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Aggregate Programming for customized
building management and users preference
implementation

Giorgio Audrito, Ferruccio Damiani, Stefano Rinaldi, Lavinia Chiara Tagliabue,
Lorenzo Testa and Gianluca Torta

Abstract Cognitive Buildings are equipped with sensors and actuators to customize
the indoor conditions according to users’ needs and preferences. The eLUX lab, at
the Smart Campus of the University of Brescia (Italy) is the first national cognitive
building where educational spaces are monitored and dashboards promote the users’
awareness. There, a fixed IoT network allows gathering data to perform analytics for
prompt fault detection and fine-tuning of the conditions and possibly of the energy
management. However, the users’ involvement is paramount for correct tuning and
customization, as indoor conditions can be measured by a sensor (e.g. temperature,
humidity, illuminance, �$2 concentration) located in a single point in the indoor
space while the parameters can strongly vary in presence of, e.g., a fan coil or the
distance from the windows and doors. To address this issue, an RTLS (Real Time
Location System) can be connected to the users’ direct and indirect feedback to
support a precise definition of the indoor conditions and boost the improvement
of the cognitive behavior (i.e. automatic window opening or lighting dimming). In
this paper we illustrate how the eLUX Lab can be enhanced to support the Aggre-
gate Programming paradigm for offering resilient distributed services (exploiting an
RTLS) that run on wearable devices without relying on the connection to a central
server.
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1 Introduction

The concept of Cognitive Building [42, 41] is and evolution of the Smart Building
where the monitoring equipment is not only for anomalies detection but includes
a wider conditions adaptability in response to the gathered data through actuators.
These devices make the building able to learn and adapt to the user’ behavior and
environmental variables, customizing the indoor conditions according to users’ needs
and preferences while taking into account other factors such as energy-savings and
durability.

The full potential of CIoT namely Cognitive IoT for cognitive buildings has
been investigated in literature [37] and the systems need to be able to automatically
process IoT data and learn from it with Machine Learning algorithms depending on
the application. This approach has been explored in the last 5-8 years and mainly for
energy saving and control of the indoor environmental conditions.

The sensors and actuators are part of the IoT network that can route the information
towards local or remote servers to analyze the data, visualize it, detect faults and
anomalies, and make intelligent decisions for improving the users’ comfort and
optimizing conditions through the actuators reducing also management costs.

This arrangement has been successfully experimented in the eLUX lab building,
at the Smart Campus of the University of Brescia [48, 20], making it the first national
cognitive building where educational spaces are monitored and dashboards promote
the users’ awareness on energy related topics. [51, 59].

In the present paper we aim at taking it a step further, starting from the consider-
ation that a fundamental ingredient for improving the effectiveness of the system is
the involvement of users themselves through explicit (i.e., feedback) as well as im-
plicit (i.e., information fromwearables) cooperation. For instance, the measurements
made by sensors (e.g. temperature, humidity, illuminance, �$2 concentration) have
two limitations: first, they are limited to the location of the sensor itself, which may
not reflect the actual conditions in all the monitored space (think, e.g., of a temper-
ature sensor near an open window or a fan coil); second, they reflect an “objective”
value, while the comfort of a user is also influenced by his/her subjective status and
preferences.

Exploiting users’ information requires an RTLS (Real Time Location System)
able to estimate with a good degree of precision the position of each user. Indeed,
the comfort conditions reported directly or indirectly by a user are meaningful
only if associated with the position where such conditions have been experienced.
To this end, we propose the adoption of a RTLS based on wearables that can be
exploited also for another, equally important goal, that is, enabling the execution of
resilient distributed applications on the wearables themselves (without relying on
the connection to a central server).

Aggregate Programming (AP) [12] is an innovative paradigm for implementing
fully distributed systems consisting of networks of devices forming an open dynamic
topology with gossip-based communication. Offloading (parts of) the services of a
Cognitive Building to AP processes running on wearables (and possibly other fixed
embedded equipment) makes them more robust, adaptive and responsive (e.g., in
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case of failures of the fixed network), as well as more natural to program and less
subject to privacy violations.We therefore propose a framework for the application of
the AP paradigm for offering services based on RTLS that integrate and complement
the ones offered by the fixed network.

The main contribution of the paper is that of presenting an approach to the
automation of Cognitive Buildings where some of the services are provided by
devices belonging to the bottom layer of the IoT architecture; thanks to the use of
the Aggregate Programming paradigm, such services are fully distributed, allow
seamless cooperation of fixed and mobile nodes, and are open and robust to changes
in the topology due to mobility, failures, and nodes joining/leaving the network.
Proposals in the literature on distributed home/building automation [3, 24, 4, 22]
tend to lack one or more of these features. In particular, they do not deal with open,
mobile, proximity-based networks of highly resource-constrained computing nodes.
It should be noted that the relevance of the contribution is substantiated by the fact
that we develop the approach starting from an in-depth analysis of a real scenario
and, furthermore, that we report on simulated experiments based on a high-quality
C++ implementation.

The paper is structured as follows. In Section 2 we describe in detail the eLUX
lab building use case, pointing out its architectural characteristics, the Cognitive
Building needs that have been identified in the use case, and the architecture of the
fixed IoT that has been implemented to support such needs. Then, in Section 3 we
give background information on AP, and in Section 4 we propose a method to exploit
AP and RTLS to provide services in the eLux lab on top of the ones provided by the
fixed IoT. Finally, in section 5 we discuss a simulation of the proposed solution that
is available as an open source repository, and in section 6 we discuss future research
and conclude the paper.

