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Abstract
This thesis evaluates how edge and cloud inference affect a stereo-depth-assisted,
zone-based lighting controller for building automation. The system combines per-
son detection with depth-based spatial assignment to estimate whether predefined
lighting zones are occupied. Several model configurations are compared under edge
and cloud deployment using controlled scenarios and full-day analytical lighting re-
constructions.

The results show that deployment placement affects both perception and system
behaviour. Cloud inference improves recall in more difficult conditions, such as low
light and obstruction, but introduces transport delay, queue behaviour, higher mea-
sured processing energy, and greater privacy exposure. Edge inference provides lower
processing-energy use, avoids remote communication overhead, and keeps more data
local, but is less robust in difficult visual conditions. Across the evaluated configu-
rations, the projected zone-aware controller reduces lighting energy compared with
less spatially specific baseline strategies.

Keywords: Edge inference, cloud inference, zone occupancy, smart lighting, building
automation
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1
Introduction

Recent smart-lighting research has proposed video-based occupant positioning as
a way to support more spatially aware indoor lighting control [1]. For building
automation, this raises a broader systems question beyond whether occupants can
be detected. A practical controller must convert detections into a zone-level control
signal that remains accurate, timely, and robust during continuous operation. In
that context, inference placement becomes a central architectural choice, because
executing the perception model at the edge or in the cloud changes the conditions
under which the control signal is produced.

The study examines this system-level problem in the context of zone-based lighting
control. The system combines person detection with stereo-depth information to
estimate whether predefined zones are occupied. Lighting is used as the application
context because control effects are visible to occupants and because improved light-
ing control has been associated with energy-saving potential in prior work [2, 1].
The study is relevant to building operators, system integrators, and occupants be-
cause deployment choices affect not only perceptual performance, but also latency,
resource demand, energy use, and privacy exposure [3, 4, 5].

1.1 Problem Description
Zone-based lighting control depends on more than knowing whether a room is oc-
cupied. To avoid lighting unused areas while still responding to occupants, the
controller needs a spatially meaningful signal that indicates which part of the space
is in use. Conventional control strategies do not always provide that level of informa-
tion. Manual controls and binary occupancy-triggered controls are straightforward
to commission and understand, but they provide only coarse occupancy informa-
tion [6]. A manual switch can keep the tested fixture group active for longer than
needed, while a binary occupancy sensor can indicate presence without determining
which part of a larger space is being used. These limitations motivate their use as
physical-switch and motion-detector baselines in the evaluation.

Camera-based perception offers a richer alternative because it can support more
spatially aware lighting decisions. Recent work by Ning et al. demonstrates how
video-based occupant positioning can support fine-grained smart-lighting control,
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1. Introduction

while also identifying practical challenges for video-based positioning under condi-
tions such as low light, occlusion, and privacy protection [1]. Their work is primarily
concerned with multi-occupant positioning, illumination-preference modelling, and
lighting optimisation. It does not evaluate how alternative deployment architectures
affect the perception layer that produces the information required by such control
strategies.

The resulting problem is how to produce zone-occupancy information in a way that
is useful for continuous lighting control. The relevant output is zone occupancy:
whether a predefined lighting zone is occupied, not generic presence detection or
full occupant-position tracking. Producing this signal requires person detections to
be mapped to spatial zones, for example using stereo-depth cues, and the resulting
signal must remain usable under the timing, robustness, and feasibility constraints
of a practical controller.

Several architectural choices affect whether such a perception pipeline is viable. The
perception task may be executed locally on an edge device or partly offloaded to
the cloud, and these alternatives can change the latency, runtime burden, energy
consumption, privacy exposure, and operational robustness of the system. Model
configuration further affects these trade-offs, since larger or more demanding object-
detection models may improve detection performance while also increasing runtime
and resource demand [4].

Prior work leaves a gap between spatially aware lighting-control research and the
evaluation of deployable inference systems. Existing smart-lighting studies demon-
strate that richer occupant-position information can support more fine-grained con-
trol, but they do not sufficiently examine how the perception layer should be de-
ployed under practical constraints [7, 8, 1]. Conversely, embedded-AI and offload-
ing studies evaluate inference performance, latency, and energy, but often stop at
detector- or platform-level metrics instead of tracing the consequences into a control-
oriented occupancy signal [4, 9]. What remains less examined is how deployment
and detector choices affect a stereo-depth-assisted zone-occupancy pipeline when
accuracy, robustness, latency, runtime burden, energy use, and privacy exposure are
evaluated together [5]. This study addresses that gap in the context of projected
zone-based lighting control.

1.2 Purpose of the Study
The purpose of this study is to investigate how software-system architectural deci-
sions affect the behaviour and performance of a perception-driven building-automation
system. In particular, the study treats inference placement as an architectural de-
cision: whether inference is executed locally on an edge device or offloaded to a
cloud service. The study also considers model configuration as a related deployment
decision, since the selected model affects not only detection quality but also latency,
runtime burden, energy consumption, and operational feasibility. From a software
engineering perspective, the study is concerned with how these design decisions in-
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fluence system-level quality attributes. A perception-driven controller is not useful
only because it can detect occupants. It must also produce a control-relevant signal
that is timely, robust under difficult conditions, feasible to run continuously, energy-
aware, and acceptable from a privacy perspective. The evaluation considers these
decisions through their effects on the end-to-end perception-and-decision pipeline,
instead of treating detector accuracy as an isolated metric.

This research purpose is operationalised through the design and evaluation of a
camera-based, stereo-depth-assisted pipeline for zone-based lighting. In the pipeline,
person detections are combined with stereo-depth-supported spatial assignment to
estimate whether predefined lighting zones are occupied. The implemented runtime
ends at zone-occupancy decisions and logging, while lighting behaviour and net-
energy outcomes are evaluated through control-mode calculations instead of direct
physical actuation.

More specifically, the project aims to:

• develop an end-to-end perception-and-decision pipeline for zone-based lighting
using person detection and stereo-depth-supported spatial assignment,

• realise comparable edge and cloud inference variants within the same overall
controller architecture,

• evaluate how inference placement and model configuration affect zone-occupancy
estimation, robustness, decision-path latency, runtime burden, and operational
energy consumption, and

• compare projected controller behaviour with simpler non-AI baseline strategies
in controlled replay scenarios and a field-like working-day trace.

The study does not aim to introduce a new object-detection architecture or a univer-
sally applicable lighting-control method. Its contribution lies instead in a software
engineering-oriented evaluation of one integrated application setting for deployable
building automation: a stereo-depth-assisted, zone-based perception-and-decision
pipeline in which inference placement is treated as an architectural variable for
implemented edge and cloud execution. Because the system relies on camera-based
sensing, privacy exposure and ethical data handling are treated as design constraints
throughout the study instead of secondary concerns.

1.3 Research Questions
The study is guided by the following research questions:

RQ1
How do inference placement and model configuration affect zone-occupancy
accuracy, robustness, and end-to-end decision-path latency in a stereo-
depth-assisted zone-occupancy controller?

3
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RQ2
How do inference placement and model configuration affect runtime bur-
den and operational energy consumption during continuous perception,
including communication overhead where applicable?

RQ3
Under controlled replay and field-like trace scenarios, how do the pro-
posed controller variants affect projected lighting behaviour and pro-
jected net-energy outcomes relative to baseline automation strategies?

Together, these questions address three related but distinct concerns. RQ1 focuses
on control-relevant perceptual performance. RQ2 focuses on runtime burden and en-
ergy consumption during continuous operation. RQ3 considers what those trade-offs
mean at the application level when the proposed controller variants are compared
with simpler automation strategies. Here, robustness refers to performance degra-
dation under more challenging observed conditions, such as occlusion, illumination
change, or multi-person obstruction. Response quality refers to the timeliness and
stability of projected lighting actions, not to generic user-interface responsiveness.
These questions are operationalised in Chapter 5 through explicit metrics: RQ1
through zone-occupancy accuracy, robustness-oriented scenarios, and end-to-end
decision-path latency, RQ2 through logged runtime-burden and energy measures,
and RQ3 through projected lighting-behaviour indicators and net-energy compar-
isons against baseline strategies.

1.4 Limitations and delimitations
Here, limitations denote factors that may affect validity or interpretation, whereas
delimitations denote deliberate boundaries set to keep the study focused and feasible
[10].

The main limitations concern empirical scope, measurement boundaries, and actu-
ation modelling. The evaluation is based on controlled recordings, replayed SVO
traces, and one field-like recording from the monitored environment. Although this
material supports comparison between implemented configurations, it does not rep-
resent a long-term live deployment. The results should be interpreted with caution
regarding seasonal variation, long-term maintenance, changing occupancy patterns,
and model degradation over extended use.

A second limitation is that lighting actuation is not physically implemented in the
prototype runtime. The implemented system produces zone-occupancy decisions
and logs, while lighting behaviour and net-energy outcomes are derived from control-
mode calculations. The projected lighting results indicate expected application-
level consequences under the stated assumptions, not directly measured fixture-level
behaviour.
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A third limitation concerns measurement boundaries. Latency, timing, and power
measurements depend on the implemented logging and instrumentation setup. In
addition, cloud-related energy measurements include logged cloud GPU power and
edge-side power, but not full cloud-host power, CPU, memory, storage, network
equipment, or datacentre overhead. The reported cloud-energy results should be
read as bounded operational measurements, not complete infrastructure-energy es-
timates.

The study is delimited to lighting as the application context, even though occupancy-
aware perception may also be relevant to other building-automation functions such
as HVAC or blinds. The implementation and evaluation are limited to a single-
room or otherwise small-scale setting instead of whole-building deployment. The
study does not introduce a new detector architecture and does not attempt a broad
empirical comparison with other occupancy-sensing modalities such as NIR, CO2,
Wi-Fi, pressure, or badge-based systems. Instead, the technical scope is restricted
to a camera-based, stereo-depth-assisted perception pipeline and to how alternative
inference placements affect that pipeline within the same control problem.

The study does not provide a formal legal or regulatory compliance audit. Pri-
vacy, consent, and data-minimisation considerations are treated as methodological
and architectural constraints, and the study is GDPR-aware, not a formal GDPR
compliance certification.

1.5 Significance of the Study

The significance of this study lies in its combined treatment of spatially aware smart-
lighting control and deployable inference-system evaluation. Prior work suggests
that richer spatial sensing can support more fine-grained lighting control [7, 1],
that model choice and hardware constraints affect runtime feasibility [4], and that
deployment architecture influences what data is processed locally or transmitted
remotely [5]. However, these concerns are not always examined together within the
same control-oriented system.

This study addresses the research gap identified in Section 1.1 through a stereo-
depth-assisted zone-occupancy pipeline evaluated under practical system constraints.
The contribution is not a new detector architecture or a fully deployed lighting prod-
uct, but a bounded software engineering evaluation of how architectural decisions
shape the behaviour of an implemented perception-and-decision pipeline.

