Enhancing XR Theatre with Remote Scent Delivery
Using Audio Speech Recognition and Convolutional
Neural Network-Based Scene Detection

Anderson Augusto Simiscuka
Dublin City University
Dublin, Ireland
andersonaugusto.simiscuka@dcu.ie

Gianluca Fadda
University of Cagliari
Cagliari, Italy
gianluca.fadda@unica.it

Maurizio Murroni
University of Cagliari
Cagliari, Italy
maurizio.murroni @unica.it

Marco Carli
Universita degli Studi Roma TRE
Rome, Italy
marco.carli @uniroma3.it

Abstract—This paper presents a multi-sensory solution de-
signed to enhance the immersive experience of remote audiences
for theatrical plays. Using the Macbettu play as a case study, the
approach synchronises olfactory and visual stimuli for remote
viewers. The solution considers two approaches for generating
scents: audio detection that identify the scenes within the play
that require specific scents, based on automatic speech recogni-
tion (ASR), and convolutional neural networks (CNN) for scene
recognition triggering the scent dispensers. When the key scenes
are detected during the live play, via network communications,
olfaction dispensers release the corresponding scent for remote
users viewing the play on VR headsets. Real-time communication
is managed through an MQTT-based approach. The paper
also compares user feedback for CNN-based recognition versus
the audio-based approach, focussing on scent delay and user
perceived Quality of Experience (QoE) of the generated remote
scents in multiple distances from a scent source. This work
illustrates how scent-enhanced XR technologies can be integrated
into virtual theatre experiences to engage remote audiences.

Index Terms—Extended Reality, Olfaction, CNNs, Audio
Speech Recognition, Multi-Sensory Experiences, Theatre Tech-
nology

I. INTRODUCTION

Theatre is a powerful medium for storytelling, yet it re-
mains a primarily in-person visual and auditory experience.
This limitation can hinder the ability to fully immerse re-
mote audiences. Advances in Extended Reality (XR) and
communications technologies provide new opportunities to
replicate theatrical experiences for remote audiences, even in
live performance settings [1l], [2]. Recent innovations in multi-
sensory systems, particularly olfactory interfaces, enable the
integration of scents into virtual environments, creating more
immersive and engaging experiences [3], [4]].

This work focuses on the play Macbettu, a Sardinian
theatrical adaptation of Shakespeare’s Macbeth, to explore
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multi-sensory audience engagement. The play is produced by
Sardegna Teatro in Cagliari, Italy. During one dramatic scene,
ashes and smoke are present (see Fig.[I)). In another scene, red
wine is thrown onstage (see Fig. [2). These scenes with real
scent sources create a more immersive theatrical experience.
The play is being adapted as a hybrid live theatre performance
with remote audiences experiencing it through XR headsets,
viewing reconstructed holographic point clouds in real-time.

By combining scene detection, network communication,
and scent dispensers, it is possible to deliver synchronised
olfactory stimuli to those remote audiences experiencing the
play remotely through the headsets. To identify scenes where
wine and ash scents are present in the in-person performance,
this paper introduces an audio-based cue detection method
and compares it with a convolutional neural network (CNN)
approach for scene recognition. Both methods generate scene
labels and timestamps, which are uploaded to a cloud broker
and used to trigger the release of the corresponding scents via
olfactory dispensers for remote users, also considering their
distances to the scent source in the 3D space. This approach
is strongly related to the Internet of Musical Things paradigm,
which integrates sensors, wearables, and interactive multi-
sensory performance environments [S].

In this paper, we propose and test a solution that introduces:

o Automatic Speech Recognition (ASR) for real-time scene
detection.

o CNNs (i.e. MobileNetV3 and ResNet-18) for visual scene
recognition.

e MQTT-based communication for low-latency interaction
between the theatre stage and remote users.

o Comparative evaluation of audio-based and CNN-based
approaches, and the impact of user distance to scent



source.

The remainder of this paper is organised as follows. Section
II outlines related work. Section III provides an overview of
the play Macbettu. Section IV details the solution architecture
and methods for scene recognition based on visual and audio
cues. Section V presents the accuracy of scene detection and
the results of perceptual tests evaluating viewers’ Quality of
Experience (QoE) in relation to their distance from the scent
source. Finally, Section VI concludes the paper and discusses
directions for future research.