2 Description of the Brescia Use Case

The eLUX Lab1 at the University of Brescia Smart Campus is the first italian
demonstrator of cognitive building, it was defined in the framework of the SCUOLA
project2 developed in 2014-2016 and then extended through university fundings as
strategic project until today. The building is an existing construction which includes
lecture rooms and an auditorium used for lectures but also for the graduation days.
The building was realized in the ‘80s by architect Leonardo Benevolo and it is an
architectural heritage with no possibility of renovation of the facades; however the
age of the building defines an energy performance that is not in compliance with the
updated regulations and EU directives [19, 21]. The opaque and transparent envelope
with poor thermal resistance and the outdated thermal systems are the main problems
from the building point of view; nonetheless, the indoor environmental conditions,

1 See https://elux.unibs.it/
2 See https://elux.unibs.it/project-s-cu-o-l-a/
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Fig. 1 Indoor conditions detected in the building and displayed in the digital model.

and in particular the indoor air quality, are also strongly critical from the users’ point
of view [50].

The cognitive concept is implemented through a BIM (Building Information
Modeling) based preliminary digital twin where a digital model of the real building,
equipped with a IoT network able to gather information about indoor conditions (e.g.
temperature, relative humidity, �$2 concentration, VOC concentration, presence of
people, power consumption of the fan in the fan coils, automated window opening,
illuminance in the room) are connected. In the digital model this information can be
displayed to enable the facility management and the adaptation of the conditions to
the specific variable setups (e.g. people density, �$2 concentration, window open-
ing) (Figure 1). Many of the plants of building can be controlled by the cognitive
system. The cognitive system can modify the temperature set-points of each room
of the building by sending appropriate commands to the HVAC system. The labo-
ratory windows are motorized and can be opened to allow for natural air rebounds.
Furthermore, the energy of the photovoltaic system can be stored in the electrical
storage, allowing the energy consumption profile of the building to be changed.

For example, the automated windows at the underground floor where computer
labs are located, could actuate the increase of ventilation as the�$2 level overcomes
the 1000 ppm threshold [52, 49], to preserve indoor air quality and the learning
performance of the students.

The indoor conditions are also compared to comfort levels to detect critical areas
and moments of the day (e.g. when people density grows exacerbating the lacking
indoor comfort conditions).

The sensors are located in the different floors and rooms of the building and are
able to control the indoor conditions, moreover monitors installed in the classrooms
are providing information about the indoor conditions and the photovoltaic system
productivity to the users. The energy production from renewable sources is used for
the direct needs of the spaces or stored in batteries depending on the energy cost
through optimization algorithms. In this way the SCUOLA project Smart Campus
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Fig. 2 Architecture mapped into IoT domain model.

as Urban Open LAb and the following extension eLUX (Energy Laboratory as
University eXpo) could communicate to the users the value proposition of the project
promoting users awareness towards sustainable ways of living the educational life in
the campus.

The eLUX lab is thus a demonstrator that is collecting information on the field
from the building and users as defined as follows.

2.1 Users preferences and feedback collection

The cognitive interaction [46] should promote the adaptation of the building indoor
space conditions to learn users’ preferences. These users’ preferences have been
collected by direct feedback from a prototype application during the SCUOLA
project and, then, during the eLUX lab project progress, a mockup for a further
development that could gather and analyze informal feedbacks has been proposed 3

(Figure 2).
The virtual environment, reproducing in the digital BIM the actual building, is

populated with the information coming from the sensors installed in the physical
environment. Ideally, Virtual Entities are synchronized representations of a given
set of aspects (or properties) of the Physical Entity and an Augmented entity is thus
created. The virtual entity is connected to Active Digital artifacts and Passive Digital
artifacts. The first run software applications, agents or Services that may access
other services or Resources, while the latter are passive software elements such as
data-base entries or other digital representations of the Physical Entity. The devices
are sensors, tags, actuators that actually enhance the Physical Entity and allow the
latter to be part of the digital world. The information provided by the sensors is also

3 See http://es3.unibs.it/elux/



6 Giorgio Audrito et al.

used to implement the BMS (Building Management System) able to coordinate the
systems.

The virtual entity is associated with services given and subscribed by the users
through the application. The Service provides a well-defined and standardized inter-
face, offering all necessary functionalities for interacting with Physical Entities and
related processes. Interaction with the service is done via the network. The service
exposes the Resources that are software components that provide information about
or enable the actuation on Physical Entities. The application can trigger the interac-
tion between the users and the cognitive layer and promote the adaptation actions
through the actuators.

Considering the installed sensors in the eLUX lab spaces and the people’s feedback
it is possible to unveil a very critical situation due to heavy exploitation of the
spaces. In fact, checking the situation before the pandemic, the high people density
and outdated ventilation systems, harsh conditions have been detected and analyzed
[43]. The indoor air temperature inside the computer lab is for 27% of the recorded
data under 20°C. Moreover, 68% of the monitored data shows temperature over the
threshold of 20°Cdue to the high internal gains (i.e. people, computers, lighting). The
22.15% of the data collected by the �$2 sensor overcame the 1000 ppm threshold
of perception of fresh air and good condition to empower learning performance.