Within this scope, the study connects detector-level behaviour to control-relevant
indicators such as missed occupied zones, delayed decisions, projected unneces-
sary lighting activation, processing-energy cost, and privacy-relevant data exposure.
These indicators are not presented as evidence of realised building-scale operational
impact. They show how architectural choices in the perception layer can propagate
into the kinds of consequences that a deployed building-automation system would
need to manage.
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The practical significance of the work lies primarily in making these trade-offs ex-
plicit. By comparing implemented edge and cloud inference variants within the same
zone-based control problem, the study makes trade-offs visible that may otherwise be
hidden if detector accuracy, runtime performance, energy use, and privacy exposure
are evaluated separately. The lighting model further allows projected application-
level consequences to be compared against simpler baseline strategies, while keeping
the actuation-level assumptions explicit.

The findings do not establish a universally superior deployment strategy. Instead,
they clarify how different architectural choices expose different strengths and con-
straints in one application-specific setting. In that sense, the study contributes
to research by providing a traceable evaluation workflow for perception-driven au-
tomation, and to practice by offering a structured basis for reasoning about inference
placement under timing, energy, robustness, and privacy constraints.

The remaining chapters are organised as follows. Chapter 2 introduces the technical
and application context, Chapter 3 positions the study relative to earlier literature,
and Chapter 4 defines the conceptual framework used in the analysis. Chapter 5
explains the study design and evaluation procedure, Chapter 6 presents the results,
Chapter 7 interprets those results in relation to the research questions, and Chapter 8
summarises the main conclusions and outlines future work.
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2
Background

This chapter provides the technical and domain context needed to understand the
study. It introduces the application setting, sensing concepts, deployment architec-
tures, and system constraints used later in the study. Its purpose is explanatory, not
comparative: the chapter defines the technical foundations of the studied system,
while Chapter 3 reviews and compares prior research studies.

2.1 Building-automation and lighting context
Building automation systems coordinate building services such as heating, ventila-
tion, air conditioning, and lighting through combinations of sensing, decision logic,
and actuation. In public and commercial buildings, lighting is one of the controllable
services through which operational efficiency measures can affect electricity use [2].
Lighting control can range from manual switching to automated strategies based
on occupancy, schedules, daylight availability, or combinations of these inputs. In
automation terms, lighting provides a bounded control problem where sensed in-
formation is translated into visible actions in the environment. The quality of the
control signal affects when and where lighting is activated, which makes sensing
accuracy, timing, and spatial resolution relevant to system behaviour.

2.2 Zone occupancy as a control signal
Occupancy can be represented at different levels. Some systems only need to know
whether anyone is present. Others may need a count of how many people are
present, for example in HVAC-related applications. Zone-based lighting control,
however, requires spatial information about where people are in the monitored area,
because the controller must determine which predefined part of the space should be
lit.

Here, a zone is a predefined spatial region associated with one or more light fixtures
or lighting states. The primary control signal is zone occupancy, that is, whether a
given zone is occupied or unoccupied. In-zone counts may still be informative, but
they are secondary to the occupancy decision itself.

This distinction matters because different errors have different control consequences.
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A false positive can brighten an empty zone and waste energy. A false negative can
leave an occupied zone too dark. Boundary cases are especially relevant, because
small localisation errors near a zone border can cause the controller to alternate
between adjacent zones. For that reason, the quality of the perception output is not
judged only by frame-level detection correctness, but also by whether the resulting
zone assignments are stable and usable as control decisions.

2.3 Conventional occupancy-sensing reference tech-
nologies

Conventional occupancy sensing in buildings can be implemented using several dif-
ferent sensing principles, including motion, distance, interruption, and radar-based
detection. These technologies differ not only in response characteristics, but also in
coverage, spatial selectivity, sensitivity to occupant movement, and suitability for
zone-level control.

Academic literature is useful for classifying occupancy-sensing modalities and dis-
cussing evaluation protocols, but published timing information is often not directly
comparable across sensor families. For example, Zhang et al. propose a protocol for
evaluating occupancy-sensing technologies in building HVAC control, but their case
study reports characteristics for specific implementations, not a standardised entry-
to-detection latency across sensor types [11]. Table 2.1 summarises representative
published timing fields and practical deployment limitations from concrete sensor
examples. The table should be read as practical sensing context, not as a controlled
benchmark comparison.

Table 2.1: Representative published timing fields and deployment considerations
for conventional occupancy-sensing technologies.

Sensor type Published
timing field

Practical sensing context Source

Through-beam
photoelectric /
light barrier

< 0.4 ms re-
sponse time

Very fast interruption detection, but limited to a
narrow beam between sender and receiver. More
suitable for doorway or line-crossing detection
than whole-room occupancy sensing.

[12]

Ultrasonic dis-
tance sensor

30 ms response
time, 8 ms
output time

Fast short-range ranging, but the cited device has
a limited operating range and depends on target
reflection, size, and alignment. Room-scale use
would require additional system design.

[13]

60 GHz ceiling-
mounted radar

150.1 ms frame
repetition time

Supports ceiling-mounted room-scale sensing and
can detect moving or stationary occupants. The
reported value is a configured update period, and
accuracy may vary across the field of view.

[14]

Passive infrared
(PIR)

1 s response/-
fade to switch
on/off

Common in lighting control, but motion-based.
Coverage can include blind spots, and idle occu-
pants may stop triggering after the hold period
expires.

[15]
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Sensor type Published
timing field

Practical sensing context Source

Microwave mo-
tion sensor

No direct trig-
ger latency
stated, mini-
mum config-
urable hold
time 5 s

Provides broad coverage and can detect through
some non-metal materials, but the cited datasheet
does not state direct trigger latency. The 5 s value
is a configurable hold time, not a sensor reaction
time.

[16]

The timing fields in Table 2.1 are heterogeneous: some describe sensor response
time, some describe update periods, and some describe lighting-control behaviour
or hold-time configuration. They are used only as contextual reference points for
understanding practical sensing constraints, not as equivalent latency measurements.

2.4 Stereo-depth based spatial assignment
A 2D detector can indicate that a person appears somewhere in an image, but
zone-based lighting control requires the detection to be related to physical space.
Stereo-depth sensing supports this by adding distance information to the image ob-
servation, making it possible to estimate where a detected person is located relative
to predefined control zones [17, 18]. Conceptually, the process consists of associ-
ating a person detection with depth information, projecting the resulting estimate
into a scene coordinate representation, and testing that position against zone bound-
aries. This does not require full scene reconstruction, but it does require calibrated
geometry and a stable mapping between camera observations and zone definitions.

The use of spatial information in smart lighting is established in prior work. Chun
et al. describe real-time smart lighting control using human motion tracking from a
depth camera [7], and Chun and Lee present smart lighting control as one application
of human motion tracking [8]. Li et al. further show that stereo vision can be
used in intelligent lighting systems [19]. These studies motivate the use of visual
geometry for lighting-related control, but they do not focus on the deployment
question addressed here: how the perception pipeline behaves when deployment
and detector choices are varied within the same zone-occupancy task.

The system uses a Stereolabs ZED 2i stereo camera, which provides aligned visual
and depth information suitable for mapping image-based person detections to spa-
tial control zones [20]. In the implemented architecture, depth extraction and zone
assignment remain edge-side for all evaluated deployment variants, while person-
detection inference is the component varied between edge and cloud execution. Fur-
ther implementation details of the spatial-assignment procedure are described in
Chapter 5.

Depth support does not remove all uncertainty. Zone assignment can still be affected
by calibration quality, depth noise, occlusion, and imperfect correspondence between
a detected body position and the spatial point used for control. Depth accuracy
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under indoor conditions has also been studied directly for the ZED 2i platform
used here [18]. These uncertainty sources motivate the later evaluation of zone-
occupancy accuracy, missed-zone behaviour, and robustness under more difficult
visual conditions.

2.5 Deployment architectures for continuous per-
ception

Deployment architecture describes where parts of a perception pipeline execute and
how data and results move between system components. For continuous perception,
this placement affects the compute resources available to the model, the communi-
cation path between sensing and inference, and the timing behaviour of the over-
all pipeline. Prior edge-computing work shows that object-detection performance,
throughput, and resource demand are closely linked on constrained devices [4], while
offloading work shows that moving computation between local and remote execution
can shift energy and timing behaviour [9]. For camera-based systems, placement also
affects what visual data must leave the sensing device, which connects deployment
architecture to the privacy constraints discussed in Section 2.6.2 [5].

2.5.1 Edge inference
In an edge design, inference runs on the device attached to the camera or close to it.
This avoids a remote inference request during normal operation and keeps processing
near the sensing source. Edge execution can also reduce the need to transmit raw
or derived visual data outside the local device. The main constraint is that model
selection and runtime configuration must fit within the compute, memory, power,
and thermal limits of the local hardware.

2.5.2 Cloud inference
In a cloud design, frames or derived representations are sent to a remote endpoint
for inference. This can provide access to stronger compute resources and reduce the
inference burden on the local device, but it introduces dependence on communication
delay, request handling, network variation, and remote-service availability.

The cloud design evaluated here is a partial-offloading architecture. Person-detection
inference is offloaded, while stereo-depth extraction and zone assignment remain on
the edge device. This is partly a technical consequence of the locally attached ZED
camera and its runtime coupling, and partly a way to keep the comparison focused
on the placement of the detector inference stage.

2.5.3 Cloud execution environment
A cloud execution environment provides remote compute, storage, and networking
services that can be used to offload parts of an application from an edge device. The
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relevant background point is architectural: cloud inference depends on model exe-
cution, external infrastructure, and communication paths. Provider-specific service
comparison is outside the study scope.

2.5.4 Model size and deployment feasibility
The deployment question is closely related to model configuration because continu-
ous perception requires inference to be performed repeatedly over extended periods
of time. Prior edge-device benchmarks of YOLOv3, YOLOv5, and YOLOX variants
report detection quality, inference time, power consumption, and feasibility-oriented
ratios such as FPS per watt on devices including the Jetson Nano [4]. Model choice
is treated as part of deployment feasibility, not as a separate algorithmic concern.

Here, deployment feasibility refers to whether a model and placement configura-
tion can support sustained operation within the available hardware, communication,
timing, and energy boundaries. In the evaluation, this is operationalised through
decision-path timing, runtime counters, measured power, and processing-energy es-
timates.

2.6 System constraints
A camera-based perception system in building automation is not judged only by
whether it produces correct detections. It must also produce outputs in a way that
is suitable for the surrounding control task. Two constraints are especially relevant
here: response quality, which concerns the timeliness and stability of control-relevant
outputs, and privacy, which concerns how person-related visual data is collected,
transmitted, stored, and processed.

