Dyson 
fan for the CFD simulations, 7 different cases were performed, of which 
the final one (Case 7) is a simulation in which the fan is turned off 
throughout. When generating these different simulations, in addition to 
temperature (K) and outflow speed (m∕s) 𝑣, we also include flow rate 
8 
(m3∕h) 𝑄 = 𝑣×𝐴 as a ventilation parameter, where 𝐴 refers to the cross-
sectional area and is calculated as 0.13m2 for all the cases mentioned 
here. This was included to give an option for monitoring/controlling 
the energy (which depends on the flow rate), although we do not inves-
tigate energy control in this paper. The specific ventilation parameter 
settings are shown in Table  2. For these 7 cases, we used the first 
6 cases to train and test the PredAAE model, and Cases 1 and 7 to 
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Table 2
Specific parameter settings of the Dyson fan ventilation for 7 cases. The first 
6 cases are used to train and test the PredAAE model. In Case 7, the fan is 
turned off, and this case is used for optimal control.
 CASE Outflow velocity (m∕s) Flow rate (m3∕h) Temperature (K) 
 1 1.0 468 298  
 2 1.0 468 293  
 3 1.0 468 303  
 4 2.0 936 298  
 5 0.5 234 298  
 6 0.5 234 293  
 7 – – –  

test our ventilation control capability. We consider the outflow velocity 
and temperature to achieve ventilation control. By default, the optimal 
control is performed on Case 7 by assimilating the values and settings 
from Case 1. In the three scenarios, some of these values and settings 
are changed to match corresponding desired control targets.

3.1.3. Data processing and network architecture
We store CFD simulations as snapshots (in .vtu file format, see [67]) 

from all the cases for the 7 solution fields every 5 seconds for one hour 
(720 time levels in total). We then follow these steps. (1) Extract the so-
lutions at all the spatial nodes of the chosen 7 fields from these .vtu files 
and convert them to .npy python format. (2) Extract the values of these 
fields at the 18 sensors from the .vtu files (by using the coordinates 
of the sensors) and convert them to .npy python format. (3) Divide 
the extracted data into the training dataset (the first 600 time levels) 
and test dataset (the last 120 time levels). (4) Process the two datasets 
separately; the first dataset being used to find normalisation mappings 
which are then applied to both datasets. (5) After the prediction result 
(for POD coefficients) is obtained, the seven fields are reconstructed 
in physical space and written into a new .vtu file. The specific data 
processing steps are shown in Fig.  3.

For this classroom test case, we specifically set the structure of the 
PredAAE model as shown in Table  3. As can be seen in the ‘workflow’ 
diagram shown in Fig.  3, we processed the input into 249 dimensions 
at each time level, including 120 POD coefficients to approximate the 
numerical simulation model, 126 coefficients representing 7 fields of 
18 sensors and 3 ventilation parameters. We aggregated the model 
samples from 9 consecutive time levels. Therefore, the input and output 
sizes of the autoencoder are both 9 × 249. The sequences of 9 time 
levels are chosen at random from within the training dataset.

For the autoencoder network, we chose to use 2D convolutional 
(Conv2D) layers to make use of the correlation through time, avoiding 
a potential loss of information from data slicing and data stacking 
which is required when using fully connected layers [77]. The number 
of Conv2D layers of the encoder and decoder was set to 3 and 2, 
respectively. Using hyperparameter tuning, we set latent space to 512. 
For the discriminator, we chose to use 3 fully connected layers to 
distinguish the real or fake data, with dimensions of 256, 128 and 64, 
respectively. By tuning and optimising with a grid search, all final 
hyperparameters of the AAE model were obtained as shown in Table 
4.