The recorded data of relative humidity shows a very dry indoor environment with
75% of the data with a value below 35% and a 4% of hours over the 45%. Thereby the
conditions are severely outside the comfort thresholds for educational environments.
More than 50% of the records about �$2 concentration exceed 1000 ppm, reaching
1500 ppm, during the lecture hours, basically decreasing about 11% and 23% the
cognitive performance of the users studying in that space [17, 29, 11, 23]. The �$2
concentration increases, overcoming the 600 ppm, which is the limit of acceptable
concentration to perceive the fresh air, from 9:51 a.m. to about 13:00 (10th October
2017) with a maximum value of 1501 ppm.

It is worthy to note that every space is equipped with a set of sensors, one
sensor for each parameter in each space, this means that for example the indoor air
temperature, relative humidity and �$2 concentration are measured in a specific
point which could not be representative of the variations occurring in the space,
due to the proximity of a door, the side equipped with windows or an assembly of
people studying together. This limitation has been emphasized since the beginning
of the experiment as the users into the monitored space could provide specific direct
feedback reporting a situation of individual discomfort or comfort strongly affected
by their location in the laboratories. As shown in figure 3, the computer labs have
three sides facing inside spaces and one side facing outdoor each. For that reason
it is possible to expect a variation of the radiant temperature inside the labs due to
the glazed surface distributed on the outside-facing sides, a different possibility of
ventilation to reduce the �$2 concentration in the side and in the central areas of
the laboratories and different temperature and humidity conditions near the fan coils
and near the glazed surfaces.

These differences can be only unveiled adopting the student as a human sensor
with a specific perception and a defined location that can promote a detailed de-
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Fig. 3 Virtual sensors in the digital model located in the actual point of the physical entity.

scription of the indoor conditions and the possibility to fine tune the systems (e.g.
dimming the artificial light rows near the window, opening the window where a
meeting of students can lead to a growing �$2 concentration preserving an healthy
and adequate environment) while promoting customized measures that allow energy
savings.

The localization of the distributed feedback can improve the knowledge of the
users’ needs and promote a punctual management of the space services enhancing the
users’ experience, improving the indoor conditions and achieving a energy saving by
concentrating the systems effort where andwhen precisely needed. Surely the privacy
protection has to be preserved and securely achieved, nonetheless the service location
is an advantageous process that can be promoted to improve multiple aspects in the
everyday life of the campus. The possibility to completely anonymize the information
is crucial and required by GDPR [35, 53, 5]. An overview about the synergies and
benefits of a located informative content of the indoor conditions crossing the sensors
data and the users feedback is provided in Table 1. The different parameters can have
an outcome on energy consumption, comfort and affect the users’ perception of the
spaces and thus their satisfaction and user experience [31]. Moreover the parameters
can affect the whole three aspects while a precise parameter or system can then have
specific influence on the user’s experience that is not unique and predictable and can
change the productivity in the indoor space [15, 2, 18].

Themeasured parameters crossed with the users feedback can provide an effective
informative tool through the analytics to be performed (e.g. the comparison with
comfort thresholds) to timely adapt the indoor environmental conditions and improve
the user experience and the productivity of the users as well as supporting the
energy saving measures. For example the fan power can affect the users experience
due to noise level and this is strongly related to the attention capability and thus
learning performance, although it is primarily considered according to the energy
consumption and HVAC (Heating Ventilation Air Conditioning) system or AHU
(Air Handling Unit) performance. Moreover, the user’s feedback can be collected to
understand which are the most used spaces and the critical or beneficial aspects of
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Parameter Energy saving Comfort User experience
Indoor air temperature X X X

Relative humidity X X

CO2 concentration X X

VOC concentration X X

Illuminance X X X

• Shading devices X X X

• Lighting dimming X X

People density X X X

• Use of the space X

• Use of furnitures X

Window opening X X X

• Ventilation rate X X X

• Cross ventilation X X X

Fan power X X

• Peak power X

• Additional loads X

Table 1 Synergies and benefits of a located informative content of the indoor conditions.

the indoor space that can promote an intensive use and thus require more frequent
maintenance [27, 47].

2.2 Sensors integration through IoT paradigm

Sensors are installed in large buildings, such as schools, universities, and government
buildings, to monitor the status of rooms and thus control the air quality and the
user’s comfort [38, 32, 60, 25, 34]. Third-party applications typically do not have
access to the data generated by these sensors. The IoT paradigm allows to overcome
this situation by a proper definition of a data model which can be exchanged between
different application domains. Figure 4 shows the ICT infrastructure for supporting
IoT sensors integration. The infrastructure is composed of five layers: the device, the
device abstraction, the data, and the cognitive and visualization layers. Sensors and
actuators installed on building systems compose the device layer.

The implicit or explicit feedback provided by the building’s users on the quality
of comfort is also included in the device layer [44, 28, 26]. The implicit user’
feedback is inferred by the occupancy data collected from the sensors installed in the
building, while explicit feedback is provided by the user to the building informative
system through a dedicated app [40, 39, 1]. The bi-directional interaction of an app
implies the introduction of the human factor into the IoT structure, allowing the
cognitive building to learn from user’ behavior in real-time and process them into
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Fig. 4 The reference ICT architecture used for IoT device integration and building parameter
estimation.

adaptive and predictive strategies for improved comfort and servitization [33, 45].
The app transforms users into heterogeneous mobile sensors that reveal perceptions
and provide feedback, defining a dynamic "learnscape" for cognitive building. Figure
5 shows the information flows exchanged between the users and the building, through
the app. The incorporation of “human sensors” transforms the scenario from a static
IoT ready system to a true dynamic IoT application in which the building (or a single
sub-system) continuously reconfigures itself (or a single sub-system) based on user’
behavior. From a technological point of view, the user’s feedback is transferred from
the app to the ICT infrastructure using the Message Queue Telemetry Transport
(MQTT) protocol. An MQTT broker installed on the public front-end of the ICT
system receives the real-time feedback information pushed by the app.

