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ABSTRACT

IoT systems rely on collected data to operate autonomously and
generate insights. Such systems commonly produce redundant mea-
surements, which can be insufficient to mitigate complex data dis-
agreements. We believe a well-defined process to achieve inter-
nal ground truth through fusion is needed. Leveraging two case
studies, we show how sensor data fusion with variants of history-
aware voting can help to reconcile observations. We contribute
a specification scheme with unified format to define the parame-
ters and characteristics of a particular voting scenario, supporting
reliable decision-making. Finally, we deploy and evaluate a novel
method of bootstrapping historical records of sensor modules using
a clustering algorithm. This method boosts the convergence of the
measurements by 4X.

CCS CONCEPTS

« Information systems — Data cleaning; - Software and its
engineering — Software reliability; Distributed systems organizing
principles.
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1 INTRODUCTION

Emerging digitalised systems in smart cities, industrial production
and other cyber-physical domains involve large amounts of data
aggregated from a multitude of sources. Sensor-based measure-
ments are common especially in the Internet of Things (IoT) for
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triggering data-driven decisions. Quality issues in such measure-
ments [31] have profound adverse effects on systems leverage, and
by extension, on humans and society, as shown in irresponsible Al
community discussions [21]. Consequently, steps to improve input
data quality are necessary to achieve better decisions and overall
more reliable applications. Data fusion is a technique of merging
different inputs [23] in an application-independent middleware to
obtain a holistic view of physical objects. Voting is an approach
to fuse sensor data for the purposes of reliability and error mit-
igation [15, 18] in safety-critical environments. For instance, in
avionics, three redundant physical sensors are mandated for each
logical sensor [15]. In smart shopping scenarios with networked
shelf labels, the degree of redundancy rises significantly to dozens
of proximity sensors. Thus, in the absence of external ground truth
(i.e., a fully trusted and accurate data source, often too expensive
in practice), voting is a pragmatic substitute as it leads to internal
ground truth upon which critical decision-making can be based.

In this work, we study and observe state-of-the-art voting ap-
proaches for sensor data fusion, applying them to two IoT scenarios
relying of redundant sensor measurements: light sensors in a smart
building setting, and Bluetooth Low Energy (BLE) beacons to track
vehicle position in a (simulated) tunnel. We focus on voting algo-
rithms used to reach data-centric consensus on numerical values,
as these are relevant when merging sensor readings and leverage
historical records to factor in the reliability of individual sensors.
In §7 we conduct two experiments on such IoT setups for real-time
validation and pre-recorded data for the purpose of reproducibility.
We exploit our findings to contribute a generic specification format
that can be used to define voting schemes for several applications,
particularly optimized for IoT and cyber-physical applications. We
argue that such a format aids the development of distributed analyt-
ics applications by making them more needs-focused and reliable,
while shielding software engineers from the voting implementa-
tion. Moreover, the increased robustness of the data, induced by
the multi-perspective voting, facilitates the input data quality in
data-centric artificial intelligence, a recent research direction aimed
at overcoming misprediction due to lack of input data assurance [28].
Leveraging the outcomes of the practical experiments, we present
a novel clustering-based approach to augment the performance of
the state-of-the-art history-based voting algorithms.

Our contributions are twofold: (1) AVOC (Accurate Voting with
Clustering), a novel bootstrapping method for initializing history-
based voting systems, which we fully implement and evaluate with
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Figure 1: Light sensor use-case: the sensors are wired via
ethernet to a hub, streaming data via WiFi to the voting
sink-node.

two practical IoT scenarios; (2) VDX, a new voting definition speci-
fication that precisely defines application requirements and allows
users to select appropriate parameters for software voters.