3.2. Predicting and assimilating data with a single set of Dyson fan param-
eters

3.2.1. Predicting for case 1
We build a reduced-order model in the manner described using 

the CFD data from Case 1, which has settings for the Dyson fan of 
an outflow air speed of 1m∕s and temperature of 298K. The sensor 
values for the input of the AAE needed during training are obtained 
from the CFD simulations. We make predictions using PredAAE and 
then assimilate data (again from the CFD simulation) using the 4D-Var 
DA algorithm, comparing both sets of results with the CFD simulation. 
9 
Table 3
Architecture of the PredAAE. The right side is the autoencoder and the left 
side is the discriminator. The input of the autoencoder (9 × 249) represents 
the 249 elements from 9 consecutive time levels; the input of the discriminator 
(512) represents the latent space. The other numbers in the table represent the 
output dimensions of the corresponding layers. The output size of the conv2D 
layers in the table gives the two dimensions of the feature maps and the third 
number denotes the number of 3 × 3 filters used.
 autoencoder discriminator

 input 9 × 249  
 conv2D 7 × 247 × 128  
 conv2D 5 × 245 × 64  
 conv2D 3 × 243 × 32  
 reshape 23328  
 dense 8964  
 dense 512 ←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←←→ input 512  
 dense 8964 dense 249  
 reshape 9 × 249 × 4 dense 128  
 conv2D 9 × 249 × 64 dense 64  
 conv2D 9 × 249 × 32 output 1  
 output 9 × 249  

Fig.  4 shows the prediction results and from this, it can be seen that the 
PredAAE prediction (without 4D-Var DA), shown with blue lines, ap-
proximates well the ground truth from the CFD model. PredAAE makes 
very good predictions, not only for the first 3000 s (which corresponds 
to the training data), but also for the following 1200 s (corresponding 
to the test data). After applying 4D-Var DA, the results (orange lines 
in the graphs) remain close to the (CFD) observations. Visually, the 
data assimilation process does not have much impact on the PredAAE 
results, and, after DA, the results remain close to the CFD simulation 
(‘or ground truth’), as the predictions are already so good. However, the 
RMSE values in Table  5 reveal measurable improvements, confirming 
the overall good performance of both approaches and the additional 
gains achieved with 4D-Var DA.

3.2.2. Dual twin experiment with the 4D-Var DA algorithm
In order to test the effectiveness of the 4D-Var DA algorithm further, 

we experiment with predicting from time 0 s to 1800 s whilst simultane-
ously assimilating data from time 1800 s to 3600 s. This type of dual-twin 
experiment will reveal if, by assimilating data from this later time 
period, the results will become consistent with the predictions from the 
later times or remain similar to the time from which the simulation was 
initiated. We use the ROM trained with CFD data from Case 1 only, 
still, and initialise the model using the results from the beginning of 
Case 1 (i.e. by using POD coefficients and sensor values (obtained from 
the CFD results) for the first 8 time levels of Case 1). The results are 
shown in Fig.  5. It can be seen that the results match very well with 
the predictions from time 1800 s and onwards, so the algorithm has 
started from time 0 s, yet made the predictions conform to time 1800 s
and onwards in response to the data that has been assimilated. This 
verifies the ability of this 4D-Var DA method to assimilate observation 
data.

3.2.3. Assimilating observations from the classroom in the primary school
Here we assimilate observations taken from sensors in the classroom 