Considering the sensors providing real-time data, each device is distinguished by
a data model, which is used to exchange data with the upper layers via a suitable
communication protocol. The system is protocol agnostic, which means it can sup-
port any communication protocol via the device abstraction layer. Message queue
telemetry transport (MQTT), WebService REST, advanced message queueing pro-
tocol (AMQP), and Modbus are among the communication protocols supported by
the device interface of the deployed informative system. Each of the rooms of the
building is equipped with sensors for indoor air quality monitoring. In particular, the
following parameters are monitored, in real-time, in each of the rooms:
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Fig. 5 The information flows between the building and the app.

• Temperature and relative humidity
• CO2 concentration
• VOC concentration
• PM2.5 concentration
• Illuminance
• Opening and closing of windows

The indoor monitoring sensors are connected to the informative system using a
Z-Wave communication infrastructure. Each room of the building is equipped with
a customized Z-Wave gateway (based on an industrial dual core x86 platform),
which plays the role of an edge device, providing local computational power to the
wireless sensors. The two labs of the case study building eLUX are equipped with
people counter devices, based on stereoscopic vision, and connected, through the
edge device, to the informative system of the building. In addition, the electricity
consumption of the building is monitored in detail by an distributed power quality
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network composed by power meters, electrically connected to different sections of
the building, and able to exchange the data through Modbus TCP protocol. The
building is equipped with two different solutions for the location of devices and
people: BLE Beacons and UWB. The first solution covers the entire building, and
it is a low cost technology, but with limited location accuracy (on the order of
several meters) [13, 14]. Battery-powered BLE Beacons are installed in every room
of the building. The second solution exploits the use of UWB technology to obtain
a more accurate location [55]. The building has been equipped with DWM 1001
Development Boards provided within the Decawave MDEK1001 kit.

DecaWave DWM 1001 Development Board contains the DWM 1001C module,
a battery connector and charging circuit, LEDs, buttons, Raspberry-Pi connector
and USB connector. The DWM 1001C module features two radio devices, based
respectively onBluetooth LowEnergy (BTLE) and on a custom implementation of an
Ultrawide Band (UWB) transceiver (IEEE 802.15.4-2011). The BTLE radio is used
to exchange identification beacons, while the UWB module is used to communicate
directly with devices in proximity. The UWB reaches a communication range of
several tenths of meters, and a data rate in the order of a few megabits per second.
The processor is an Arm Cortex-M4 CPU with floating point unit running at 64
MHz, equipped with 512 KB Flash memory and 64 KB RAM.

At least four fixed UWB nodes, called anchors, placed at known positions should
be installed per each room. Each of the anchors is connected to a raspberry pi
board, to provide a physical connection between the anchor and the rest of the
informative system. The information in the BIM DB and the Asset Mgt DB is
critical for extracting accurate data from theDeviceDataDB.Because of the different
characteristics of data to be stored, the Data Layer has been structured using different
databases: real-time data requires a database that can store a large amount of data
from hundreds of sensors in parallel, whereas information about the building and
the relative plants is fairly static. The cognitive layer can use the data in the Device
Data DB to infer additional information from the raw data coming from the sensors.
CO2 concentration, for example, can be used to estimate the number of people in a
room and, thus, the flow of people throughout a building. The information derived
from the raw data is saved in Device Data DB as a virtual sensor. The cognitive layer
can process the data stored in the data layer, and the visualisation layer can visualize
it. Grafana, an open framework for data analytics and monitoring, is used as the
visualisation layer. To close the control loop, the cognitive layer can analyze data
and control part of the plants of the building, in the case, control feature is enabled.
WebService REST facilitates communication of the back-end (device abstraction
layer, data layer, visualisation layer, and cognitive layer). The modular and service-
oriented architecture of the informative system allows each component to be located
on different physical or virtual machines, enhancing the scalability of the system.
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aggregate function declaration
F ::= DEF() ∗) C d(ARGS, C x∗) {CODE return e; }

aggregate expression
e ::= x

�� ℓ �� C {e∗} �� ue �� e o e �� p(e∗) �� node.c(e∗) �� f(CALL, e∗)�� C x = e; e �� [&] (C x∗)->C {return e; } �� e ? e : e
type aggregate function
C ::= )

�� 1C �� CC<C∗, ℓ ∗ > f ::= b
�� d

built-in aggregate functions
b ::= self

�� mod_self �� map_hood �� fold_hood �� old �� nbr
Fig. 6 Syntax of FCPP aggregate functions.

3 Aggregate Programming

As the availability of computing devices continues to increase, it becomes increas-
ingly useful to manage an entire network of physical devices as a single computing
machine distributed in space and time. This distribution model is formalised by
aggregate programming (AP) [12] and its companion language, the field calculus
(FC) [9]. In AP, networks of devices with a dynamic topology expressing a notion
of neighbourhood evolve by the repetitive execution of asynchronous local updates,
where a device receives messages from neighbouring devices, and uses their content
to compute messages to send back. The messages are collected and made available
to the device into a neighbouring field data type, which is essentially a map from
neighbour device identifiers to relative values.