The rest of the paper is structured as follows. §2 surveys state-
of-the-art voting algorithms, data fusion and data quality issues
relevant to IoT. In §3 we detail our use-case scenarios and how we
built our hardware prototypes. §4 investigates voting algorithms
used to reconcile redundant data values. §5 presents AVOC, our
approach. We describe the proposed format VDX for defining the
voting process in §6. §7 presents our experimental evaluation us-
ing both a reference scenario dataset and our experimental setup.
We conclude in §8 by discussing our findings and prospect future
research directions in redundancy-based data quality in IoT.

2 RELATED WORK

Data-driven decisions [13] are key elements of cyber-physical sys-
tems and digitalised applications of all scales and domains (e.g.,
smart cities, mobility, industrial production, home automation, etc.).
In many such systems, incoming data are subject to real-time anal-
ysis and subsequent decision-making. However, while systems re-
search has allowed dealing with the volume, velocity and variety
of multi-source data involved in the processing chain [27], data
quality, value and veracity issues still emerge. In this work, we focus
on the accuracy (i.e., quality) for sensor measurements [25]. Data
fusion across multiple homogeneous or heterogeneous sensors has
been utilised to tackle the challenge, fixing problematic data and
improving analytics reliability with a variety of techniques, such
as data association, state estimation, decision fusion, classification,
prediction, machine learning and analytics [19]. Initial efforts ex-
ist to create standards and frameworks for data management and
interoperability, for instance in the smart city space [14, 16]. How-
ever, they currently lack a common framework and standardized
format. Our work proposes a new interoperable format to define
voting-related data fusion alone.

Voting algorithms increase the reliability of measurements [18]
in safety-critical domains, e.g., aviation [15] or self-driving cars [9].
We focus on reconciling numeric data using software voters, with
either result selection or amalgamation techniques [18]. Specifically,
we consider history-based voting algorithms [17] that weigh values
based on the historical performance record of the candidate sensor.
History-Based Weighted Average [17] weights the historical data to
compute an output value. To improve the granularity of historical
records, [11] uses a soft dynamic threshold. In [7], authors apply an
hybrid approach using module elimination and dynamic threshold.
We further detail these approaches in §4.
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Figure 2: Portable ’shoe-box’ testbed for our light sensor
setup (Fig.1). A Raspberry Pi 4 runs the fusion script. An
LCD display shows the voting results and weight values.

Some voting-based data fusion frameworks with description
languages to define algorithmic details exist [8], but they ignore
history-based measurements. We also observe that modern vot-
ing algorithms are too complex to be represented in such terms.
Where [8] defines voting as three-step process (reaching quorum,
excluding outliers and calculating results), modern algorithms often
include further steps like weighing and updating historical records,
or optimising reliability metrics [20]. We argue that a customisable
voting framework serves as encapsulation for sensor-fusion appli-
cations if built atop state-of-the-art approaches, as shown next.

3 MULTI-SENSOR APPLICATION SCENARIOS

We devise two use-case scenarios to validate our approach. Both
scenarios represent sensor-reliant deployments where redundancy
proves valuable. Specifically, we draw on the smart building and self-
driving vehicle domains, both showcasing cyber-physical systems
relying on sensor measurements to control other critical systems.

Fig. 1 depicts our first use-case, a sunlight detection system in a
hypothetical smart building. The hub is connected to a sink node to
record 10’000 rounds of concurrent measurements from 5 sensors,
polling at 8 samples/s, to create a reference dataset representing
1250 seconds of data collection. Each round produces 5 float values
per sensor. The reference dataset consists of the raw readings from
all sensors and is used to compare all voting algorithms on the
same set of values. We built a portable demonstrator that executes
them and our proposed voting algorithm, AVOC (detailed in §5),
leveraging a Raspberry Pi 4B unit (see Fig. 2). It uses a Phidget
Wifi hub [6] (VINT) connected to a set of 5 LUX1000 Light Phid-
get sensors [5]. Input, weights and results are shown on an LCD
screen [3] connected to the hub. The portable version let us confirm
the feasibility to execute on constrained hardware, combining both
redundant measurements and voting.