2.6.1 Response quality
For a zone-occupancy controller, response quality concerns how reliably and promptly
occupancy changes are reflected in the control signal. A system may perform well
on individual frames but still behave poorly as a controller if delay, stale results, or
unstable zone assignments lead to late or repeated projected lighting transitions.

Here, response quality is introduced as a background concept and defined opera-
tionally in Chapter 5. The empirical latency measurements focus on the path from
frame capture to occupancy decision, while actuator-side switching delay is repre-
sented as a constant in the control model. Robustness is evaluated through scenario
conditions that stress the perception pipeline, such as obstruction and illumination
variation.

2.6.2 Privacy constraints
Camera-based sensing introduces privacy constraints because captured images and
related metadata may contain person-related information. Kansal et al. discuss how
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privacy regulation affects video-surveillance-system design and influences architec-
tural choices [5]. A central architectural distinction is whether visual data remains
local or must be transmitted to an external service. Edge inference can keep more
processing on the sensing device, whereas cloud inference may require frames or
derived representations to leave the local environment.

Privacy-preserving tracking work also shows that sensing and representation choices
can be shaped by privacy requirements. For example, Song et al. present a privacy-
preserving human-tracking approach in ambient assisted living [21]. Although the
sensing modality differs from the one used here, it illustrates the broader point that
privacy constraints can affect which sensing pipelines and deployment architectures
are considered acceptable.
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Related Work

This chapter reviews and compares prior studies most directly related to the study.
Whereas Chapter 2 introduced the technical setting and key concepts, the purpose
here is to position the study relative to existing literature. The review is organised
around literature streams that map directly to the research problem: AI in building
automation, depth- and vision-based smart-lighting systems, efficient deployable AI,
inference-placement trade-offs, and privacy-related architectural constraints.

3.1 AI for building automation and energy-efficient
lighting

A first stream of related work concerns AI- and data-driven approaches to building
automation and energy efficiency. Ortiz-Peña et al. show that operational improve-
ments and improved control can be meaningful levers for reducing electricity use
in public buildings [2]. This provides an energy-efficiency motivation for smarter
control strategies, but it does not by itself indicate how a camera-based control loop
should be designed.

Work closer to deployment is represented by Xie et al., who discuss how AI can be
integrated into building automation systems at the field level [3]. Their contribution
is relevant because it shifts attention from model quality alone to system feasibility,
including limited field hardware, heterogeneous device ecosystems, and operational
robustness. At the same time, their discussion is general with respect to sensing
modality and control task. It does not evaluate a continuous camera-based zone-
occupancy controller with explicit edge/cloud deployment trade-offs.

Together, these studies justify the application setting and its practical relevance, but
they do not resolve the central comparative question studied here: how a spatially
aware zone-occupancy controller should balance perception quality against latency,
compute demand, and deployment constraints. This stream supports why lighting is
an appropriate evaluation setting, but contributes less directly to the core questions
about inference placement and control-loop consequences.
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3.2 Depth- and vision-based smart-lighting sys-
tems

A second literature stream concerns lighting-control systems that use richer sensing
than traditional binary occupancy detection. This stream is relevant because it
shows that visual, depth-based, and geometry-aware representations can support
more spatially specific lighting decisions. The studies summarised in Table 3.1
demonstrate different ways in which spatial sensing has been connected to lighting-
related control or measurement.

Table 3.1: Depth- and vision-based lighting studies relevant to spatially aware
control.

Study Sensing / repre-
sentation

Lighting-related fo-
cus

Relevance to this study

Chun and Lee [8] Human motion
tracking with visual
sensing

Smart-lighting control
as an application of mo-
tion tracking

Shows that lighting control
can be driven by person-
related spatial information,
but does not treat inference
placement as an architectural
comparison variable.

Chun et al. [7] Depth-camera-
based human
motion tracking

Real-time smart-
lighting control using
occupant position and
activity information

Demonstrates depth-informed
sensing for lighting automa-
tion, while using a largely
fixed sensing-and-compute
setup.

Słomiński and
Sobaszek [22]

Dynamic identifi-
cation and depth-
related processing
of moving objects

Intelligent lighting of
moving objects with
discomfort-glare limita-
tion

Connects processing time and
spatial sensing to visible light-
ing behaviour, but is not
framed as an edge–cloud de-
ployment study.

Ning et al. [1] Video-based multi-
occupant position-
ing

Fine-grained modelling
and optimisation for
multi-occupant smart
lighting

Shows the value of richer
spatial information for fine-
grained control, but focuses on
lighting optimisation once po-
sitions are available, not on
deployment of the perception
layer.

Li et al. [19] Binocular stereo vi-
sion

Illuminance measure-
ment for intelligent
LED lighting

Supports the use of stereo-
derived geometry in lighting
applications, but does not
study occupancy-driven zone
control.

This study Stereo-depth-
assisted person
detection and zone
assignment

Zone-occupancy de-
cisions for projected
lighting-control be-
haviour

Evaluates deployment and
detector choices within the
same zone-based perception-
and-decision pipeline.

Taken together, these studies support the use of spatial sensing in lighting-related
systems, but they leave open the deployment question addressed in this study. Prior
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work generally demonstrates that richer spatial information can support lighting
control or lighting-related measurement. It does not sufficiently examine how the
same zone-occupancy task behaves when inference placement, detector configura-
tion, and resource constraints are treated as explicit comparison variables.

3.3 Efficient AI and embedded detection on con-
strained hardware

A third literature stream focuses on the resource demands of running AI continuously
on constrained platforms. This stream is important because the system studied here
is not a one-off inference task, but a long-running perception workload embedded in
a control loop.

Miller et al. review lightweight AI methods such as pruning, quantisation, and
knowledge distillation, showing how models can be adapted to tighter compute and
memory budgets [23]. This literature is relevant because it provides a broader ra-
tionale for treating model configuration as a deployment variable, not as a purely
algorithmic choice.

Dikshit et al. provide a recent example of knowledge distillation being used to reduce
model size while retaining much of a larger model’s capability [24]. Their work is
in multilingual language modelling, not object detection, so it is not used here as
domain evidence for smart lighting or YOLO deployment. Instead, it supports the
more general rationale for including distilled model variants when the engineering
problem involves balancing model capability against runtime demand.

Lema et al. are central here because they benchmark object-detection models on
constrained edge platforms such as Jetson-class hardware [4]. Unlike the broader
efficient-AI literature, their study is directly about deployable detection pipelines.
It shows that performance depends not only on model family and size, but also
on the hardware target and optimisation path. The missing piece, relative to this
study, is that the evaluation stops at detector-level metrics such as throughput,
power, and efficiency. It does not ask how those properties affect the behaviour of
an occupant-facing lighting controller.

This difference affects how detector benchmarks can be used. A deployment that
looks attractive in terms of frames per second (FPS) or device-level power draw
may still be unattractive if it produces stale zone assignments or unstable pro-
jected lighting-control decisions. The evaluation uses this literature as a benchmark-
oriented reference point, but extends it towards control-loop consequences. In this
context, those consequences include delayed or unstable zone assignments, degraded
projected lighting behaviour, and the possibility that a detector-level improvement
may not translate into better application-level behaviour.
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3.4 Inference placement: edge and cloud trade-
offs

A fourth literature stream concerns where inference should run. For this study,
this stream most directly informs the comparison of implemented edge and cloud
deployment strategies. At the exact intersection of smart lighting, camera-based oc-
cupancy reasoning, and deployment-placement comparison, however, the literature
is relatively sparse. For that reason, adjacent offloading work becomes relevant as
transfer evidence, not as application-matched evidence.

Nguyen et al. compare on-device computation with remote execution in another AI
setting and show that remote approaches can reduce client-side energy consumption
while increasing end-to-end delay [9]. The paper is not a building-automation study,
and it is used here cautiously for that reason. Its value lies in making a transferable
systems point explicit: moving computation away from the client can shift resource
demand while worsening timing. Because this evidence comes from an adjacent,
not application-matched, domain, it should be interpreted as indicating plausible
architectural trade-offs, not directly predicting smart-lighting outcomes.

What remains open in the study context is how those trade-offs appear in a control
loop whose outputs are immediately visible to occupants. A cloud configuration
that looks attractive in terms of local energy consumption may still be poor if
communication delay or timing variation produces stale lighting decisions. That
end-to-end comparison is not directly answered by the adjacent offloading literature,
which is why it remains a central motivation for the present study.

The empirical comparison is between edge and cloud person-detection inference un-
der a shared controller pipeline. Due to camera and SDK coupling, depth extraction
and zone assignment remain edge-side in the implemented edge and cloud configu-
rations.

3.5 Privacy and observability in deployable cam-
era systems

Not all relevant literature concerns the detector or control policy directly. Some
work instead defines broader system qualities that affect whether a camera-based
controller is practical to deploy, including observability, privacy, and timing-related
aspects of control quality.

Mohammad et al. review explainable AI strategies for Internet of Things (IoT)
systems and argue that interpretability can support trust, transparency, account-
ability, and more understandable AI-driven decisions [25]. Here, that point is used
in a limited engineering sense: a deployable controller should make its decision path
traceable through intermediate states and runtime telemetry, not only report final
detection outcomes.
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Privacy-oriented work is also relevant because camera-based automation changes
what information is collected, represented, and potentially transmitted. Kansal et
al. discuss privacy-by-design in video pipelines, while Song et al. illustrate a sensing
approach that reduces privacy exposure by emitting only 3D coordinates [5, 21].
These studies support the broader point that privacy requirements can affect which
sensing representations and deployment architectures are acceptable. However, they
do not evaluate the same RGB-plus-depth lighting-control pipeline across edge and
cloud deployment variants.

Timing is another cross-cutting quality. Nielsen’s response-time heuristics are not
used here as lighting-specific thresholds, but as general HCI support for the claim
that delay can affect perceived responsiveness in interactive or user-facing systems
[26]. Lighting-specific work provides the closer application context: Chun et al. and
Słomiński and Sobaszek show that timing and transition behaviour matter when
sensing outputs are translated into visible lighting behaviour [7, 22]. Together,
these sources support treating latency as part of control quality, while leaving the
full edge–cloud, zone-occupancy evaluation problem to this study.

3.5.1 GDPR implications for testing and deployment

The GDPR is relevant because a camera-based zone-occupancy controller may pro-
cess personal data whenever people are identifiable, directly or indirectly, in cap-
tured images or associated metadata [27, 28]. In this context, the system is not
only a sensing-and-control pipeline but also a data-processing arrangement whose
collection, transmission, storage, and use must be justified.