II. RELATED WORKS

Multi-sensory technologies have been increasingly applied
to enhance human-computer interaction. Olfactory displays,
integrated into virtual environments, have shown promise
in improving immersion. Yan et al. explored VR olfactory
interfaces, showing significant gains in user engagement and
realism [6]. Similarly, Hirata and Suzuki developed multi-
sensory systems for remote interaction, highlighting the im-
portance of synchronising sensory feedback in real time [7].

XR technologies are increasingly used in theatre to create
immersive and interactive experiences [1]. These range from
head-mounted VR performances to live productions blending
AR and multi-sensory effects [8]. Notable examples include
Sleep No More, The Under Presents, and XR-enhanced pro-
ductions by the Royal National Theatre and Royal Shakespeare
Company. Other initiatives include the Extended Reality The-
atre (XRT) by Staatstheater Niirnberg and the VR opera Out of
the Ordinary/As an nGndch, developed under the EU-funded
TRACTION project [9].

XR in live performances also enhances accessibility via fea-
tures like audio description and tactile feedback, and supports
multi-sensory elements such as scent or motion to improve
immersion [10], [[L1]]. Integrating scent into VR presents chal-
lenges, especially regarding bandwidth and synchronisation
with other sensory modalities [12]]. Technologies such as
WebXR support 360° streaming with motion tracking and
olfactory integration [13[], [14], [15]. In [16] the authors
employed music information retrieval methods to extract in
real-time audio cues to control a haptic device during a
multisensory performance.

Studies report that over 85% of mulsemedia VR applica-
tions improve engagement and satisfaction [[17], [[18], though
olfactory feedback remains underutilised. Network constraints
and compression can reduce QoE in remote VR setups [19],
[20], [21].

The use of CNNs in scene recognition has advanced sig-
nificantly. While some efforts demonstrated ResNet-18 offers
good accuracy for scene detection for scent generation, the
authors did not explore real-time or near real-time options [22]],
[23]. Szegedy et al. introduced GoogLeNet for efficient image
recognition, which paved the way for lightweight models like
MobileNetV3 [24]]. MobileNetV3’s efficiency and accuracy
make it well-suited for real-time or resource-constrained en-
vironments, such as live theatre.

Fig. 2. Character pouring wine in Macbettu

Lightweight communication protocols such as MQTT have
proven essential for real-time systems based on IoT [25].
The low overhead of MQTT ensures minimal latency, which
is critical for synchronising remote sensory feedback in XR
applications.

IIT. MACBETTU

Macbettu is a theatrical production by Sardinian direc-
tor Alessandro Serra. This unique reinterpretation of Shake-
speare’s Macbeth draws deeply from Sardinian cultural tradi-
tions. The production reimagines the mystical and ominous
world of Macbeth through the lens of local carnival rites,
folklore, and archetypes. Traditional Sardinian music and
sound design further enrich the sensory landscape, creating
a deeply immersive theatrical experience.

The integration of scent technology into the XR adaptation
of Macbettu demonstrates the potential of multi-sensory media
innovations. Two key scenes trigger scents for remote users,
a scene with the scent of ash (as seen in Fig. [l) and a scene
where a character pours wine, shown in Fig.
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Fig. 4. Olfaction dispenser

LOG (VoskAPI:ComputeDerivedVars() :ivector-extractor.cc:204) Done.
adDataFiles () :model 2) Loading HCL and G from vosk-model-small-it-8.22/graph/HCLr.fst vosk-model-small-it-.22
adDataFiles () :model. 3) Loading winfo vosk-model-small-it-0.22/graph/phones/word_boundary. int

643, Confidence: 66.87%
1.86, Confidence: 100.00%
Confidence: 100.00%
, Confidence: 46.98%

glio mio bevi

Recognized Text: base figlio mio bevi

Fig. 5. Real-time Automatic Speech Recognition with Vosk (vosk-model-
small-it-0.22)

IV. SOLUTION ARCHITECTURE

The proposed solution consists of the following compo-
nents: scent dispensers, audio detection, scene recognition and
a communications with an MQTT broker, as illustrated in
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Fig. 6. Real-time Automatic Speech Recognition with Vosk (vosk-model-it-
0.22)

A. Scent Dispensers

The scent dispensers located at the remote users’ locations
are shown in Fig. ] Provided by Inhalio, the dispenser feature
scent cartridge slots that hold custom-made cartridges with
scent beads tailored to the play’s needs, with fans behind the
slots generating scents by blowing wind into the beads. They
are equipped with Wi-Fi interfaces, enabling them to receive
requests via the olfaction API, which controls the fans, turning
them on and off and adjusting the intensity of the scent flow
based on HTTP requests.