In the second use-case, we mimic a typical smart-city/self-driving
vehicle application that relies on indoor-positioning to track the
position of a moving unit (e.g., a robot). We simulate the operations
to track a cargo vehicle traversing a tunnel, as shown in Fig. 3.
Such vehicles use Bluetooth (BLE [1]) beacons as milestones to
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Figure 3: BLE beacon use-case. 2 stacks of beacons 15 me-
ters apart with a robot driving between them, taking signal
strength measurements along the way.

Figure 4: Robot driving to the circled beacon stack destina-
tion. The laptop acts as bluetooth receiver and edge voter.

locate the position of the truck, as done in emerging country-wide
systems (i.e., CST — Cargo Sous Terrain [2, 22]). We deploy two
stacks of nine redundant beacons and a cargo vehicle using a Lego
Mindstorms EV3 [4] robot. As the Bluetooth receiver on the robot
was incompatible with the beacons due to lack of BLE support,
we installed a laptop on top of it acting as pragmatic substitute
receiver with edge processing capabilities, and without affecting
the generality of the findings other than affecting the speed of the
robot (which has no effect on what we are measuring). Fig. 4 shows
the prototype.

The robot drives slowly in a straight line with no line-of-sight
obstacles from one beacon stack to the other, across a distance of
15 meters. The speed of the robot was set to 7% of its specified
top speed (0.09 m/s). We collected as many data points as possible
along the route, resulting in 297 measurements per beacon, noting
that autonomous cargo systems like CST proceed at around 8.3 m/s,
thus having 99% less measurement samples available for voting.

4 HISTORY-AWARE VOTING ALGORITHMS

To combine values from uncalibrated redundant sensors, the
history-based averaging algorithm (i.e., henceforth referred to as
Standard algorithm [17]) either chooses a sensor output value or
creates an amalgamation of these values. This approach can be be
optimized by temporarily ignoring values produced by modules
with below average historical records. This variant, i.e., Module
Elimination Weighted Average (ME), assigns zero-weights to the
discarded values in the voting until their historical records improve
by submitting better values, even if discarded in the voting itself.

The Soft Dynamic Threshold History-Based Weighted Average
(SpT) introduces a finer grain definition of agreement, beyond the
binary-only definition [11]. Values between 1 and 0 can be assigned
if values are not in agreement based on the accepted error threshold,
but are in agreement based on a multiple of it. The magnitude of
the multiple is defined by a parameter of the algorithm that can be
tuned according to the needs of the specific use case.
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We further consider Hybrid History-Based Weighted Average
(henceforth HYBRID [7]). It combines ME and SpT, while utilising
agreement-based and not history-based weights. The HyBRID algo-
rithm allows to choose a winning value rather than assigning the
resulting average, using the mean nearest neighbour approach. We
discuss our findings on the output quality of all algorithms in §7.

5 AVOC: ACCURATE VOTING WITH
CLUSTERING

History-based algorithms typically fall back to standard average
(or a similar unweighted approach) on the first round until a his-
torical record is established or when the weights become 0 due to
severe issues with the data. Weights can drop to 0 after a series of
disagreements, which results in notorious disagreers being rated as
untrustworthy by the system applying the algorithm. Our approach,
named AVOC, builds atop the HyBrID algorithm by applying a sim-
plified clustering algorithm during the first round when the weights
are all 0. The clustering step eliminates obvious outliers, improving
the accuracy of that round compared to mean average, with little
performance overhead and faster convergence speed.

Algorithmic approach. For the clustering step, we leverage
a similar logic to the agreement calculation in voting algorithms:
we check for values within a given scaling threshold of each other
(which is selected to mirror the parameters of the given algorithm),
and group the values in agreement. Then, we select as output value
the average (or its closest real value) of the largest group (if we are
using the mean nearest-neighbour approach to output selection).
This grouping logic is similar to DBSCAN [12]; AVOC opts for self-
calibration, rather than requiring costly parameters tuning. This is
achieved through a majority vote with a soft-dynamic error margin
(as the margin depends on a reference value). The clustering step
is used for bootstrapping a new set of modules, or as a fallback
in cases of issues. To reach this goal, we use the historical record
value for each module, and declare that the clustering approach
should be used when all records are 1 (indicating a new set) or 0
(indicating a failure of the system or an extreme data spike).