Interestingly, the emergent behaviour of the whole system is induced by the local
computations just described and the resulting information diffusion. Even though
such systems compute by local interactions, AP allows the programmer to reason at
the level of their overall behavior, by functionally composing distributed functions
with a known intuitive interpretation. Device behavior, position, and number are thus
abstracted away, modelled by a space-filling computational environment, dramati-
cally simplifying the design, creation, and maintenance of complex IoT systems.

AP and FC have been implemented by several freely available tools, among
which the JVM-based Protelis [36] and Scafi [57]. For this paper, however, it is
more relevant the C++ library FCPP [6], which stands out for its efficiency and
versatility. It leverages compile-time optimisations and, most importantly for us, it is
sufficiently lightweight to be deployed on low-end IoT devices, while still supporting
heavy simulations and computations on more powerful machines. Note that FCPP
implements Field Calculus as an internal domain specific languages (DSL), meaning
that beside the FCPP constructs also all the constructs of C++ are available forwriting
programs based on FCPP.

The syntax for defining pure Field Calculus functions in FCPP is given in Fig. 6.
Following regular expression notation, we use ∗ to indicate an element that may
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be repeated multiple times (possibly zero), assuming that repetitions are always
comma-separated.

An aggregate function declaration consists of a declaration of (any number of)
type variables DEF()∗), followed by the return type C and the function name d,
followed by a parenthesized sequence of comma-separated arguments C x (prepended
by the keyword ARGS), followed by an aggregate expression e (within brackets and
keywords CODE return).

Aggregate expressions can be either:

• a variable identifier x (either a function argument or defined in a let-style
statement—see below);

• a literal value ℓ expressible in C++ (e.g. an integer or floating-point number, true,
false, string literals, etc.);

• an object of type C built through a class constructor call C{e∗} with arguments e;
• an unary operator u (e.g. −, ∼, !, etc.) applied to e;
• a binary operator e o e (e.g. +, ∗, and, or, etc.);
• a pure function call p(e∗), where p is a basic C++ function which does not

depend on node information nor message exchanges (or an anonymous aggregate
function—see below);

• a component function call node.c(e∗), where c is a function provided by some
component, depending on node information but not on messages;

• an aggregate function call f(CALL, e∗), where f can be either a defined aggregate
function name d or an aggregate built-in function b (corresponding to either field
manipulation or Field Calculus constructs—see below);

• a let-style statement C x = e1; e2, declaring a variable x of type C with value e1
referable in e2;

• an anonymous function [&] (C x∗)->CA {return e; } with arguments C x, return
type CA , and body e: since anonymous functions capture variables defined in
their scope, they also capture the node variable which allows their body to be an
aggregate expression, even though they are applied as pure functions;

• a conditional branching expression eguard ? e> : e⊥, such that e> is evaluated and
returned if eguard evaluates to true, while e⊥ is evaluated and returned if eguard
evaluates to false.

The built-in aggregate functions old and nbr provide the fundamental nbr, rep,
share constructs available in the classic syntax of Field Calculus. They are over-
loaded to several different signatures: [10, 8, 7].

• old(CALL, E0, E) with E0, E of type C returns the value fed as second argument
E in the previous round of computation (thus introducing one round of delay),
defaulting to E0 if no such value is available;

• old(CALL, E) is a shorthand for old(CALL, E, E);
• old(CALL, E0, 5 ) corresponds to the rep operator of classic Field Calculus, and

computes the result of applying 5 to the value of the whole old function at the
previous computation cycle (using E0 if no such value is available);
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• nbr(CALL, E0, E) with E0, E of type C returns the neighbouring field of values fed
as second argument E in the previous round of computation of neighbour nodes,
defaulting to E0 for the current node if no such value is available for it;

• nbr(CALL, E) is a shorthand for nbr(CALL, E, E), and corresponds to the nbr
operator of Field Calculus;

• nbr(CALL, E0, 5 ) corresponds to the share operator of Field Calculus [7], and
computes the result of applying 5 to the neighbouring field of values of the whole
nbr function at the previous computation cycle of neighbour nodes (using E0 for
the current node if no such previous value is available for it).

The other built-in aggregate functions currently available in FCPP are:

• self(CALL, q), which given a value q of field<C> type returns the value q(8)
taken by the neighbouring field q for the current node (of identifier 8 = node.uid);

• mod_self(CALL, q, E), which given a value q of field<C> type, returns the same
value with q(8) changed to E, where 8 = node.uid;

• map_hood(CALL, 5 , E∗) which applies 5 point-wise to a sequence of local or field
values E∗;

• fold_hood(CALL, 5 , q) which folds the values in the range of q of field<C>
type through the commutative and associative binary operator 5 of type (C, C)->C,
reducing them to a single value of type C;4

• fold_hood(CALL, 5 , q, E) which folds q as above, using E instead of the value
of q for the current device: in other words, it is equivalent to:

fold_hood(CALL, 5 , mod_self(CALL, q, E))

.

4 Aggregate Programming for the Brescia Use Case

4.1 Users Localization

In order to exploit AP in the eLux lab on top of existing infrastructure, we consider
first the RTLS. We propose to exploit DecaWave DWM 1001C Modules as the ones
already deployed in the lab (Section 2) with two main differences w.r.t. what has
been described.