B. Audio-Based Scene Detection

The Vosk Python library, as seen in Figs. [5] and [6] is
used for speech recognition in key scenes involving red wine
and ash scents. A microphone is placed near the stage and
connected to the PC, where the Vosk model processes the
captured audio. The application uses the Italian language
models vosk-model-it-0.22 (2.05GB) and vosk-model-small-
it-0.22 (91.3MB). The Vosk model processes the speech in
real-time, capturing specific words.

Once the relevant words are detected, the Python application
sends a message containing the wine label to the Adafruit



TABLE I
ToOP-3 PREDICTIONS WITH CONFIDENCE SCORES FOR MOBILENETV 3

AND

RESNET18

MobileNetV3 — Trained on Object

Scene | Top-1 Pred. | Top-2 Pred. | Top-3 Pred.
Ash Unknown Wine Ash
; (43.96%) (35.96%) (20.08%)
Wine Wine Unknown Ash
(39.47%) (37.27%) (23.26%)
ResNet18 — Trained on Object
Ash Ash Wine Unknown
’ (58.87%) (22.39%) (18.74%)
Wine Wine Ash Unknown
(56.08%) (35.52%) (8.40%)
MobileNetV3 — Trained on Full Frame
Ash Ash Unknown ‘Wine
(59.99%) (25.74%) (14.27%)
Wine Wine Unknown Ash
(41.00%) (31.29%) (27.71%)
ResNet18 — Trained on Full Frame
Ash Ash Wine Unknown
(92.11%) (4.99%) (2.90%)
Wine Wine Ash Unknown
(89.22%) (6.87%) (3.91%)
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Fig. 7. Average speed of scent dispersion to each chair distance

MQTT broker. The remote dispensers are activated by another
Python script that reads from the broker and sends a GET
request to the dispenser. The triggering of the dispenser is
done with an added delay, which is based on the VR viewer’s
position in relation to the stage. In the VR scenario, viewers
can sit closer or farther from the stage, and the specific delay
for these distances will be discussed in Section V. This delay
is based on the time it takes for scents to be perceived by
viewers at varying distances in a real theatre setting.

C. CNN-Based Scene Recognition

ResNet18 and MobileNetV3 CNN models are compared in
the task of recognising visual elements in key scenes involving
red wine and ash. These models run locally on the connected
PC and process video frames in real-time to detect specific
visual cues associated with each scent. When the scenes are
identified, the application sends the corresponding label to the
Adafruit MQTT broker, triggering the appropriate olfaction
device. The activation includes a delay based on the viewer’s
position in the VR space, simulating the natural dispersion of
scents in a theatrical setting.
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Fig. 8. Time taken for users to detect scent at each chair, categorised by scent
and trigger type

D. Communication Framework

The Adafruit MQTT broker facilitates real-time communi-
cation between the theatre stage and remote users. This low-
latency protocol ensures that sensory cues are delivered with
delays below 100ms, maintaining synchronisation between
events and sensory feedback.

V. TESTING AND RESULTS
A. Audio-Based Approach

The Python library Vosk employed in speech recognition
provides a confidence score for each recognised word in real-
time, which we used to calculate an average per sentence. This
average confidence value was used to assess the reliability
of detected phrases. Through empirical testing, we observed
that average word confidence values above 70% were suitable
for reliably triggering the corresponding scent events. Despite
the significant size difference, the smaller Vosk model also
performed well in terms of accuracy in the proposed solution.

Both the full-size and small models consistently returned
sentence averages above this threshold when the key words
— figlio, mio, and bevi (in English, son, my, drink) — were
spoken clearly, validating the feasibility of the approach.