Generalisation. Generalising this approach for multi-
dimensional data, an unsupervised clustering algorithm can
be used such as Meanshift [10] or X-Means [24]. The logic of
choosing an output value would be similar. However, in such
scenarios, choosing a single output vector for multiple dimensions
is non-trivial as the complexity of data and correlation of errors
considerably increases. To mitigate, the voting approach can be
applied for each dimension separately, leaving other data fusion
techniques to process the multi-dimensional results. In AVOC,
we follow the approach of voting on each dimension separately,
without incorporating the clustering itself.

6 VDX: VOTING DEFINITION SPECIFICATION

To enable reliable implementations and improve the usability of
software voters, we contribute a new voting specification scheme
and parsing logic. The scheme can define any of the algorithms
described above, as well as simpler ones without history.
Software-defined voting schemes exist, e.g., Voting Definition
Language (VDL) [8]. Those predate more complex history-based
voting approaches, and extending VDL for finer-grain algorithmic
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Listing 1: Vote definition sample in VDX JSON format.

14

2 "algorithm_name": "AVOC",
3 "quorum": "UNTIL",

4 "quorum_percentage ": 100,
5 "exclusion": "NONE",

6 "exclusion_threshold": 0,
7 "history ": "HYBRID",

8 "params ":{

9 "error": 0.05,

10 "soft_threshold": 2
ooy,

12 "collation": "MEAN_NEAREST_NEIGHBOR",
13 "bootstrapping ": true,

14 }

definitions is challenging. However, our specification VDX supports
the relevant parameters of VDL, enabling our definition to describe
a superset of VDL-scoped algorithms. The full schema, as well
as a sample implementation and usage examples can be found at:
https://github.com/EcePanos/vdx. The repository also includes an
interactive application that allows users to compare the algorithms
presented with the state of the art (Fig. 5).

Capabilities. Listing 1 shows our AVOC algorithm using this
scheme as example. VDX allows the specification of several param-
eters, including quorum (i.e., how many candidates need to submit
values for a vote to be triggered), exclusions (to automatically prune
outliers) collation techniques similar to VDL, e.g., "mean nearest
neighbour” (Listing 1, line 12). It extends VDL by allowing the selec-
tion of a history algorithm (Listing 1, line 7), additional parameters
(Listing 1, lines 8-11), and whether to enable clustering algorithm
as a bootstrap/fallback mechanism (Listing 1, line 13). Another ex-
tension VDX adds over VDL is the ability to vote on categorical
i.e., non-numeric values, such as character strings and JSON blobs.
In such cases however, several features are disabled. Value-based
exclusion cannot be applied, as there can be no mean or standard
deviation calculation. The ’standard’ and ’'module-elimination’ al-
gorithms for deriving module history are available, however the
*hybrid’ algorithm is not, as the fine-grained agreement definition
cannot be applied to non-numeric values. Finally, clustering-based
bootstrapping cannot be applied to categorical values and the only
collation method is the weighted majority vote. Software voting im-
plementers may re-introduce some of these features by supplying
a custom distance metric for categorical values.

Limitations and assumptions. VDX currently cannot de-
fine algorithms that use parameters for the candidate values, e.g.,
MLV [20], or genetic voting algorithms [26], but assists already
by introducing voting into further IoT software for reliable input
data and analytics. It should also be noted that VDX itself has no
security features that protect against malicious actors, so this is left
up to the client code to implement as needed.