Legal and regulatory guidance does not answer the technical research questions,
but it constrains which deployment options are realistic. GDPR-oriented principles
such as data minimisation, purpose limitation, limited retention, and access control
are especially relevant when raw or derived visual data is used in workplace-like
environments [27, 28, 29, 30]. The study-specific handling of participation, recording
practice, storage, and retention is addressed in Chapter 5, while this section uses
the GDPR literature to position privacy as an architectural constraint.

Deployment placement is directly implicated by these constraints. A local edge
design can, in principle, reduce the need to transmit raw imagery, whereas cloud de-
signs may require frames or derived representations to leave the local device. When
cloud infrastructure involves actors or transfer paths outside the EEA, the issue
may also extend to third-country transfer assessment and supplementary safeguards
[31, 32].

For this study, the literature supports a cautious conclusion: GDPR should be
treated less as a final compliance claim and more as a practical design constraint
that shapes which edge or cloud configurations remain proportionate and realistic
in a European deployment context.
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3.6 Synthesis and positioning
The reviewed literature supports three main observations. First, smart-lighting
studies show that richer spatial sensing can improve control, but they usually assume
a fixed perception stack without comparing alternative inference placements for the
same task [8, 7, 1]. Second, efficient-AI and embedded-detection studies clarify
throughput, power, and feasibility trade-offs on constrained hardware, but they
usually stop at detector-level outcomes without tracing their consequences through
an occupant-facing control loop [4, 23]. Third, privacy- and observability-oriented
work shows that deployment architecture matters beyond raw accuracy, yet it often
studies other sensing representations or other application goals [25, 5, 21].

The gap addressed by this study is narrower and more concrete than a general
“AI for buildings” problem. The study evaluates one fixed, depth-informed, zone-
based perception-and-decision pipeline while varying inference placement and detec-
tor configuration. Its contribution is not component-level novelty, but a comparative
assessment of how those design choices affect zone-occupancy quality, control-loop
behaviour, runtime burden, energy consumption, and privacy-relevant architectural
exposure within one coherent application setting. In this scope, actuation-level out-
comes are projected from models, not measured from a physically deployed lighting-
actuation subsystem.
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This chapter presents the conceptual framework used to analyse the study. It de-
fines the main constructs through which the studied system is interpreted: zone
occupancy as an application-level inference target, stereo-depth as a basis for spatial
reasoning, control-loop quality as more than detector accuracy, inference placement
as an architectural trade-off, and privacy exposure as a property of system design.
Together, these concepts explain why the evaluation considers not only whether per-
sons are detected, but also whether the resulting control behaviour is timely, stable,
feasible, and privacy-aware.

The function of this chapter is conceptual, not descriptive. It uses the technical
setting and related work introduced earlier to define the lenses through which the
later methodology, results, and discussion are interpreted.

4.1 From person detection to zone occupancy

Zone occupancy connects detector output to control-level consequences. The rele-
vant question is not only whether a person appears in an image, but whether the
perception pipeline produces a state that can reasonably be used by a zone-based
controller.

Zone occupancy is a derived state, not a direct detector output. Bounding boxes
and confidence scores are evidence, but the control-relevant state also depends on
how that evidence is interpreted spatially. This distinction is important because
uncertainty can enter at more than one point: the detector may miss a person, and
the spatial assignment may place a detected person in the wrong control relation.

The evaluation shifts from raw detection accuracy alone to the quality of the in-
ferred occupancy state. Within this scope, an occupancy estimate is useful when
it remains meaningful under conditions that challenge either detection or spatial
assignment. This explains why the evaluation later combines occupancy accuracy,
latency, stability, and robustness instead of treating detector performance as a sep-
arate result.
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4.2 Stereo depth as a basis for spatial reasoning
Stereo depth provides a way to transform image-space evidence into a spatial hy-
pothesis that can be tested against control zones. A detection is not treated only
as an object in an image, but as a possible occupant location in the controlled
environment.

Depth matters here because it enables spatial gating. Depth information can sup-
port rejection of detections that are inconsistent with the controlled area, reduce
ambiguity near zone boundaries or openings, and make it possible to interpret a
detection as a location estimate, not only an image-space event.

Depth is a mediating representation between perception and control. It does not
by itself answer the research questions, but it makes zone occupancy meaningful as
an evaluation target: the system can be evaluated on whether spatially interpreted
detections lead to useful zone states.

At the same time, the benefits of depth should not be overstated. Stereo depth
is an estimated quantity, so its role is enabling, not determinative. If the spatial
hypothesis is uncertain, that uncertainty can propagate into zone assignment and
then into downstream control behaviour. Depth is treated as a mechanism for spatial
reasoning, not as a guarantee of correct localisation.

4.3 Control-loop quality in occupant-facing au-
tomation

A camera-based zone-occupancy controller can be understood as a perception–
control loop: sensing produces evidence about occupancy, inference interprets that
evidence, and control logic maps the inferred state to lighting-control actions. In the
control model used here, those actions are represented as binary on/off activations,
not as dimming levels. Fixture-level actuation is outside the empirical evaluation
and is analysed only through projected activation intervals.

This distinction is particularly important in occupant-facing automation. A system
may achieve reasonable average detection performance while still behaving poorly as
a controller if small fluctuations around a zone boundary produce repeated projected
on/off changes. In a practical deployment, the binary occupancy signal should
normally be mediated by an actuator-side transition policy, for example gradual
fades or dimming ramps, so that occasional perception errors do not become abrupt
visible changes. Such smoothing is outside the empirical scope of this study because
the project did not have access to control the physical fixtures and did not measure
how much power the fixtures would consume at intermediate light-output levels.
Prior smart-lighting work similarly frames lighting actuation as part of the overall
control task [7]. Related dynamic lighting research likewise shows that sensing and
inference delays matter because lighting responses must remain aligned with moving
targets and comfort constraints [22].
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For this reason, the study treats latency, stability, and robustness as central con-
structs. Latency concerns how long it takes for a perceptual event to influence the
projected lighting state. Stability concerns whether the controller avoids unnec-
essary oscillation in response to noisy or ambiguous inputs. Robustness concerns
whether the overall loop continues to operate meaningfully under changes in scene
conditions, model choice, or deployment mode. These constructs are application-
level, not model-level: they describe the quality of the resulting behaviour, not just
the quality of the detector.

These constructs connect the conceptual framework to the later evaluation. RQ1
concerns zone-occupancy accuracy, robustness, and end-to-end latency. RQ3 con-
cerns projected lighting behaviour and net-energy outcomes at the application level.
The concepts introduced here define why the evaluation does not interpret a detector
as successful solely because it performs well on isolated inference metrics.

4.4 Inference placement as an architectural trade-
off

Inference placement is an architectural property that couples several quality at-
tributes, not a location choice in isolation. Moving inference changes not only
where computation happens, but also how timing, runtime feasibility, resilience,
energy use, and data exposure relate to one another.

Local execution and remote execution represent different forms of constraint. Local
execution reduces dependence on a remote communication path, but it also makes
the controller more dependent on the compute, memory, power, and thermal limits
of the local device. Remote execution can relax some local resource constraints, but
it introduces dependence on transport delay, request handling, and remote-service
availability. Neither placement can be evaluated only through detector accuracy.

For a zone-occupancy controller, placement can change the quality of the state
delivered to the control logic. A model that is more capable per frame may still
be less useful if its results arrive too late or become stale. Conversely, a smaller
local model may remain attractive if it produces sufficiently reliable states with
lower timing and communication burden. Inference placement is part of the control
problem, not merely an implementation detail beneath it.

Architectural comparison must be application-level. Placement should be assessed
through the consequences it creates for occupancy quality, timing, runtime burden,
energy, and privacy-relevant exposure together. This is why the study evaluates
edge and cloud configurations through system-level outcomes instead of treating
placement as a secondary runtime setting.
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4.5 Privacy-aware architectural reasoning
Camera-based automation is not judged solely by technical performance. The way
information is represented, processed, and transmitted affects whether a system is
realistic to deploy in shared indoor environments. Privacy is relevant here not only
as an ethical afterthought, but as a design-level property that constrains acceptable
architectures.

A useful conceptual distinction is the difference between localisation and tracking.
Localisation estimates where a person is at a given time, for example in terms
of coordinates or zone membership. Tracking, by contrast, maintains continuity of
identity across time, often through trajectories, persistent identifiers, or appearance-
based association. Some intelligent lighting systems use tracking to support richer
behavioural reasoning across time or across multiple cameras [7]. However, not every
control task requires that level of persistence. For zone-based lighting control, it can
be sufficient to estimate the current in-zone occupancy state without maintaining
long-lived identity information.

This distinction matters because data minimisation connects privacy requirements to
design choices such as limiting detail, retention, access, and the degree of identifica-
tion [30]. Ning et al. present a video-based positioning approach for multi-occupant
smart lighting in which spatial occupant information is used as the basis for fine-
grained lighting control [1]. Song et al. similarly present a privacy-preserving sensing
approach in which the system relies on an infrared-sensor-based representation, not
identity-rich camera imagery [21]. Kansal et al. make the broader point that pri-
vacy obligations in video systems apply across the full pipeline, including collection,
storage, processing, and transmission [5]. Taken together, these works suggest that
privacy exposure is shaped by architectural choices such as where inference runs,
what intermediate representations are retained, and whether raw video must leave
the edge device.

Here, the implication is modest but important: privacy-aware design is not separate
from technical system design. It influences which deployment strategies are feasi-
ble, which data representations are proportionate, and how much of the perception
pipeline can be justified in a practical building context. This does not, by itself,
determine which architecture is best, but it clarifies why privacy exposure must be
considered alongside latency, robustness, and energy consumption.

4.6 Implications of the theoretical framework
The framework has five direct implications for the rest of the study. First, success
is defined at the level of zone occupancy, not raw person detection alone. Second,
stereo depth is treated as the mechanism that makes spatial assignment possible,
while still being recognised as an uncertain measurement, not a perfect ground truth.
Third, the studied system is understood as a perception–control loop, which makes
latency, stability, and robustness application-level outcomes instead of secondary
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implementation details. Fourth, inference placement is treated as an architectural
decision that shapes responsiveness, runtime feasibility, resilience, and data expo-
sure, with empirical evaluation on edge and cloud. Fifth, privacy is treated as part
of system design, not as an external afterthought.

These implications explain why the study compares deployment strategies using
multiple criteria instead of a single detector benchmark. They also provide the
conceptual bridge to Chapter 5, where the constructs introduced here are opera-
tionalised through explicit factors, compared conditions, and evaluation measures.
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This chapter explains how the study operationalises the research questions. It de-
scribes the studied system, the compared conditions, how the evaluation is carried
out, and which measures are used to analyse the proposed controller variants. The
chapter makes explicit what is varied, what is measured, and what is kept con-
stant when the same zone-based lighting-control task is evaluated under different
deployment conditions.