First of all, the base of the firmware is provided by the Contiki NG OS, because
FCPP has been ported to such OS (see below), and for our purposes it is fundamental
to run FCPP along with the RTLS system. Contiki NGOS 5 is an open-source, cross-
platform operating system for Next-Generation IoT devices, which started as a fork
of the Contiki OS and retains some of its original features. Among other chips, it

4 In Field Calculus, a neighbouring field always has at least a value for the current node; thus,
folding is well-defined.
5 See https://github.com/contiki-ng/contiki-ng
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supports the Nordic Semiconductor nRF52832 MCU mounted on the DWM 1001C
module. Contiki NG exhibits a low-power IPv6 stack for Internet connection, a low
code footprint of just about 100kB and the possibility to configure memory usage to
be as low as 10 kB. The access to the BTLE and UWB features of DWM 1001C is
granted by suitable drivers.

Secondly, we would like the RTLS to be able to let any wearable know its position
without the need for a central infrastructure to collect ranging data and then distribute
location information to the devices. Therefore, we let the wearable devices figure out
their location by performing themselves UWB-based ranging with (at least three)
anchors and, given the positions of the anchors and the distances estimated with
ranging, compute their position with a simple triangulation.

4.2 Porting Aggregate Programming to embedded systems

In order to exploit Aggregate Programming on the DWM 1001C Module used
for RTLS, we have ported the C++ implementation of Field Calculus (FCPP) [6]
to the Contiki NG operating system. The porting of FCPP has demonstrated that
the library can be an effective implementation of FC on very resource-constrained
systems. Overall, the source code has been adapted only in a few specific points:

• output streams: The streams of the C++ standard library were not working on
the DWM 1001C Module, thus, we have provided a custom implementation of
ostreams based on the printf function of the C standard library;

• threads: Contiki-NG adopts the original Contiki’s event-driven model with a co-
operative multitasking style, based on proto-threads. Support for preemptive mul-
tithreading has been removed, which makes Contiki-NG strictly non-preemptive.
Since FCPP makes use of the standard C++ threads, it had been necessary to
adapt it to use proto-threads instead.

• communication interface: FCPP is designed in such a way that different physi-
cal/virtual network interfaces can be plugged in as template parameters. Appro-
priate classes have been developed as an FCPP interface to the BTLE and UWB
drivers.

A serious constraint of the DWM 1001C Module is memory, which is limited to
64kB. Thanks to the small footprint of Contiki NG and of FCPP, it has been possible
to leave approximately 16kB of stack space and 16kB of heap space to be used by
Field Calculus applications built on FCPP.

4.3 An AP case study using RTLS

The main contribution of the present paper is to show how the availability of AP on
embedded systems can pave the way to useful applications that leverage the power
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of AP in exploiting the native capabilities of the devices, such as RTLS. Towards
this aim, we present the following scenario, referring to the building previously
described.

• A number of persons can move within a room (or set of rooms), and sit-down to
study, work, etc.

• Each person is equipped with a DWM 1001C wearable device featuring:

– RTLS thanks to anchors placed in the room(s), so that every device is aware
of its position as a pair of real number coordinates (G, H); we also assume that
the room floor has been discretized into a grid of # × " areas �8 9 , and each
device is thus aware of the area �8 9 where it is currently placed;

– the possibility to participate in AP processes thanks to the installation of the
FCPP library and the Field Calculus code of a specific application;

– the possibility to receive simple input from the user thanks to specialized
buttons and to produce a basic output through leds and a digit display.

• One or more gateways are available, that can be accessed by nearby wearable de-
vices through BTLE, and can communicate with the fixed network infrastructure
through, e.g., WiFi.

• The room(s) contain temperature sensors that provide an objective measure at
specific locations, sharing it through the gateway to a digital twin in the cloud.

• The expected dynamics of the persons is as follows:

– initially, they enter a room and find a place to sit-down;
– then, they may possibly give feedback about their comfort (regarding just

temperature, for sake of simplicity);
– if temperature is comfortable, they will stay there until they decide to move to

another place;
– if temperature is not comfortable, they may decide to move to another place

that has been suggested by the wearable in response to the feedback;
– in parallel, an AP process performs a collection of the users’ feedback towards

the gateway, so that they can possibly be uploaded to the fixed infrastructure
for further analysis, etc.

The AP functions of the described scenario are implemented in the FCPP incar-
nation of Field Calculus as follows. Let the feedback on the perceived comfort of
a user * in area �8 9 be a real number B ∈ [−1, +1], representing a sensation from
extreme cold to extreme hot, and assume that the users report such a number through
the buttons on the wearable. If B ≠ 0, the wearable shows a suggestion to the user for
a more comfortable place to go, as a different area �8′ 9′ . This suggested area should
be computed based on two factors: the value of B and the temperature in each area
of the room. For example, if B = +1 the user should be directed towards one of the
coldest areas in the room. Note that, more or less at the same time, another user * ′
in the same area �8 9 as * may report B′ = −1 to her wearable, because of different
subjective preferences between * and * ′. We assume that the fixed infrastructure
knows how to estimate the temperatures)8 9 in each area of the room from the temper-
ature sensors’ readings, possibly integrated with the users’ feedbacks, and that these



Aggregate Programming for customized building management 17

temperatures are communicated to wearables through an AP function implementing
a broadcast of information from the gateway to the users’ wearables as follows:

hops_t dist = abf_hops(CALL, is_gateway);
broadcast(CALL, dist, temp_info, is_gateway, map_type());

Firstly, the device executes the abs_hops function in the FCPP standard aggregate
library, which computes the number of hops from the device to the closest gateway.
The distance dist returned by abs_hops represents the estimated value at the current
round, guaranteed to converge eventually to the correct value [56]. Using this com-
puted distance, the broadcast function (also from the standard aggregate library)
executes on all the devices, but with different behaviors: in the gateway (where
is_gateway is true) it just returns the collection of )8 9 values passed in the temp_info
argument, as a map from areas to temperatures of type map_type. In the wearables
(where is_gateway is false) it returns the information that has been propagated to
the neighbour closest to the gateway, using the empty map map_type() if no such
information is available. It is easy to see that, in this way, the information spreads as
fast as possible from the gateway to its neighbour wearables, and then the neighbours
of such neighbours, and so on until eventually reaching every wearable device.