7 EVALUATION

This section presents the experimental evaluation of AVOC. With
VDX, we fully implemented the two use-case scenarios from §3, and
compare the error-correction performance of the various voting
schemes. Our evaluation answers the following questions: (Q1) Can
AVOC improve the output quality of our use-case scenarios? (Q2)
Can it mitigate injected errors and reach the same output? (Q3)
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Voting Algorithm Demonstration

This is a demonstralor application buill o document the reproducibilitg
al our work and allow lesting of our voling approach with arbitrary dala iles.
Instructions:

Load a csv file to use one of the available vating algarithms

to merge the columns, Each column needs to comespond to one of

N redundant measurements. Therefore each row will be merged into one output value,
Far a value to be valid it needs to be able to be cast o FLOAT,

Files are treated as if they have no heading row,

Available Algorithms:

= Simple Average

« Hislory Based Weighted Average (Standard) [1]

« Module Elimination Weighted Average (ME) [1]

= Solt-Dynamic Threshold History Basad Weighted Average (S0T) [2]
= Hyhbrid History Based Weighted Average (Hybrid) [3]

« Cluster Majority Mean {CMM)

« Hyhrid + CMM [AVOC)

Algorithm and file selection:

Simple Average ~ | Chonee File | No file chosen
Submit | | Reset

Figure 5: Algorithm comparison application.

Which algorithm fits which scenario better, and (Q4) How can we
leverage VDX to customise the voting behavior for each scenario?

Implementation details. We implemented AVOC and the ap-
proaches from §4 in Python 3.9, for a total of 490 LOC. We note
that though the evaluation was done with pre-recorded data for
reproducibility purposes, the system can execute a history-aware
voting round in 1 millisecond and a stateless vote in 50 microsec-
onds (datastore reads and writes being the bottleneck). Thus, the
system can operate under soft real-time constraints, as in the case
of our ’shoe-box’ demonstrator in Fig.2 as well as many critical
cyber-physical applications in practice.

UC-1: Light sensors. We used the 10’000 value dataset recorded
using our light sensor setup (§3) to gather the raw data and reference
values for the baseline algorithms (Fig.6-a). Then, we injected an
artificial outlier sensor, by adding +6 lumen to one of the sensors.
We compare the performance of the different algorithms according
to the following metrics: (a) voting rounds required to converge
back to the baseline, and by extension how quickly outliers are
eliminated; and (b) how far the new stable value is from the original.

We make a first comparison using the raw reference data. In this
scenario (Fig. 6-b), all 6 variants performed equally well, with out-
puts matching almost completely. The error injection case (shown
in Fig. 6-c) exhibits some interesting facts. First, the Standard al-
gorithm exhibits high initial skew, which is then slowly mitigated
as the faulty sensor (E4) is de-emphasised. However, even after
10000 voting rounds of voting (20 minutes in our experiments), the
skew is not eliminated completely. This is where the module elimi-
nation feature of ME is beneficial, as the faulty sensor is quickly
eliminated in round 2, as performing below average compared to
the rest. However, as seen in Fig. 6-c, the gap created by skewing
E4 indicates how E3 is also now tagged as outlier, and its result is
skewed upwards by 0.2lm.

The HYBRID algorithm also uses a granular definition of agree-
ment score, but combines it with the aggressive elimination of
modules from ME. For our experiment, this is the best of both worlds
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Figure 6: Comparison between our voting approach AVOC and the state-of-the-art approaches. (a) reference data, captured
by our light sensor setup for 20min. (b) voting output using AVOC on the reference data. (c) Reference data with injected
errors (1 faulty sensor). (d) Output of HyBRID, Clustering and AVOC under these errors. (e) Output difference between voting
on the raw values and voting on the error-injected values. (f) Zoom on the first 10 rounds.

result (also shown by the differentials in Fig. 6-¢) where, minus few
spikes, the value is identical to the pre-error output.