into our simulations. The sensors measure three fields only: temper-
ature, CO2 concentration and humidity. Therefore, the 4D-Var DA is 
performed using only the data of these three fields. The performance 
of the DA method at the one of the sensor locations is shown in Fig.  6. It 
can be seen that after DA, the results of these three fields are close to the 
observed values; the results of the other fields, as no corresponding data 
was assimilated, are similar to the prediction results from PredAAE. 
This demonstrates the ability of the 4D-Var DA algorithm to assimilate 
the observational data collected within the classroom. We note that the 
ground truths of velocity and virus load are taken from the CFD model 
as these were not measured by the sensors.
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Table 4
Hyperparameter settings for the predictive AAE. The values over which a grid search was 
performed are on the right; the optimal values are on the left.
 optimal values grid search  
 latent space 512 128, 256, 512, 1024  
 batch size 64 32, 64, 128  
 encoder conv2D layers 3 2, 3, 4, 5  
 decoder conv2D layers 2 2, 3, 4, 5  
 filter size (3, 3) (2,2), (3,3), (5,5)  
 optimiser Adam Adam, Adamax, RMSProp, SGD  
 activation functions: LeakyReLU, ReLU, sigmoid  
  hidden layers in encoder and decoder LeakyReLU  
  hidden layers in discriminator ReLU  
  output layers sigmoid  
 epochs 12,000 6,000, 12,000, 18,000  
 learning rate: 10−2, 10−3, 5 × 10−3, 9 × 10−3, 10−4 
  autoencoder 10−3  
  encoder-discriminator 5 × 10−3  
Fig. 4.  The prediction of PredAAE and 4D-Var DA results after training on one set of parameter values (those corresponding to Case 1). Here, we choose the 
6th sensor and show values of temperature, CO2 concentration and viral load. The blue and green lines represent the PredAAE prediction, without 4D-Var DA, 
and the result after 4D-Var DA, respectively; the orange line represents the original CFD simulation of Case 1.
Fig. 5. Results of predicting from time 0 s whilst assimilating data from 1800 s (the temporal mid-point of the data we have) for the dual twin experiment. The 
magnitudes of the four most dominant POD modes are shown (normalised and labelled PC1, PC2 etc.). They can be viewed as indicators of the overall predictive 
ability of the DA method. The blue line (‘‘Prediction’’) represents prediction with PredAAE, the red line represents the original CFD simulation (‘‘Fluidity’’), the 
green line indicates the observed value taken from 1800 s and onwards in the original CFD simulation (‘‘Fluidity used for DA from the middle’’), and the orange 
line is the result of 4D-Var DA process (‘‘Prediction with 4D-Var from the middle’’).
3.3. Predicting for different settings of the Dyson fan

Here we construct a reduced-order model trained with simulations 
spanning a range of air speeds and temperature values for the Dyson 
fan (see Cases 1 to 6 in Table  2) in order to test the ability of our model 
10 
to predict for different sets of parameter values. Here, we use PredAAE 
and 4D-Var DA to make predictions for the first 6 cases outlined in 
Table  2. The predicted results are shown in Fig.  7. By looking carefully 
at the figures, one can see that the 4D-Var DA can produce more 
accurate predictions than the PredAAE method without DA. These 
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Fig. 6.  4D-Var DA results after assimilating sensor readings from the classroom. The results at Sensor 1 are shown. The blue line is the prediction using PredAAE, 
orange line is the result after 4D-Var DA and the green line is the ground truth. For temperature, CO2 concentration and humidity, the ground truth refers to the 
observations from the classroom; for other fields, the ground truth refers to the Case 1 values .
Table 5
RMSE errors corresponding to Fig.  4. The errors are calculated 
for both the prediction and 4D-Var results against the ground 
truth across the three fields.
 Method Temperature (K) CO2 (ppm) Virus load 
 Prediction 0.5476 3.8747 0.0012  
 4D-Var 0.1713 1.5360 0.0004  

results suggest that PredAAE can make reasonable predictions for a 
range of parameter settings and that the 4D-Var DA algorithm can 
improve the match to the observations.