B. CNN-Based Approach

The performance of the CNN models varies notably depend-
ing on whether they were trained on isolated objects (props) or
the entire scene frame, selected from the actual Macbettu play.
A train—test split ratio of 80% to 20% was employed, with
files organised into tables according to the labels ash, wine,
and unknown. As seen on Table [ when trained on objects
alone, such as the wine jar and smoke, both MobileNetV3
and ResNetl8 showed moderate classification accuracy. For
example, MobileNetV3 trained on objects misclassified the
“Ash” scene as “Unknown”. ResNetl18’s object-based model
achieved better top-1 accuracy, with confidence below 60%.

In contrast, models trained on full-frame images demon-
strated significantly improved performance. MobileNetV3,
while still less accurate than ResNetl8, correctly predicted



TABLE 11
SCENT DELAY, DIFFUSION SPEED, AND ADDITIONAL DELAY FOR CNN IN RELATION TO ASR

Chair | Distance to Delay (in seconds) Average Average Add. Delay Add. Delay ‘
No. Dispenser Wine-ASR | Ash-ASR | Wine-CNN | Ash-CNN | Delay (s) | Speed (cm/s) | Delay CNN Wine | Delay CNN Ash
1 80 cm 4 4 4 4 4.00 20.00 0Os Os
2 160 cm 8 12 19 16 13.75 11.64 11s 4s
3 235 cm 19 38 43 33 33.25 7.07 24s -5s
4 340 cm 36 60 29 33 39.50 8.61 -7s -27s
5 410 cm 45 55 79 96 68.75 5.96 34s 41s
6 520 cm 58 64 85 150 89.25 5.83 27s 86s
7 600 cm 80 100 135 140 113.75 5.27 55s 40s
8 710 cm 98 109 160 180 136.75 5.19 62s 71s
9 790 cm 96 121 200 180 149.25 5.29 104s 59s
10 850 cm 138 240 190 210 194.50 4.37 52s -30s
11 960 cm 150 177 160 215 175.50 5.47 10s 38s
12 1020 cm 155 195 181 191 180.50 5.65 26s -4s
Avg. 33.17s 22.75s
both scenes with higher confidence than its object-based TABLE III
version. Most notably, ResNet18 trained on full frames per- PARTICIPANTS’ PERCEPTION OF DELAY BASED ON PROXIMITY TO THE
o DISPENSER
formed the best, achieving over 89% top-1 accuracy for both
“Ash” and “Wine” scenes. MobileNetV3, however, requires Chair Wine Ash Wine Ash Avg.
approximately 50% less inference time compared to ResNet18. No. ASR ASR CNN CNN Score
1 Str. Agree | Str. Agree Agree Agree 3.50
2 Agree Agree Agree Str. Agree 3.25
C. Scent Delays and User Perceptual Tests 3 Agree Disagree | Str. Agree | St Agree | 3.00
The experimental data collected from twelve participants 4 Disagree Disagree Neutral Neutral 1.50
across twelve seating positions reveals a clear correlation 5 Neutral Disagree Agree Neutral 2.00
he di f h . h | 6 Neutral Agree Disagree Disagree 1.75
petween the dlsFance rom the sc§nt dlspen§er and the delay 5 Agres Agree Disagree Disagres 300
in scent perception. For the experiment, ethical approval was 8 Neutral Agree Neutral Agree 2.50
obtained from the Dublin City University Research Ethics 9 Str. Agree | Str. Agree | Neutral Neutral 3.00
Committee, application number DCUREC2024/175. 12 indi- 10 Agree Neutral St Disag. | St Disag. | 125
R R R R 11 Agree Agree Neutral Neutral 2.50
viduals took part in the tests, including 2 female and 10 W) Neutral Disagree Neutral Neutral 175
male participants, aged between 21 and 59, from different Avg. 2.67 242 2.08 2.17 233

ethnic groups and different backgrounds and professions. Each
participant experienced two different seating positions—one
closer and one farther from the dispenser.