For completeness, we show clustering-based voting on its own
without combining it with HYBRID (which remains ideal for this
scenario). This can be seen in Fig.6-e. We observe similar behavior
to ME, with E4 being excluded from the output immediately. Differ-
ently from ME, E4 was also excluded from the first round. In con-
trast, E3 was not always excluded, due to the lack of history-based
elimination, indicating higher variations in the output. Regarding
clustering-only voting (COV), it significantly outperforms other
stateless approach, i.e., weighted average without history. This re-
sult indicates that the COV approach fits well scenarios where
maintaining historical result records is impractical: short-lived sen-
sor measurements, one-time comparisons of datasets, etc.

One consistent observation in the error injection experiment
is that history-based algorithms experience a spike on startup, as
the artificially modified value is skewing the output but is not
yet mitigated by the history. This is the phase where in principle
the clustering step detailed above has higher chances to affect the
results. Indeed, although the clustering algorithm alone is not as
accurate as ME or HYBRID, it overcomes the initial data spikes. Thus,
a system capable of fallback to it when history is not available or
suspected unreliable, can benefit from its inclusion.

Next, we run AVOC, which concretely combines the clustering
step with HyBRrID. We observe how the initial spike is quickly
pruned (Fig. 6-f) within the initial rounds. The bootstrap boost can
also be noticed: due to the better history adjustment in round 1, the
voter already learns to exclude E3 from round 2, returning to its
pre-error output almost instantly, despite the clustering is only used
once. As AVOC converges within 200ms, the experiment confirms
its utility for fast accurate voting and provides a positive response
to our questions (Q1) and (Q2), as we improve the reliability of the
output even in the presence of the injected errors.

UC-2: BLE beacons. We leverage this second use-case with BLE
beacons and a Lego Mindstorms EV3 robot to study a scenario with
more anomalies and faults. We set up two stacks of 9 beacons each

15 meters apart in an indoor corridor with no obstacles. The robot
drives at 7% of its full speed in a straight line, from one stack to the
other. The robot takes continuous RSSI (Received Signal Strength
Indicator) measurements for each beacon along the way. This ex-
periment examines if the high redundancy and voting actually are
beneficial. The scenario simulates the operations to locate a ve-
hicle traversing a tunnel using beacon stacks as milestones along
the way, determining the closest stack to the vehicle. The state of
the art in leveraging RSSI for positioning relies on filtering [30]
or collaborative positioning [29] to improve stability and output
quality. However, since the scope of our experiment is to evaluate
the effects of voting on sensor measurements, we kept the raw RSSI
values from the sensors, to keep the values as close to the origi-
nal measurement as possible for the voting, before applying other
techniques to improve positioning performance. The resulting data,
which we plan to publicly release, lacks several values as well as
mismatched readings in each stack, providing a more challenging
fusion scenario. Such missing values allowed us to identify several
fault scenarios, which we describe next.

Fault scenario: missing values. Due to some beacons not being
reachable from the BLE receiver (i.e., the laptop in our experiment).
Missing values can reduce the reliability of the output measurement,
since fewer candidate values are being considered, and potentially
prevent from reaching a consensus value if most or all values are
missing. A small amount of missing values, ie., less than the ma-
jority, does not prevent the system from converging to a common
result, though it reduces the redundancy as well as the number of
candidates considered, and as consequence the trustworthiness of
the outcome. If the majority or all values are missing, the result
would no longer be trustworthy, and the system should either re-
vert to the last accepted result, or raise an error. Obviously, these
failure scenarios should be accounted for when the voting behavior
is defined. Due to the complexity possible and the variability by
scenario, these behaviors are currently not modelled by VDX itself,
and are instead left up to the client code to define. In our test-bed
implementation, the error handling procedure was programmed
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(c) 9 beacon AVOC voting per stack
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Figure 7: Results of the BLE beacon experiment. (a) shows the RSSI output when only one beacon from each stack is used. (b)
shows the average RSSI value of all 9 beacons in the stack for each round. (c) shows the AVOC voting output for all 9 beacons
in the stack. Averaging provides visibly less ambiguity in determining which stack is closest to the robot, when compared

with the mean nearest neighbour selection used for HyBRID.

into the implementation of each algorithm. It is possible to make
this behavior customisable, including the custom error-handling in
the voting parameters of the schema definition.