In order to effectively handle the users’ feedbacks, an AP function is first invoked
to handle information persistence. As the program is repeatedly executed in every
device, at each round of execution the local variables declared in the AP program
are reset to their default value. In order to propagate information from one round to
the next, it is necessary to exploit the old construct, which recalls the value of its
argument at the previous round of the same device. Therefore, if a device receives a
feedback B from the user at a certain round, and wants to persist it for some future
rounds, it must somewhat wrap B into an old construct. For this specific task, an AP
function timed_decay is already available in the standard aggregate library, which
exploits an old construct to persist a given value for a given number of rounds:

map_type sm = map_type(); // empty Sensation Map
if (reporting) sm[area] = sensation; // insert report if available
sm = timed_decay(CALL, sm, map_type(), decay_time); // persist for decay_time

In this code snippet, a local variable sm is first initialised as an empty map, possibly
inserting an entry associating the users’ feedback B (in variable sensation) to the
device current area �8 9 if the user is currently reporting such an B (by Boolean
variable reporting). Then, the function assigns to sm the most recent non-empty
value assigned to it up to decay_time time ago (possibly in this same round, if
reporting is true). If sm is not assigned a non-empty value for more than decay_time,
it will reset to the empty map_type(), as if it had never been assigned before.

For the collection of the users’ feedbacks towards the gateway, let us assume
that a wearable does not directly communicate its sensation B but that, for a more
objective and stable result, it communicates the average of all recent sensations in
its same area. Firstly, the wearable device recalls the neighbouring field associating
each neighbour * ′ (including itself) to its sensation map B<′ computed as above.
This can be easily implemented through operator nbr as:
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field<map_type> nsm = nbr(CALL, sm); // Neighbours’ Sensation Maps

Then, if every device can processes this neighbouring field nsm to compute the
requested average, if a feedback is to be reported:

if (not sm.empty()) { // if non-empty map (recent feedback)
// function converting a map to a pair if on the same area
auto map_to_pair_if_same_area = [&](map_type m){
if (m.begin()->first == area) // if m is on the same area

return make_tuple(m.begin()->second, 1.0); // sensation pair
else return make_tuple(0.0, 0.0); // empty pair
};
// sum of the pairs (sensation,1) in same area
real_t [S,C] = sum_hood(CALL, map_hood(map_to_pair_if_same_area, nsm));
sm[area] = S/C; // update sm with average sensation
}

This code snippet applies the map_hood operator to nsm, transforming each element
B<′ of the neighbouring field through function map_to_pair_if_same_area into a pair
(B, 1) if B<′ = �8 9 ↦→ B (i.e., the neighbour has a sensation B for the same area �8 9 as
the current device), and (0, 0) otherwise. Every element of the resulting neighbouring
field of pairs is then summed up element-wise through sum_hood, obtaining totals
((, �) where ( is the sum of neighbours’ sensations in the same area, and � is the
count of neighbours in that area. The average sensation can then be computed simply
as (/�, and used to update sm accordingly.

The wearable device can now participate in the AP process of collecting the
average sensation in each area towards the gateway. Using the distance dist from
the gateway computed before, it is possible to perform this data collection through
another AP function in the standard aggregate library:

sm = mp_collection(CALL, dist, sm, map_type(), map_union, map_identity);

where map_union is a binary function merging map entries from two maps into
a single resulting map, and map_identity is the identity function on maps. The
mp_collection function then performs a multi-path collection, that is, propagate
values of sm descending distances dist, so that the resulting value of each device is
the union (through map_union) of the values sent by neighbours with larger distances,
and those values sent by neighbours are in turn identical to the neighbours’ resulting
values (by being obtained through the application of map_identity).

5 Simulation

We have implemented the solution described in the previous section within the
graphical simulator packagedwith FCPP [6], and the source code is publicly available
online.6 The map, for simplicity, is that of a single room: the MLAB2 laboratory of

6 https://github.com/fcpp-experiments/room-users-control
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size 19.533< × 11.474<. As explained above, the map is discretized into 6× 3 areas
of size 3< × 3<, represented as a brown grid on the floor (leaving some external
margins which we assume not to be used by people). The simulation is displayed in
3D through OpenGL, hence can be viewed from any angle by rotating the camera
and navigating the scene: a screenshot of the simulation is shown in Figure 7.

Fig. 7 Lateral view of the simulation, featuring a central gateway (tetrahedron), walking people
(spheres), sitting people (cubes), people interacting with the application (stars).

The simulation starts with 82 people distributed at random positions across the
room (square-, sphere- and star-headed with a pin-like body) with one gateway (yel-
low tetrahedron) at the center. The colors of people vary from intense red (suffering
from heat) to silver (fully comfortable) to intense cyan (suffering from cold). The
comfort of a person is simulated by taking into account both the vertical position and
a subjective preference: we assume that a large window at the bottom side makes that
area colder, and fan coils at the top side makes that area hotter. Therefore, there’s
overall more blue than red towards the bottom side (and vice-versa at the top), but
people at the same distance from the window may exhibit different levels of comfort
depending on their preference.