3.4. Scenario 1: control to achieve a comfortable environment

Applying the proposed control algorithm to achieve a comfortable 
classroom temperature and CO2 concentration is our first test. Due to 
the flexibility of the AAE in incorporating observations and ventilation 
parameters as both inputs and outputs, in this scenario, we can specify 
the desired temperature and CO2 concentration at the 4th to 12th 
sensors (the heights of these sensors are close to the head heights of 
the students) and attempt to find the speed of the Dyson fan that gives 
rise to these values. The desired value of the temperature setting of the 
Dyson fan and the temperature at the sensors is 21 °C; the desired value 
of the CO2 concentration at the sensors is 800 ppm. The outflow velocity 
of the fan was initialised with a speed of 1m s−1 and then optimised 
using the proposed control algorithm. Fig.  8 shows speed of the outflow 
of the Dyson fan which is required to achieve the desired temperature 
and CO2 level. We can see that, for this scenario, an outflow velocity 
setting of approximately 0.75m s−1 would be sufficient as there is no 
need to adjust the setting at every time level. By lowering the outflow 
velocity setting further, we could reduce energy consumption, but the 
desired temperature and CO2 levels might be reached more slowly. 
Fig.  9 shows values of temperature and CO  at two of the sensor 
2

11 
locations during this experiment. It can be seen from the line plots 
in Figs.  9(a) and 9(b) that, after applying our control algorithm, both 
the temperature and CO2 concentration are much closer to the desired 
values of 21 °C and 800 ppm. In addition, we also conducted the same 
experiment using the constrained data assimilation method mentioned 
in Section 2.2.2 and the results are shown in Fig.  9(c). Although 
this method produces predictions that were close to the original CFD 
simulation, when using control the method struggled to find values of 
the control variables that lead to the desired temperature and CO2 level. 
Results corresponding to those in Fig.  9 but at all the sensor locations 
can be seen in Figs.  A.16, A.17 and A.18 in the appendix.

Fig.  10 shows the comparisons of iso-surfaces of humidity coloured 
with temperature both with and without control. The humidity iso-
surface with control at 1200 s has a similar profile to that without 
control at 2400 s. Also, the humidity iso-surface with control at 2400 s
has a similar profile to that without control at 3600 s. This is because 
without control, the fan speed is 1m s−1, whereas with control, the 
fan speed is reduced to 0.75m s−1 and the humidity will disperse less 
quickly through the domain.

3.5. Scenario 2: COVID-19 pandemic

Since the outbreak of COVID-19 in 2019, the global pandemic has 
changed people’s perceptions of viruses. There is an increased desire 
to achieve good air quality with low viral load, in order to reduce, as 
much as possible, the likelihood of infections spreading from person-
to-person in enclosed spaces. For the second scenario, we focus on 
analysing whether a specified level of viral load can be reached and 
maintained by certain settings of the Dyson fan. Since we cannot 
intuitively judge how to use the Dyson fan to control the viral load 
directly, we perform control through 4D-Var DA on the viral load fields 
of the 4th to 12th sensors (which are closest to the location of the 
students’ heads) with the aim of minimising the values of viral load. 
In this case, the corresponding desired values were set to a nominal 
low value of 0.001 particles∕(m3 s). The actual values of viral load are 
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Fig. 7.  The prediction of PredAAE and 4D-Var DA results for Cases 1 to 6 outlined in Table  2. Each row represents temperature, CO2 concentration and viral load 
from top to bottom. Each column represents the prediction without data assimilation (PredAAE), the 4D-Var DA and the corresponding original CFD simulations 
(ground truth) from left to right. The subplots are generated at node 35001 in the FEM solution domain. See Fig.  2(d) for the location of the node.
Fig. 8. Scenario 1 control results: Dyson fan ventilation settings. In this scenario, we wish to obtain a temperature of 21 °C at the fan and 4th to 12th sensors, 
and a CO2 concentration of 800 ppm at the 4th to 12th sensors. The control algorithm attempts to find a fan speed which gives rise to this. The initial fan speed 
(blue) and the speed obtained by the control algorithm (orange) can be seen on the left, and the desired (green) and actual (purple) temperatures of the fan can 
be seen on the right.
arbitrary as they are defined by the viral load concentrations at the 
mouths of the people within the room. The temperature and outflow 
speed of the Dyson fan were initialised with values of 25 °C and 1m s−1, 
respectively (the same setting as in Case 1), and then optimised through 
the proposed method of control.
12 
Fig.  11(a) shows the optimised values for the control variables of 
the Dyson fan. We can see that, in this scenario, we could gradually 
reduce the outflow velocity setting for the first half of the simulation 
and stabilise it around 0.25m∕s, while setting the temperature at 20 °C. 
It can be seen from the line plots in Fig.  11(b) that, with control, 
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Fig. 9.  Scenario 1 control results: (a) CO2 concentration. (b) Temperature. (c) Temperature results of using the constrained DA algorithm for comparison. Each 
subplot represents the change over time of a particular variable at sensors 5 and 6. Blue lines represent predictions made with the PredAAE algorithm without 
control. The orange lines represent predictions with control (using either 4D-Var DA or constrained DA algorithms). Purple lines in the subplots represent desired 
control values. Results for all the sensor locations can be found in the appendix (Figs.  A.16, A.17 and A.18) .
the viral load at sensors 5 and 6 is reduced to 0.005 particles∕(m3 s), 
close to the desired value of 0.001 particles∕(m3 s). Fig.  11(c) shows 
how temperature changes as a result of controlling the viral load. 
Results at all the sensors locations can be seen in Figs.  A.19 and A.20 
in the appendix. Fig.  12 shows a comparison of iso-surfaces of CO2
concentration coloured by viral load after virus control against the 
simulation without control — Case 1. It can be seen that at the same 
time level, the shapes of the CO2 concentration contour plots at the 
same value have a large difference between the simulations with and 
without control.