Fault scenario: conflicting results. In case of conflicts, a majority
agreement on outputs using automated voting is less likely to be
reached. It is possible that a relative majority agrees on an output,
but they are an overall minority, and no absolute majority exists.
Especially in systems with small number of votes, ties might occur
more easily and tie-breaking mechanisms kick in, such as proximity
to the previous output. These fault scenarios clearly show that set-
ting the constraints of a voting system is non-trivial, and that
voting algorithm implementations in a generic data fusion
platform should be parametric. In addition, there should be a
voting specification declared for the target application, to take the
desired error-handling behavior into account. Accounting for such
fault scenarios allows to implement more robust versions of the
algorithms. It is also possible to extend VDX in a future revision to
support high-level descriptions of the desired fault handling policy.
Examples of such policies include rejecting a round of measure-
ments if there is no majority quorum or majority agreement.

We then tested our voting algorithms on the BLE experiment
data. We used the same recorded values for each algorithm. We
run voting between the 9 sensors of each stack to create 2 output
values per round (i.e., 1 per stack). We observed that the method for
computing the history of each sensor has no effect. The output of
all history-based algorithms overlaps completely. (They are not all
plotted due to space constraints.) This is because the chaotic nature
of the measurements meant the history values were all very low,
as there were few agreements between the sensors. We observe
however that the value collation method has impact, e.g., averaging
the weighted values, a mean-nearest-neighbour selection, etc. This
created 2 algorithm groups, those averaging and those choosing the
mean-nearest neighbour value, with every algorithm in each group
performing identically to each other. In order to determine the best
results, we study the number of rounds while it is ambiguous which
stack of sensors is closest to the robot at any given time. Figure 7
presents these results.

Fig. 7-a is the reference: if each stack only had one sensor, it is
not possible to identify the closest stack to the robot for most of
the duration of the experiment. Simply averaging the values of the
9 sensors (Fig. 7-b) produces a less ambiguous result. We present

the results using AVOC in Fig. 7-c. In spite of the method used to
create a historical record for each sensor, what had the most impact
on the output was whether or not the last step was to average the
values or to select a value (with averaging being the better option in
our experiment). In scenarios with high degree of noisy data, such
as the BLE one, relying on historical record has no practical value.
This confirms our initial assumption that there is no optimal
voting method for all applications, despite common elements
shared by our scenarios (e.g., having to reconcile numerical values
from a group of sensors). Thus we conclude that the answer to (Q3)
depends of the specifics of the use case, and that the customisation
offered by our specification allows us to address (Q4).

8 CONCLUSION AND FUTURE WORK

We have conducted an experimental study of history-aware voting
in IoT and smart city/smart building applications. We demonstrated
the performance of different algorithms on two different scenar-
ios with different needs in terms of sensor fusion and presented
out findings in terms of selecting an optimal algorithm for each
scenario. Our findings show that inherently reliable systems can
benefit more from history-aware voting as it can more easily root
out more nuanced quality issues. On the other end of the spec-
trum, inherently unstable setups benefit more from smoothing and
averaging techniques due to the unpredictability of the values ren-
dering historical records ineffective. We also presented AVOC, our
clustering-based voting approach, and demonstrated its effective-
ness in bootstrapping a new group of sensors in a voting system.
We showed how it can improve the accuracy of the voting result
in the early rounds by eliminating outliers in-place, rather than
discovering them based on past performance. We then proposed
voting definition format VDX that can be used to describe a vot-
ing procedure to a compatible voter service running on an edge
node. We plan to explore deeper and more realistic scenarios and
the applicability of our voting methodology to providing improved
data quality, as well as further develop the voting specification
in order to field test a voter service prototype with a variety of
compute-power-restricted setups.
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