The simulation assumes that the wearables use BTLE for energy-efficient point-
to-point communication, with a maximum communication radius of 4<, 50% of the
messages being dropped after 3.2<, and intermediate success rates for intermediate
distances.7 These settings simulate a real-world success rate of message exchanges
for the DWM 1001C Module, assuming it is set up with a low power to save battery

7 The exact formula for the probability of communication failure ?A depending on the relative
distance A has been experimentally interpolated by the formula ?A = [ ( 679209329701 )

A50−A
A99−A50 · 7 + 1]− 13 ,

where A99 = 4< and A50 = 3.2<.
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Fig. 8 Neighbouring relations among devices (top view).

life and limit the amount of message collisions. Figure 8 depicts the neighbouring
relation simulated by FCPP according to these assumptions, visible as solid black
lines which are drawn between neighbour devices (i.e., that were able to exchange
messages recently). It is easy to see that starting from the most external devices,
several hops may be needed to reach the central gateway. In the simulator, we
assumed that every device is aware of the area where it belongs, by computing it
from the geometrical coordinates (which are available in the simulator).

Once the simulation has started, people independently perform actions associated
with the states of a simple probabilistic automaton, visually represented through
head shape and height. The four possible states are:

• sitting: the person is studying/working (square head, low height);
• walking: the person moves at walking speed across randomwaypoints in the room

(spherical head, higher height);
• reporting: the person reports her comfort sensation to the wearable (star head,

low height), possibly receiving a suggested target location to move to, based on
her preferences;

• following: the person goes towards the location suggested by her wearable (star
head, higher height), sitting down when it reaches it.

At each round, the simulated person can change state according to the transition
probability table of the automaton. For example, a person sitting at some place
may change her status to walking or reporting, besides of course persisting in the
sitting status. Through the execution of the simulation, as more persons follow
the application advice, the average comfort level increases. Meanwhile, the overall
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sensation map is collected towards the gateway, reflecting the current situation and
adapting to changes. Figure 9 visualizes the value of the sensationmap in the gateway,
at the same time during which the screenshot in Figure 8 was taken. Two of the 18
possible entries are currently missing, and the values in some of the squares deviate
quite significantly from the actual satisfaction values: for example, the top-right
corner is reported as more comfortable than what it actually is. This reflects the
fact that simulated people only seldom interact with the application, reporting their
comfort level. Still, the overall map is reasonably close to the average situation of
the simulated people.
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Fig. 9 Value of the sensation map in the gateway at time 35.76.

6 Conclusions

The specific definition of comfort conditions in an indoor environment and the pos-
sibility to maximize the users satisfaction are not only related to standard values
of the parameters traditionally adopted for qualifying IEQ (Indoor Environmental
Quality) and easily measurable by sensors. When an adaptive environment is con-
cerned, such as in a structured cognitive building where users preferences are central
for the space management and optimization it is paramount to focus on localized
comfort. As it is not always possible or preferable to completely automate the build-
ing systems [54, 58, 16, 30] and a part of user interaction allows a higher level of
adaptation, satisfaction and thus an enhanced user experience and productivity we
proposed and tested a methodology supported by technical specifications to take
into account the localized comfort and support the users in their daily life in the
indoor environment with the aim of maximizing the comfort and user experience,
optimizing the energy efficiency and promoting energy savings. The proposed solu-
tion is based on the Aggregate Programming paradigm, that enables fully distributed
services implemented directly with the device nodes at the bottom layer of the IoT



22 Giorgio Audrito et al.

architecture. To the best of our knowledge, distributed approaches proposed in the
literature (e.g. [3, 24, 4, 22]) don’t exhibit the flexibility of computation and the
dynamic, open topology supported by Aggregate Programming and its associated
foundational language, the Field Calculus.

While simplified in many respects (see below), the prototype service we have
implemented for collecting both sensor readings and users feedbacks is relevant
because it is completely based on a full-fledged, highly efficient implementation of
Field Calculus, the FCPP library, which we have already ported to a real, highly
resource-constrained IoT board as described in the paper.

For the experiments presented here, we have executed the service on a simulator.
One of the directions to continue our research would be to deploy and execute the
service in the physical scenario offered by the eLux lab. Such a deployment would
also open theway to integrate the servicewith the upper layers of the IoT architecture,
most notably the Cognitive Layer. In the experiments, we have simulated such layers
through mockups, providing and consuming information to/from the AP service.

Another important direction opened by the deployment on the eLux lab would be
the possibility of on field experimentations distributing the technology to the users.
It is well known that a key driver of the success of this approach relies in the users
engagement in communicating their preferences and needs nonetheless in the use
case we have students of the university of engineering that are aware of the potential
of technologies and to use and visit a sensorized cognitive building thus it is possible
to promote the participation through the distribution of the devices for localization
and introducing the approach of the presented simulation as a gamification of their
daily activities in the smart campus. The advantages of this approach aremultiple and
tangible, as we can improve their comfort and the students of the campus specifically
know the harsh IEQ condition in this building. The user experience in this case
could be at the basis for the improvement and the users’ involvement, increasing the
sustainability and inclusiveness of the solutions through an advanced BIM based
digital approach.
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