The chapter combines methodological framing with technical specification because
the contribution is not a stand-alone detector benchmark, but the design and evalu-
ation of an end-to-end perception-and-decision pipeline situated in a lighting-control
context. The method explains both how the system is built and how the compari-
son is performed, while keeping clear that physical light-fixture actuation is treated
through separate calculations instead of as part of the implemented runtime.

5.1 Research approach and study design
The study is structured as an applied systems study in which alternative deploy-
ments of the same designed artefact are evaluated under controlled and field-like
conditions. This framing is consistent with software engineering research strategies
that study designed artefacts in relation to practical research problems and that
require trade-offs between measurement control, realism, and generalisability [33].
The artefact under study is a camera-based, stereo-depth-assisted, zone-occupancy
controller. The experiment compares alternative deployments of the same under-
lying control task in order to study trade-offs between perceptual quality, timing,
runtime burden, energy consumption, and practical feasibility.

The principal independent variables are inference placement and model configura-
tion. Cloud communication and request-handling behaviour are treated as part of
cloud operation, while lighting-actuation baselines are modelled separately from the
implemented runtime modes in the empirical evaluation. Across the full study, the
main dependent variables are zone-occupancy accuracy, robustness, decision-path
latency, runtime burden, operational energy consumption, projected lighting be-
haviour, and projected net-energy outcomes. To keep the comparison interpretable,
the study holds the monitored scene, camera placement, zone definitions, down-
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stream logic, and detector family constant where feasible.

The overall design is structured to answer the three research questions through
complementary forms of evaluation. RQ1 is addressed through measurements of
zone-occupancy accuracy, robustness, and decision-path latency. RQ2 is addressed
through runtime and energy-related measurements, including communication over-
head where applicable. RQ3 is addressed through model-based comparisons against
simpler baseline automation strategies because physical lighting actuation is not
implemented in the evaluated prototype. Controlled trials are used where repeata-
bility is necessary, while the field-like normal-working-day trace and replay-based
analysis are used where practical realism or cross-configuration comparability would
otherwise be difficult to obtain in the same environment.

5.2 System under study
The studied system is a camera-based, zone-aware lighting pipeline that combines
perception and spatial reasoning in a lighting-control context. Its purpose is to
detect people in the monitored scene, estimate whether they occupy predefined
spatial zones, and produce zone-occupancy states that can be used as input to a
separate lighting-control calculation. The system is evaluated under edge and cloud
inference-placement strategies while the overall control logic is kept as constant as
possible. This design makes it easier to attribute observed differences primarily to
placement and detector choice, not to changes in controller policy.

5.2.1 Hardware and sensing
The edge controller platform is the NVIDIA Jetson Nano Developer Kit. NVIDIA’s
user guide documents the relevant developer-kit revisions and integration details
used in practice, including JetPack OS support, Gigabit Ethernet, and power-supply
options for embedded deployment [34]. This platform is suitable for the study be-
cause it represents a constrained but realistic target for continuous edge-side per-
ception.

The sensing platform is a calibrated stereo-depth camera, the Stereolabs ZED 2i,
which provides RGB frames together with depth information aligned to the image
through the ZED SDK [17, 20]. In the studied system, depth is used as a geomet-
ric cue for zone membership, not for full scene reconstruction. More specifically,
detections are associated with spatial points and tested against predefined zone
boundaries so that image-space detections can be translated into control-relevant
occupancy states. The suitability of the ZED 2i for indoor spatial reasoning is
further supported by prior analysis of its depth accuracy under indoor operating
conditions [18].

Person detection is implemented using the YOLOv5 object-detection family, based
on the Ultralytics reference implementation [35]. YOLOv5 was selected because
it was compatible with the project hardware, TensorRT workflow, and available
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trained model variants. Multiple YOLOv5 variants are considered in order to ex-
pose a controlled trade-off between model capacity, runtime demand, and deploy-
ment feasibility. The same detector family is retained across the comparison so
that placement effects are not confounded with detector-family differences. Prior
edge-device studies show that YOLO-family deployment on Jetson-class hardware
involves trade-offs among throughput, power use, and feasibility, even though the
exact model choice remains dependent on the hardware, software stack, and task
[4, 36].

In edge configurations, person detection, depth extraction, zone assignment, and
logging all execute on the local device. In cloud configurations, only person detection
is offloaded to a remote endpoint. Depth extraction and zone assignment remain
local because the implemented pipeline obtains depth through the ZED SDK and
ZED Python API from the locally connected camera. A different stereo-camera
architecture could in principle move more of the spatial-processing pipeline, but
that redesign was outside the available time and study scope. The chosen method
keeps the ZED-dependent spatial stage local and uses the cloud comparison to isolate
the placement of person-detection inference.

5.2.2 Perception and control pipeline
At each control step, the system performs the following sequence:

1. the camera produces an RGB frame together with depth information.

2. the inference pipeline produces person detections, including bounding boxes
and confidence scores.

3. detections are converted into spatial points using depth information and tested
against zone definitions.

4. per-zone occupancy is computed, for example as an occupied/unoccupied state
and, where relevant, an in-zone count.

5. the resulting occupancy state is logged and used as input to later lighting-
control calculations.

This structure operationalises the conceptual distinction between person detection
and zone occupancy introduced earlier in the study. The detector does not directly
control the lighting. Instead, detections are translated into control-relevant spatial
states. The evaluation reflects the actual task of the system, namely zone-based
occupancy reasoning in a lighting-control setting, not generic frame-level detection
alone.

The evaluated runtime does not apply a separate fixture-side smoothing layer. In-
stead, the implemented system relies on fixed mode settings such as shared thresh-
olds and, in selected modes, motion-gated inference. These settings are held con-
stant within comparable experiments so that observed differences can be attributed
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to model and deployment effects, not to changing runtime parameters.

5.3 Compared conditions
The comparison is organised around a small set of explicitly defined factors so that
the resulting analysis remains interpretable.

5.3.1 Inference placement
Inference placement is the primary architectural factor in the study. Two configu-
rations are considered in the empirical comparison:

• Edge: person detection, depth extraction, zone assignment, and logging are
executed locally on the edge device.

• Cloud: person detection is executed remotely, while depth extraction, zone
assignment, and logging remain local and operate on the returned detections.

This factor is central because it changes the trade-off between local resource use,
communication dependence, timing behaviour, and privacy exposure.

5.3.2 Cloud inference endpoint
The cloud configuration uses a GPU-backed HTTP inference service, not a provider-
specific managed service. The edge device sends selected RGB frames as JPEG pay-
loads to a configured /infer endpoint using the DATX05_CLOUD_INFER_URL setting.
Before transmission, frames are downscaled so that the longest side is at most 640
pixels, and JPEG quality is set to 60. The endpoint is served by a FastAPI applica-
tion running under Uvicorn in a Docker container with a CUDA-enabled PyTorch
runtime.

On the remote endpoint, each request is decoded, passed to a YOLOv5 v7 inference
runtime on cuda:0, filtered to the person class, and returned as JSON containing the
frame identifier, bounding boxes, confidence values, payload size, and timing fields.
The cloud model uses an image size of 640, confidence threshold 0.40, IoU threshold
0.45, and a maximum of 300 detections. The endpoint serialises model execution
with a single inference lock, while the edge-side cloud mode controls how many
requests may be in flight. The measured cloud behaviour therefore includes not
only remote model inference, but also the configured request path, frame encoding,
decoding, queueing, stale-result handling, and transport telemetry.

5.3.3 Model configuration
Model configuration is varied within the YOLOv5 family so that detector com-
plexity can be studied without also changing detector family. Holding the family
constant reduces confounding and supports cleaner interpretation of deployment ef-
fects. When placement is compared directly, the detector family is held constant
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across configurations. When model scaling is analysed, the comparison is reported
as a within-family comparison, not as a detector-family comparison.

Table 5.1: Model and deployment configurations used in the empirical comparison.

Configuration Model variants Execution meaning Reported use

Edge V5x, V5l, V5l-kd,
V5m, V5s, V5s-kd,
V5n

Person detection runs
locally on the Jetson
Nano using TensorRT
engines. Depth extrac-
tion, zone assignment,
and logging are also lo-
cal.

Occupancy,
timing,
working-day
trace, and pro-
cessing energy

Cloud Same seven retained
YOLOv5 variants

Person detection runs
on the remote HTTP
endpoint. The edge de-
vice sends JPEG frames
and receives detections,
while depth extraction,
zone assignment, and
logging remain local.

Occupancy,
timing,
working-day
trace, and pro-
cessing energy

Cloud in-flight
tuning

Same cloud endpoint,
grouped by maximum
in-flight request setting

Request concurrency is
varied using maximum
in-flight settings of 1, 2,
3, 4, and 8.

Queue-drop,
stale-result, and
timing teleme-
try

Excluded
checkpoints

best_kd_m, best_kd_n Generated outputs exist,
but they are excluded
from the reported anal-
ysis to keep the retained
comparison consistent.

Not reported in
result tables or
figures

5.3.4 Conditional deployment factors

Some experimental factors apply only to specific deployment modes. For cloud
logging modes, the maximum number of in-flight requests is treated as an opera-
tional parameter because it affects queue drops, stale results, and timing variation.
Communication delay and remote-service availability are interpreted through the
available timing and queue telemetry, not through a separate network-impairment
experiment. Edge inference serves as the local reference condition because it is not
subject to the same communication path.

Lighting-control granularity is treated as an application-level factor, not a perception
factor. Where granularity itself is not the object of comparison, it is held constant
so that observed differences can more clearly be attributed to deployment and model
effects.
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5.4 Projected lighting-actuation model
This section defines how logged zone-occupancy states are translated into projected
lighting behaviour and theoretical lighting-energy use. The runtime prototype pro-
duces zone-occupancy decisions and technical logs. It does not directly switch the
physical fixtures during the evaluated runs. For that reason, lighting behaviour
is reconstructed after the fact from the logged red, yellow, and blue zone states.
The model applies deterministic activation rules to these logged states so that the
same occupancy trace can be compared under a zone-aware controller, a room-level
motion-detector baseline, and a physical-switch baseline. This separates the mea-
sured perception output from the later lighting-energy calculation and makes clear
that the reported lighting energy is projected, not measured at the fixture.

5.4.1 Lighting-actuation mode definitions
The comparison uses three lighting-actuation modes. In the zone-aware mode, the
red, yellow, and blue zones are controlled independently. A detection in one of these
zones activates only the fixtures mapped to that zone, and that zone remains active
until 15 seconds after the zone is last observed as occupied. The no-zone state is
not treated as a lighting zone and does not activate fixtures in this model. In the
motion-detector baseline, occupancy detected anywhere in the lamp-bearing part of
the room activates all lamp-bearing zones together. The lights then remain active
for eight minutes after the last detected activity, because this is the delay used by
the lighting-control behaviour in the tested rooms. In the physical-switch baseline,
all fixtures in the evaluated room model are treated as on for the full analysed
duration. All three modes are modelled as binary on/off lighting states. Dimming
is not included in the calculation.