3.6. Scenario 3: heating in winter during the pandemic scenario

Scenario 3 combines elements of the previous two scenarios and 
occurs in the winter during the COVID-19 pandemic. In this scenario, 
we wish to maintain a low viral load indoors and simultaneously a 
warm temperature in the room. We performed control using the same 
algorithm as for the 4D-Var DA method but with a functional that 
13 
attempts to control both of the viral load and temperature fields at 
the 4th to 12th sensors (the heights of these sensors are around the 
students), see Eq.  (13). The control algorithm attempts to find a setting 
of the outflow velocity (initialised at 1m s−1) and the temperature 
of the fan that give rise to a low viral load of 0.001 particles∕(m3 s)
and a temperature at the sensors of 30 °C. It is worth noting that the 
CFD simulations used in this study have a relatively high temperature 
anyway, so to test whether the control algorithm can raise the temper-
ature in the classroom, we set a relatively high value for our desired
temperature.

Fig.  13(a) shows the optimised Dyson fan settings after applying the 
control algorithm. The figure reveals that to achieve our goals we could 
reduce the outflow velocity from its initial value of 1m s−1 to 0.8m s−1, 
at the beginning, and reduce the temperature setting from 30 °C to 
25 °C after 1800 s. This could significantly reduce energy consumption 
by comparison with keeping the temperature of the fan at 30 °C and the 
speed at 1m s−1.

Fig.  13(b) shows that, with the proposed control algorithm, the viral 
load at sensors 8 and 9 is reduced significantly. The control result is 
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Fig. 10. 3D contour plot comparison of Scenario 1 using the control algorithm (left) and the same experiment (Case 1) using no control (right). Each subplot is 
a humidity iso-surface at the value 0.408 and coloured by temperature. Each row represents one time level.
similar to that of Scenario 2 (see Fig.  A.19) in that the algorithm is 
able to reduce the viral load to a level approaching that of the desired 
value. Fig.  14 shows a comparison of Scenarios 2 and 3, highlighting 
the temperature at the sensors that we are aiming to control. Results 
show that the temperature near the students stable, at around 30 °C, as 
a result of applying the control algorithm. Figs.  A.21 and A.22 in the 
appendix show the viral load and temperatures for all sensors locations. 
Fig.  15 shows a comparison of 3D CO2 concentration contour plots 
coloured by viral load before (original state — case 1) and after control. 
The coloured surfaces of the contour plots show that the viral load has 
been reduced effectively in the entire classroom. A consequence of this 
viral load control is that the CO2 level within the classroom has also 
been reduced.