The goal of the experiment was to measure the real-world
diffusion delay of scents triggered by two approaches used
in the theatre setting: ASR and CNN. Scents were released
over four rounds in the following order: Wine (ASR), Ash
(ASR), Wine (CNN), and Ash (CNN). The delays were
measured in combination with the physical distance between
the dispenser and each viewer. In the XR implementation of
the experience, users will also be able to choose their seating
position relative to the stage. Based on these findings, the
application can simulate scent dispersion delays accordingly,
ensuring a realistic and spatially accurate olfactory experience.

As shown in Table [ll] and Fig. [7] the delay increases with
distance in both audio-based (ASR) and CNN-based triggers,
with average delays ranging from 4 seconds (at 80 cm) to
over 180 seconds (at 1020 cm). Correspondingly, the average
diffusion speed of the scent decreases from approximately 20
cm/s to 5.2 cm/s as the distance increases, illustrating the non-
linear nature of scent dispersion in a real theatre environment.

CNN-based (i.e. using MobileNetV3) triggers generally
resulted in slightly longer delays than ASR, with an average
additional delay of 33.17 seconds for wine scene and 22.75
seconds for ash scene (see Table[M). This difference is largely

due to the image processing and recognition time required by
CNN models. However, as seen in Fig the overall trend
of scent arrival time across seats remains consistent between
the two modalities, enabling a uniform mapping of dispersion
timing for replication in XR.

To validate the realism of the delay experience, participants
were asked to rate their perception of scent timing relative
to their position (Table . Overall, feedback indicated a
positive correlation between proximity and satisfaction, with
viewers closer to the stage expressing stronger agreement that
the timing felt appropriate, as seen on Fig. 0] The number
of responses for each Likert scale item, categorised by scent
and trigger type is available in Fig. Average perception
scores, converted from the Likert scale (ranging from strongly
disagree = 0 to strongly agree = 4), indicate that both ASR and
CNN-based approaches were well-received, as seen in Fig. [TT]
with the ASR-wine pairing rated highest (2.67) and the CNN-
wine pairing slightly lower (2.08), reflecting the impact of
longer recognition time.

VI. CONCLUSION

This paper demonstrated the feasibility of integrating ma-
chine learning and artificial scent detection into a multisen-
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Fig. 10. Number of responses for each Likert scale item, categorised by scent
and trigger type

sory theatre experience. Using the play Macbettu as a case
study, we showcased how olfactory and visual stimuli can be
synchronised to create an immersive experience for remote
audiences.

The integration of ASR- and CNN-based triggers for scent
delivery proved effective in generating spatially aware and
temporally synchronised olfactory effects. Participant feedback
confirmed that the timing and accuracy of scent release were
generally well-received.

While traditional theatrical environments frequently use
established cueing mechanisms such as TimeCode, DMX
lighting scenes, or sound effect triggers to synchronise events,
these systems often depend on access to stage networks and
predefined control tracks, which may not be available or
practical in remote or decentralised XR theatre scenarios.
In contrast, ASR and CNN-based approaches offer greater
autonomy and adaptability by responding directly to the live
performance, allowing the solution to remain functional even
in venues lacking DMX integration or centralised time-based
control. Moreover, different plays may benefit from different
cueing strategies: productions with darker lighting conditions
may favour ASR-based detection, while those with limited
dialogue but strong visual markers may find CNN-based scene
recognition more effective.

Nonetheless, we acknowledge that these machine learning-
based methods introduce limitations. ASR performance de-
pends on the clarity and frequency of speech, which may
vary in productions with sparse dialogue or high levels of

Strongly Agree
Agree 267
242
2.08 217
Neutral
Disagree

Strongly Disagree
Wine - ASR Ash - ASR Wine - CNN Ash - CNN
Fig. 11. Average score for each scent and trigger format according to user-

perceived delay relative to proximity

repetition. Similarly, CNN-based detection requires adequate
lighting and distinctive visual features, which may not always
be present in all theatrical contexts. Consequently, while the
proposed system performed well in Macbettu, further work
is required to assess its robustness across diverse theatrical
styles and lighting conditions, and to explore potential hybrid
solutions that integrate simpler cueing methods where feasible.

Other avenues for future work include testing additional
scents across a broader range of scenes to further evaluate
the scalability of the solution. Moreover, the feasibility of
incorporating an artificial scent detection mechanism, such
as an electronic nose (e-nose), will be explored to enable
automated scent feedback directly from the stage.
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