5.4.2 Physical lighting setup: zones, fixtures, wattage as-
sumptions

The lighting calculation uses the physical room zones selected for the energy compar-
ison. The red and yellow zones represent work areas, while the blue zone represents
the corridor area. The model uses the fixture counts and nominal lamp wattages
from the tested part of the room: the red work area is represented by two 36 W
commercial LED panel fixtures, the yellow work area by two 36 W commercial LED
panel fixtures, and the blue corridor by four 36 W commercial LED panel fixtures.
These assumptions are encoded in the analysis pipeline and are used to compute
projected lighting energy from the reconstructed lighting states. The experiment
does not directly measure the lamps during the test.

5.4.3 False-positive treatment
False-positive detections matter because they can activate lighting even when no
lamp-bearing zone is occupied. The workflow keeps false-positive lighting time sep-
arate from ordinary occupied-zone lighting time. A false-positive interval is counted
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when the logged state indicates activity outside the lamp-bearing red, yellow, and
blue zones while those lamp-bearing zones are empty. This value is used to identify
erroneous lighting time and, where applicable, the projected lighting energy associ-
ated with that error. The purpose is not only to count detector mistakes, but to
connect those mistakes to the response-quality consequences they would have in a
lighting-control setting.

5.4.4 Full-day trace and projected lighting analysis
The full-day trace refers to the field-like working-day recording used for the extended
lighting and energy analysis. It is called full-day because the test was intended
to represent a normal day of work in the monitored environment, not because it
represents a 24-hour measurement. The trace is still evaluated as one bounded
recording rather than as long-term operational evidence. Each logged zone-state
change is treated as valid until the next logged change or until the end of the
analysed window. The zone-aware mode is reconstructed by applying the per-zone
15-second hold rule independently to the red, yellow, and blue zones. The motion-
detector baseline is reconstructed by treating activity in any lamp-bearing zone as
room-level activity and then applying the eight-minute hold rule. The physical-
switch baseline is reconstructed as a single interval in which all lamps are active for
the entire analysed duration. For each interval, the active fixtures are translated
into watts using the configured zone-to-fixture mapping, and accumulated energy
is calculated over time. The same reconstructed intervals also support timeline
overlays that show when each modelled lighting mode would be active.

5.5 Data collection and evaluation procedure
The study combines controlled trials, one field-like normal-working-day trace, and
trace-based analysis. Controlled trials provide repeatable scenarios, while the field-
like trace preserves a more natural temporal sequence from the monitored environ-
ment. Trace replay and log-based reconstruction then allow the same underlying
sequence to be compared across models and between edge and cloud execution.

5.5.1 Controlled trials and field-like trace
In the controlled trials, recorded occupants follow scripted movement patterns through
the predefined zones so that different model variants and deployment strategies can
be compared on similar inputs. The scenarios include events that are particularly
relevant to the research questions, such as entering and leaving zones, hovering near
boundaries, partial occlusion, and the presence of multiple occupants. By constrain-
ing movement patterns and scene conditions, the study reduces environmental varia-
tion and improves the comparability of the resulting measurements. The evaluation
treats the recorded people as part of the test scene, not as a sampled participant
population, and no participant-level statistical claims are made.

The field-like recording complements the scripted trials with a normal-working-day
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sequence from the monitored environment. Exact side-by-side repetition across con-
figurations would not be possible during live ordinary use, so the recording is cap-
tured as an SVO trace and replayed to the controller under different deployment
settings. This strengthens internal comparability while preserving a closer connec-
tion to realistic operating conditions than purely synthetic tests would provide.

5.5.2 Implemented empirical evaluation procedure
The empirical results reported in Chapter 6 are based on repeatable batch logging
runs in edge and cloud modes, together with a separate cloud in-flight tuning anal-
ysis. For the replay-based occupancy experiments, each selected YOLOv5 variant is
executed on the same prerecorded SVO sequences so that the visual input remains
constant across repeated runs and across compute targets. Edge runs are repeated
20 times per model and cloud runs 10 times per model. The checkpoints best_kd_m
and best_kd_n are excluded by the analysis pipeline so that the reported tables and
figures remain restricted to the seven model variants retained consistently across the
generated edge and cloud outputs.

The occupancy analysis is based on controller frame-change logs, not sparse sum-
mary counts alone. For each run, the logged state changes are parsed and converted
into a per-frame reconstruction of observed zone occupancy. This makes it possible
to evaluate the controller at the level of the time-varying control signal, not only at
the level of isolated detection events.

To keep the comparison consistent across models, each scenario is analysed within
a fixed manually defined frame window that is shared by all model variants in that
scenario. Start and end frames are not adjusted per model. Instead, the same
scenario window is used for all runs, and the reconstructed observed occupancy is
compared frame by frame against a manually defined expected occupancy trace for
that scenario. These expected traces were defined by the authors from the recorded
scenarios and checked against the scenario descriptions before analysis. They should
not be interpreted as independently validated ground truth. This introduces anno-
tation uncertainty, especially near transition frames and zone boundaries, where the
exact moment of occupancy change may be ambiguous. The reported occupancy
metrics should be read as performance relative to the defined annotations, not as
absolute measurement against an independent ground-truth system.

The reported occupancy scenarios are defined as follows:

• Day, no obstruction: frames 44–430, with expected occupancy no_zone=1.

• Night, no obstruction: frames 34–420, with expected occupancy no_zone=1.

• Day, object obstruction: frames 45–485, with manually defined intervals
for the behind obstruction and outside obstruction phases.

• Day, person obstruction: frames 1–457, with phase boundaries at frames
35, 146, and 393.
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In addition to these occupancy scenarios, the cloud evaluation includes an in-flight
tuning study in which cloud logging telemetry is aggregated under several maxi-
mum in-flight request settings. This part of the evaluation is used to study queue
drops, stale results, and timing behaviour under different cloud request concurrency
configurations. Longer edge and cloud working-day trace runs support the pro-
jected lighting and power-related comparisons over an extended sequence intended
to reflect a normal day of work in the monitored environment.

This procedure is intentionally conservative. Because the same manual frame win-
dows and expected occupancy definitions are reused across all models within a sce-
nario, differences in reported performance are intended to reflect model and de-
ployment behaviour, not scenario-specific alignment choices. The trade-off is that
fixed windows may penalise models differently near scenario boundaries if one model
changes state slightly earlier or later than another. This is accepted in order to avoid
model-specific scoring adjustments.

5.6 Evaluation methodology
This section explains how the empirical evaluation is carried out in practice and
why it is structured in this way.

5.6.1 Evaluation workflow
For the replay-based occupancy experiments, the prototype is executed in repeat-
able batch modes that replay the same SVO recording across multiple models and
multiple runs. Each run produces log output that contains occupancy state changes
for the relevant zones and, in cloud modes, additional timing and queue telemetry.
Custom analysis scripts then reconstruct a dense per-frame occupancy trace from
these sparse change logs and compare that trace against a manually defined expected
trace within a fixed analysis window.

Scenario-specific difficulty variants are handled through fixed partitions within each
recording. In the object-obstruction scenario, separate intervals are scored for
behind-obstruction and outside-obstruction behaviour. In the person-obstruction
scenario, the analysis uses fixed boundary frames to separate phases such as no-zone
before, the obstructed two-identification period, and no-zone after. These partitions
make it possible to evaluate not only overall scenario performance, but also which
part of the scenario causes degradation.

For the cloud in-flight analysis, the methodology is different because the purpose
is not spatial occupancy scoring but cloud-runtime characterisation. Here the logs
are grouped by cfg_max_inflight, and repeated runs are summarised using queue-
drop counts, stale-result counts, and timing fields such as total cloud time, request
time, transport time, and inference time. For the working-day lighting analysis,
sparse zone-state logs are reconstructed into continuous intervals and exported as
CSV tables. The main table reports projected lighting energy for each model under
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the zone-aware controller and the two baselines. Separate sidecar tables report
reconstructed lighting intervals, runtime timing summaries, power summaries, and
net-energy balances.

Table 5.2: Empirical material reported in Chapter 6.

Scenario Compute tar-
get(s)

Repetitions Main reported out-
put

Day no obstruc-
tion

Edge, cloud 20 / 10 per
model

Zone-occupancy quality

Night no obstruc-
tion

Edge, cloud 20 / 10 per
model

Zone-occupancy quality

Object obstruc-
tion

Edge, cloud 20 / 10 per
model

Variant-based occu-
pancy quality

Person obstruc-
tion

Edge, cloud 20 / 10 per
model

Multi-identification oc-
cupancy quality

Cloud in-flight
tuning

Cloud 15 per config-
uration

Queue and timing
telemetry

Working-day
trace

Cloud, edge 1 per model
and target

Projected lighting be-
haviour and energy

5.6.2 Rationale for the evaluation design

The evaluation is structured in this way for several methodological reasons:

• replaying the same SVO sequence across models and compute targets ensures
that the compared configurations see the same visual input,

• reconstructing per-frame zone occupancy from controller logs evaluates the
actual control-relevant signal, not only raw detector outputs,

• fixed analysis windows and fixed expected traces avoid model-specific tuning
of the scoring procedure,

• repeated runs per model make it possible to summarise variability instead of
relying on single-run behaviour, and

• separating cloud in-flight tuning from occupancy scoring isolates queueing and
transport effects that would otherwise be difficult to interpret inside aggregate
accuracy numbers alone.

An additional advantage is that the methodology reduces reliance on long-term
storage of raw video for scoring, since the reported metrics can be derived from
logged controller outputs and predefined scenario definitions. This supports both
repeatability and data minimisation.
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5.7 Evaluation measures
The evaluation measures are selected to match the control task and the three re-
search questions. The study does not rely only on detector-level benchmarks, but
evaluates the system at the level of zone occupancy, controller behaviour, runtime
burden, and energy-related consequences.

5.7.1 Zone-occupancy measures
The primary performance measures are derived from frame-level comparison be-
tween reconstructed observed occupancy and expected occupancy. Correct % is the
proportion of analysed frames in which the observed occupancy exactly matches the
expected occupancy. Missed % is the complementary proportion of analysed frames
that do not match the expected occupancy.

In addition to frame-level correctness, the analysis reports scenario-specific error
terms. In count-based analyses, drops count missing individuals as max(expected −
observed, 0). In binary presence analyses, drops instead describe interruptions in an
expected occupied state, such as transitions from detected to not detected inside an
expected-presence interval. False positives count excess individuals as max(observed−
expected, 0) where count-based precision is meaningful. Precision and recall are then
computed from aggregated true-positive, false-positive, and false-negative counts
over the analysed frames where those terms are supported by the scenario defini-
tion.