In these three scenarios, we have obtained the optimised settings of 
the air speed and air temperature for a Dyson fan to achieve certain 
14 
desired levels of temperature and viral load at the sensors nearest to 
the students.

4. Conclusions and future work

We propose a machine learning approach for control of ventilation 
in enclosed spaces based on Computational Fluid Dynamics (CFD) 
simulations and neural networks. We use the Adversarial Autoencoder 
(AAE) to predict, to assimilate data, and to build an accurate and effi-
cient control workflow. Along with proper orthogonal decomposition 
(POD), the AAE is used as a surrogate model of the CFD to make 
the method computationally tractable. POD coefficients substantially 
reduce the size of the inputs and outputs of the AAE. After training, 
the framework can be used for all three tasks (prediction, data assimi-
lation and control). All or selected sensor values can be used for the
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Fig. 11. Scenario 2 control results: (a) Dyson fan ventilation settings. (b) Viral load at sensors 5 and 6. (c) Temperature at sensors 5 and 6. In this scenario, we 
let both the outflow velocity and temperature settings be optimised by our method based on the original Case 1 ventilation settings. Results of the viral load and 
temperature for all sensor locations are provided in the appendix (Figs.  A.19 and A.20).
assimilation and control without the need to re-train the network, 
which gives flexibility to the method, making it robust in the case of 
missing data. We use a primary school classroom in London as a test 
case. Three ventilation control scenarios were investigated here, using 
the proposed approach.

In this paper, we focused on controlling the relevant indicators 
(e.g. temperature, viral load) near students within a classroom through 
time by finding optimised settings of a Dyson fan (its temperature and 
outflow velocity). In Scenario 1, we aimed to achieve a comfortable 
heating environment; in Scenario 2, we aimed to achieve lower viral 
15 
loads during a pandemic situation; in Scenario 3, we aimed to achieve 
both comfort control (gauged by temperature) and lower viral load 
in the winter. We were able to control the environment in all three 
scenarios to meet the control objectives (comfort, health CO2, infection 
risk minimisation).

The resulting framework is highly flexible. For example, after train-
ing, the user can choose whether to make predictions at the sensor 
locations or to assimilate data at the sensor locations, meaning that 
if for any reason, sensor observations are missing, the framework still 
operate without the need to re-train the neural network. Similarly, the 
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Fig. 12.  3D contour plot comparison of Scenario 2 with and without control (Case 1). Each subplot shows an iso-surface of CO2 concentration with value 
1200 ppm coloured by viral load. Each row represents one time level.
user can also decide how many of the control variables to constrain. 
Again, this decision does not affect the operation of the framework 
or require the network to be retrained. Another advantage of this 
framework is that interpolation is not needed to calculate the mismatch 
between sparse spatial observations or control variables and highly 
resolved CFD results, as the observations and control variables are 
predicted directly by the autoencoder.

Further work would examine a wider range of conditions including 
occupancy, outside weather and personal preferences in terms of com-
fort. Also, as the health status of individuals is a factor in their reaction 
to pollution [78], we could bring this into the model, so that asthmatics 
could be provided with less polluted, filtered air, for example.
16 
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Appendix. Results for control experiments at all the sensor loca-
tions

Results for scenario 1

See Figs.  A.16–A.18.

Results for scenario 2

See Figs.  A.19 and A.20.

Results for scenario 3

See Figs.  A.21 and A.22.
Fig. 13. Scenario 3 control results: (a) Dyson fan ventilation settings and (b) Viral load at sensors 8 and 9. In this scenario, we set the desired air temperature 
and optimise the outflow velocity of the fan (the same as in Scenario 1). Results of the viral load for all sensor locations can be found in the appendix (Fig. 
A.21).

https://royalsociety.org/topics-policy/Health%2520and%2520wellbeing/ramp/
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Fig. 14.  Comparison of Scenario 3 and Scenario 2 control results for the temperature at two selected sensors (at which control is applied). Blue and orange lines 
represent a prediction without control (PredAAE) and prediction with control using 4D-Var DA, respectively. Plot (a) shows the results for Scenario 3, where 
purple lines represent desired values we set to control. Plot (b) shows the corresponding results for Scenario 2, where green lines represent the original CFD 
simulation (Case 1). Results for all sensor locations can be found in the appendix (Fig.  A.22.)
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Fig. 15.  3D contour plots of Scenario 3 with control and without control (Case 1). Each subplot is an iso-surface of CO2 at 1200 ppm and coloured by the viral 
load. Each row represents one time level.
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Fig. A.16.  Scenario 1 control results: the temperature at sensors. Each subplot represents the temperature changing over time at a particular sensor. Blue and 
orange lines represent prediction with PredAAE and 4D-Var DA, respectively. Purple lines in the subplots for Sensor 4 to Sensor 12 (close to the head heights of 
the students) represent desired values we wish to control. Green lines in the subplots for other sensors represent the original CFD simulation (Case 1).
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Fig. A.17.  Scenario 1 control results: the CO2 concentration at sensors. Each subplot represents the CO2 concentration changing over time at a particular sensor. 
Blue and orange lines represent prediction from PredAAE and 4D-Var DA, respectively. Purple lines in the subplots for Sensor 4 to Sensor 12 (around the head 
height of the students) represent values we wish to control. Green lines in the subplots for other sensors represent the original CFD simulation (Case 1).
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Fig. A.18.  Scenario 1 control results with constrained DA and prediction method showing the resulting temperature at the sensors for algorithm comparison. 
Each subplot represents the temperature changing over time at a particular sensor. Blue and orange lines represent predictions from PredAAE and 4D-Var DA, 
respectively. Purple lines in the subplots for Sensor 4 to Sensor 12 (close to the head height of the students) represent values we wish to control. Green lines in 
the subplots for other sensors represent the original CFD simulation (Case 1).
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Fig. A.19.  Scenario 2 control results: the viral load at the sensor locations. Each subplot represents the viral load changing over time at a particular sensor. 
Blue and orange lines represent predictions by PredAAE and 4D-Var DA, respectively. Purple lines in the subplots for Sensor 4 to Sensor 12 (around students) 
represent desired values we would like to achieve. Green lines in the subplots for other sensors represent the original CFD simulation — Case 1.
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Fig. A.20.  Scenario 2 controlling influence on the temperature at sensors after only controlling the viral load. Each subplot represents the temperature changing 
over time at a particular sensor. Blue, orange and green lines represent predictions from PredAAE, 4D-Var DA and the original CFD simulation — Case 1, 
respectively.
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Fig. A.21.  Scenario 3 control results: the viral load at sensors. Each subplot represents the viral load changing over time at a particular sensor. Blue and orange 
lines represent normal AAE prediction and 4D Var DA, respectively. Purple lines in the subplots for Sensor 4 to Sensor 12 (around students) represent desired 
values we set to control. Green lines in the subplots for other sensors represent the original CFD simulation — Case 1.
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Fig. A.22.  Comparison of scenario 3 and scenario 2 control results on the temperature at controlled sensors. Each subplot represents the temperature changing 
over time at a particular sensor from Sensor 4 to Sensor 12. Blue and orange lines represent normal AAE prediction and 4D Var DA, respectively. (a) shows the 
corresponding results in scenario 3, where purple lines represent desired values we set to control. (b) shows the corresponding results in scenario 2, where green 
lines represent the original CFD simulation — Case 1.

Building and Environment 287 (2026) 113858 

26 



D. Guo et al. Building and Environment 287 (2026) 113858 
Data availability
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