These measures are used because the relevant output of the system is not generic
image detection, but a control-relevant estimate of whether specific zones are occu-
pied and, where relevant, how many occupants are present in them. In the simpler
no-obstruction and object-obstruction analyses, precision is less informative than
missed frames, drops, and recall because the task is dominated by expected-presence
reconstruction. In the person-obstruction analysis, precision and recall are both re-
tained because multi-person detection behaviour makes both under-counting and
over-counting relevant.

5.7.2 Robustness and control-loop measures
Robustness is assessed by examining how performance changes under more difficult
but relevant conditions, including illumination change, partial occlusion, boundary
cases, and more crowded scenes. For cloud-related evaluation, robustness also in-
cludes communication-sensitive behaviour such as queue drops and stale results.
This makes it possible to study whether a deployment alternative remains useful
only under favourable conditions or also under more challenging ones.

Latency is treated as decision-path latency, not fixture-switching latency. The re-
ported timing analysis uses the timing fields that are explicitly logged by the im-
plemented runtime. Edge working-day logs provide local request_ms and infer_ms
values, while cloud logs provide fields such as cloud_total_ms, request_ms, transport_ms,
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decode_ms, and queue-wait timing, together with queue-drop and stale-result teleme-
try. These fields characterise the observed decision path, but they do not claim to
isolate every possible capture and postprocessing contribution. Physical actuator
delay is not part of this measurement because fixture actuation is not implemented
in the evaluated runtime.

Stability is assessed indirectly in the reported empirical evaluation, primarily through
occupancy misses, drops, stale-result behaviour, and the consistency of the recon-
structed control-relevant signal. The prototype was not connected to any physical
light fixtures during evaluation, and does not report any separate stability aggre-
gate. The study can identify indicators that may affect stability, such as missed
states or stale cloud responses, but it cannot directly measure visible fixture oscilla-
tion, dimming smoothness, occupant-perceived stability, or actuator-side behaviour.
A dedicated stability evaluation would require fixture-level actuation or a compa-
rable test setup where projected state changes can be observed as physical lighting
responses.

5.7.3 Runtime burden and energy

Runtime burden is characterised through the telemetry that is available from the im-
plemented system: decision-path timing, inference timing where separately logged,
queue drops and stale results where cloud communication is involved, and through-
put or frame-processing rate where it can be derived from the logs. These measures
describe whether a deployment configuration can produce useful occupancy deci-
sions continuously, without promising direct CPU utilisation, GPU utilisation, or
memory-footprint measurements. Edge working-day runs do not use the cloud re-
quest queue, so cloud-specific sent, dropped, stale-result, and failure counters are
not meaningful for that mode.

Energy-related measures connect the processing cost of the sensing and inference
pipeline to the projected value of lighting control. Processing energy is calcu-
lated from available power telemetry, while lighting energy is calculated from re-
constructed lighting intervals. To keep these terms explicit, the study also reports
a net-energy perspective:

Enet = Elighting saved − Eprocessing

This formulation makes explicit that improved lighting control should be interpreted
together with the energy use of the sensing and inference pipeline itself. In the
reported calculations, Eprocessing is the measured edge total energy for edge runs
and the combined measured edge-side plus cloud-GPU energy for cloud runs. The
lighting-saved term is a modelled projection, not a directly measured fixture-level
saving.
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5.8 Energy consumption
This section documents the power-logging implementation and measurement bound-
aries behind the processing-energy terms introduced above. Runtime energy is
treated separately from projected lighting energy so that the sensing and inference
pipeline is not hidden inside the lighting-control comparison. Where direct power
samples are available, average power is converted to energy over the measured run-
time.

5.8.1 Power-logging instrumentation details
This subsection documents the instrumentation used for power-related measure-
ment and logging. On the edge device, Jetson power telemetry is sampled with
tegrastats at a 1000 ms interval. The analysis uses total device input power as
the processing-energy basis. GPU power is retained only as diagnostic information
and is not added again.

For cloud inference, direct whole-system power measurement on the remote infras-
tructure is not available. The analysis combines logged cloud-GPU power with
edge-side total input power and converts average power over the analysed duration
to processing energy. Network routers, full cloud-host power, CPU, memory, stor-
age, and datacentre overhead are excluded because they cannot be measured reliably
within the study setup and are outside the study’s measurement boundary.

5.8.2 Energy-assumption boundaries
These boundaries mean that the cloud results should be read as partial processing-
energy estimates, not as complete cloud-infrastructure energy. Cloud provider billing
is not analysed as a direct financial charge. The calculation also keeps measured pro-
cessing energy separate from projected lighting values and from explicitly excluded
components.

5.9 Baseline automation strategies
To address the application-level value of the proposed controller, the system is com-
pared with simpler baseline strategies that represent different levels of lighting-
control granularity. These baselines act as modelled comparators for interpreting
the practical value of depth-aware zone reasoning.

The baseline strategies are:

• Physical-switch baseline: all mapped fixtures in the tested room model are
treated as active for the full analysed duration.

• Motion-detector baseline: activity anywhere in the lamp-bearing part of
the room activates all mapped fixtures, and the active state remains for eight
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minutes after the most recent detected activity.

• Zone-aware controller: each lamp-bearing zone is controlled independently
from its reconstructed occupancy state, so that the red and yellow work areas
and the blue corridor can be lit separately.

These baselines represent different levels of lighting-control granularity. The physical-
switch baseline captures the energy consequence of keeping the tested fixture group
active throughout the evaluated period. The motion-detector baseline captures the
behaviour of room-level occupancy-triggered lighting with the same eight-minute
delay used in the tested rooms. Comparing these baselines with the zone-aware
controller helps determine whether the added complexity of depth-assisted zone
reasoning produces visible benefits at the application level, especially in relation to
projected lighting behaviour and projected energy outcomes. These baselines are
treated as modelled comparators, not as separately measured fixture-control exper-
iments.

5.10 Ethical and privacy considerations
Because the studied system uses person-related visual data, ethical handling is
treated as part of the method, not only as a later discussion point. In addition
to GDPR-related requirements, the study is guided by research-integrity principles
of reliability, honesty, respect, and accountability [37, 27].

5.10.1 Consent and recording practice
Participation in recordings is voluntary and based on informed consent, with par-
ticular care taken because the recordings take place in a workplace-like setting [29].
Before recording, participants receive written information about the purpose of the
study, what data is collected, how the material will be used, who may access it, and
how long it will be retained. Participants are informed that they may withdraw, and
identifiable material associated with a withdrawal is removed from analysis where
feasible.

Recordings are limited to defined test areas and planned recording periods. Visible
notice is used when the camera is active, and material that unintentionally captures
non-participants is excluded from analysis and deleted as soon as practicable. The
collected material is used for study evaluation only, primarily through controller logs,
derived occupancy states, and aggregated results instead of long-term retention of
raw imagery.

5.10.2 Data minimisation, storage, and retention
The study is designed so that raw imagery is not required for the primary evaluation.
By default, the retained material is limited to what is needed for the reported
metrics, such as derived controller outputs, technical logs, and aggregated analysis
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results. This follows the data-minimisation logic of limiting detail, retention, access,
and identifiability where possible [30]. The system does not perform face recognition,
identity inference, or long-term person tracking. Occupancy is treated as an identity-
free control signal.

Stored data is handled according to the principle of least privilege. Access is re-
stricted to the authors and, where necessary, supervisors or examiners. Where
storage or transfer is required, the study uses controlled project storage and en-
crypted channels where feasible. Raw frames collected for annotation are kept only
as long as needed for labelling and verification and are then deleted. Derived logs
and aggregated results are retained only for the duration required to complete the
project and examination, after which they are removed or archived in anonymised
form where appropriate.

5.10.3 Privacy-aware deployment reasoning
Because inference placement is one of the main variables in the study, the eval-
uation explicitly accounts for how privacy exposure differs across configurations.
Edge inference is preferred where feasible because it avoids transmitting raw camera
data beyond the local device. When cloud inference is evaluated, the study treats
data transfer and persistence as design constraints: the intended role of the cloud
endpoint is transient inference, not long-term storage, and any broader deployment
would need to consider infrastructure location, transfer paths, and supplementary
safeguards where applicable [31, 32].

These choices operationalise the study-wide claim that privacy is a design constraint.
They also ensure that the comparison between edge and cloud deployment is not
interpreted only as a performance comparison, but also as a comparison of architec-
tural exposure.

5.10.4 Research integrity and reporting practice
The European Code of Conduct for Research Integrity emphasises reliability, hon-
esty, respect, and accountability as core principles for responsible research practice
[37]. In this context, these principles are operationalised through documented ex-
periment scripts, transparent reporting of methodological constraints, proportionate
handling of participant-related data, and explicit responsibility for storage, deletion,
and analysis. This framing helps keep the ethics section concrete and makes clear
that responsible handling of participants, data, and reporting quality is part of the
methodological design of the study.

5.11 Threats to validity
This section identifies the main validity threats associated with the study and how
they are addressed.
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5.11.1 Internal validity
Internal validity concerns whether observed differences can reasonably be attributed
to the studied factors, not to uncontrolled confounds. Here, threats include calibra-
tion errors, annotation bias, variation between experimental runs, and unintended
differences in configuration between deployment variants. These threats are miti-
gated through the ZED 2i’s calibrated sensing pipeline, predefined zone definitions
for each scenario, repeatable trial design, consistent logging, and repeated measure-
ments across comparable scenarios.

5.11.2 External validity
External validity concerns how far the findings may transfer beyond the studied set-
ting. The results may depend on the layout of the room, the camera placement, the
lighting conditions, the distance to occupants, and the specific characteristics of the
tested hardware and network environment. For that reason, the study interprets its
conclusions within the scope of the evaluated environment and reports the scenario
characteristics needed to understand those limits.

The field-like material should be interpreted as illustrative of one monitored en-
vironment, not as representative of all workplaces, building types, or geographical
regions. Generalisability is also affected by the data used to train the detector
variants. Because the study uses available trained models and open-source training
material instead of site-specific long-term data collection, performance may differ
in environments with other clothing, lighting, camera angles, furniture layouts, or
occupancy patterns. A deployed system could potentially improve local robustness
by collecting and retraining on data from its own environment, but this would in-
troduce additional privacy, consent, retention, and GDPR-related constraints. For
that reason, the study uses limited controlled and field-like recordings for evaluation
instead of continuous self-training on workplace data.

5.11.3 Construct validity
Construct validity concerns whether the chosen measures capture the qualities the
study claims to evaluate. The metrics are chosen to match the purpose of the
controller: zone-occupancy accuracy, robustness, decision-path latency, stability,
runtime burden, and energy-related impact. A remaining limitation is that cloud-
related energy outcomes do not represent complete provider-side infrastructure en-
ergy. The results are interpreted within the stated measurement boundary, not as
complete datacentre-energy measurements.

The expected traces were manually defined by the authors from the recorded scenar-
ios and then checked against the scenario descriptions before analysis. They should
not be interpreted as independently validated ground truth. This creates a risk of
annotation bias, especially near transition frames and zone boundaries, where the
exact moment of occupancy change may be ambiguous.
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5.11.4 Reliability
Reliability concerns whether the study could be repeated with the same proce-
dure and produce comparable observations. To support reliability, experiments are
scripted where possible, the evaluation pipeline is logged, and the main analysis
steps are documented. This does not eliminate all uncertainty, especially in field-
like settings, but it improves the traceability and repeatability of the study.
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6
Results

This chapter presents the empirical and analytical results used to answer the three
research questions. The first part reports zone-occupancy accuracy and robustness
under the controlled replay scenarios. The second part reports decision-path latency
and cloud runtime-burden telemetry. The third part reports full-day projected light-
ing behaviour, processing energy, and net-energy outcomes relative to the baseline
automation strategies.

The results should be read with the measurement boundaries defined in Chapter 5.
The controlled occupancy results are based on repeatable replay runs. The full-day
lighting results are analytical projections from logged zone states rather than mea-
surements from physical fixture actuation. Edge full-day runs do not use the cloud
request queue, so cloud-specific sent, dropped, failure, and stale-result counters are
only meaningful for the cloud-mode full-day run. Cloud energy includes logged
cloud GPU power and measured edge-side power, while full cloud-host power, CPU,
memory, storage, network equipment, and datacentre overhead are outside the mea-
surement boundary.

6.1 Zone-occupancy accuracy and robustness
This section addresses the accuracy and robustness part of RQ1. The main reported
metric is recall, because missed occupied states are especially important for a zone-
occupancy controller: if an occupied zone is not reconstructed as occupied, the
projected lighting-control model may fail to activate the relevant lights. Precision
is also reported where multi-person behaviour makes over-counting relevant.

6.1.1 No-obstruction scenarios
The no-obstruction scenarios provide the least occluded comparison setting and
therefore serve as a reference point for how the evaluated models behave under
simpler daytime and night-time conditions. Table 6.1 reports the mean recall across
models together with the best- and worst-performing model for each deployment
target.

Across both no-obstruction conditions, cloud inference achieved higher mean recall
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Table 6.1: No-obstruction results. Mean recall is averaged across all evaluated
models for the stated condition, with sample standard deviation reported in per-
centage points.

Scenario Target Mean recall
± SD

Best Worst

Day no obstruc-
tion

Edge 91.50% ± 8.87 V5x (97.6%) V5s (74.3%)

Day no obstruc-
tion

Cloud 98.54% ± 0.79 V5l / V5x
(99.5%)

V5s-kd
(97.5%)

Night no obstruc-
tion

Edge 56.39% ± 9.61 V5s-kd
(69.1%)

V5s (39.5%)

Night no obstruc-
tion

Cloud 92.69% ± 3.44 V5s (96.9%) V5l-kd
(88.5%)

than edge inference. The difference was modest in the daytime setting, where the
strongest edge models were close to the cloud models, but it became large at night.
The night-time result functions as an illumination-robustness result even though no
object physically obstructed the person: reduced illumination was associated with
substantial degradation in the edge deployment.

6.1.2 Object-obstruction scenario

The object-obstruction scenario isolates performance under partial visual obstruc-
tion and is therefore reported separately for the behind-obstruction and outside-
obstruction phases. Table 6.2 summarises the mean recall for each variant and the
best-performing model in edge and cloud execution.

Table 6.2: Object-obstruction results by scored variant.

Variant Edge
mean

Cloud
mean

Best edge Best cloud

Behind obstruction
(zone1 > 0)

40.94% ±
8.77

81.39% ±
0.56

V5x (52.4%) V5s (82.1%)

Outside obstruction
(no_zone > 0)

84.93% ±
7.75

99.50% ±
0.67

V5l-kd
(94.4%)

Several models
(100.0%)

In both scored variants, cloud inference produced higher mean recall than edge
inference. The largest absolute gap appeared in the behind-obstruction phase, where
the edge results degraded more strongly. This phase is relevant to lighting control
because real rooms contain furniture, people, and other visual barriers that can
partially hide occupants. A controller that performs well only when the person is
fully visible may still produce missed or delayed lighting decisions in ordinary use.
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6.1.3 Person-obstruction scenario
The person-obstruction scenario introduces multi-person detection behaviour and
is therefore reported both for the main zone-focused variants and for the no-zone-
focused variants. Tables 6.3 and 6.4 summarise the corresponding recall results.

Table 6.3: Person-obstruction results for the main zone-focused variants.

Variant Edge
mean

Cloud
mean

Best edge Best cloud

Combined total
(zone1+no-zone)

87.03% ±
5.60

92.79% ±
4.30

V5n (95.2%) V5m (96.6%)

Zone1 total 84.51% ±
6.67

91.26% ±
5.41

V5n (94.1%) V5m (96.1%)

Zone1 per-
son_obstructed

78.39% ±
8.98

91.19% ±
7.71

V5n (91.5%) V5m (98.1%)

No-zone total (be-
fore+after)

97.09% ±
2.48

98.86% ±
0.35

V5n (99.7%) V5n (99.4%)

Table 6.4: Person-obstruction results for the no-zone focused variants.

Variant Edge
mean

Cloud
mean

Best edge Best cloud

No-zone before 97.87% ±
1.70

98.47% ±
0.59

V5s (99.8%) V5l / V5n
(99.0%)

No-zone after 95.76% ±
3.96

99.46% ±
0.72

V5n (100.0%) V5n / V5s
(100.0%)

Outside zone1 in per-
son_obstructed

100.00% ±
0.00

100.00% ±
0.00

All models
(100.0%)

All models
(100.0%)

For the zone-focused variants, cloud inference again achieved higher mean recall
than edge inference. For the no-zone-focused variants, both deployment modes
remained comparatively strong, and the outside-zone condition reached perfect recall
across all models. In the combined person-obstruction total, precision was high for
both deployments: 97.8–99.3% on edge and 98.9–99.6% in cloud mode. The larger
variation was in missed occupied states rather than in false-positive over-counting.
For projected lighting control, this means that the main risk in this scenario is an
occupied zone remaining inactive, rather than widespread unnecessary activation.

6.1.4 Model choice across scenarios
The scenario results show that no single YOLOv5 variant is best in every condition.
On edge, the best model changes between the evaluated scenarios: V5x is strongest
in the daytime no-obstruction setting and behind-object-obstruction phase, V5s-kd
is strongest in the night-time no-obstruction setting, V5l-kd is strongest outside
the object obstruction, and V5n is strongest in several person-obstruction variants.
The cloud results also vary by scenario, with V5l/V5x strongest in the daytime
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no-obstruction case, V5s strongest at night and behind the object obstruction, V5l-
kd and several non-distilled models reaching perfect recall outside the object ob-
struction, and V5m strongest in several zone-focused person-obstruction variants.
Figure 6.1 visualises the same model-dependence separately for edge and cloud ex-
ecution.
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Figure 6.1: Cross-scenario performance heatmaps. Darker cells indicate better
performance, measured as 100−missed percentage. The figure shows that model
performance is condition-dependent rather than dominated by a single model across
all scenarios.

The controlled replay scenarios provide two main RQ1 findings. First, cloud infer-
ence generally produced stronger recall, especially under low light and obstruction.
Second, model configuration still mattered inside each placement, so placement and
model size cannot be treated as independent decisions.

6.2 Decision-path latency and runtime burden
This section reports the timing and runtime-burden results that support RQ1 and
RQ2. The full-day timing table is derived from the full-day stress-trace logging
outputs used for the later lighting and power analyses, but it aggregates the available
timing fields separately from the energy calculations. The edge full-day timing fields
report local model inference and local request time from the controller logs. The
cloud timing fields report model inference together with cloud total time and edge-
observed transport time from cloud telemetry. For the cloud values, transport time
is the broadest timing boundary and is therefore the closest available indicator of
the cloud decision path.

The edge timing results show a large model-size effect. Mean local request time
ranged from 63.6 ms for V5n to 627.2 ms for V5x. Cloud inference reduced the
model-inference part of the timing substantially for all larger models: V5x averaged
53.9 ms for cloud inference compared with 594.7 ms for edge inference. However,
the cloud transport boundary was higher than the fastest edge local decision path,
ranging from 117.9 ms to 142.1 ms across models. The latency result is not that one
placement is always faster. Cloud placement reduced heavy-model inference time,
while edge placement avoided transport overhead and gave the smallest model the
lowest observed end-to-end timing.
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Table 6.5: Full-day decision-path timing by model. Values are model-level means
in milliseconds.

Model Edge
infer

Edge
request

Cloud
infer

Cloud
total

Cloud
transport

V5n 35.6 63.6 10.1 28.8 118.7
V5s-kd 78.6 108.2 10.0 30.5 117.9
V5s 76.3 105.7 10.3 31.0 120.0
V5m 190.5 222.2 17.3 38.5 126.2
V5l-kd 345.1 377.4 29.8 51.7 131.4
V5l 356.3 387.4 29.6 50.9 131.5
V5x 594.7 627.2 53.9 75.0 142.1

6.2.1 Cloud in-flight tuning
The cloud in-flight tuning results complement the full-day timing analysis by report-
ing how request-concurrency settings affect cloud-runtime behaviour. The tuning
run uses the day no-obstruction cloud setup as a stable visual input for isolating
request scheduling effects; it should not be read as a complete representation of
the later full-day stress trace. Table 6.6 reports total drop, queue drop, stale-result
percentage, and total cloud time for each tested configuration.

Table 6.6: Cloud in-flight tuning results for the day no-obstruction cloud setup.

Cfg Runs Total drop
%

Queue drop
%

Stale % Cloud total
ms

1 15 46.92 ± 3.19 46.81 ± 3.19 0.00 ± 0.00 28.91 ± 16.02
2 15 8.16 ± 7.79 7.08 ± 7.69 8.71 ± 3.92 37.44 ± 25.54
3 15 2.18 ± 0.94 0.00 ± 0.00 6.00 ± 1.60 39.38 ± 29.93
4 15 3.11 ± 1.06 0.00 ± 0.00 6.33 ± 1.79 37.08 ± 26.40
8 15 4.52 ± 1.19 0.00 ± 0.00 6.48 ± 2.54 38.31 ± 30.47

The in-flight tuning results show a trade-off between queue dropping and stale re-
sults. With only one in-flight request, queue drops were high at 46.81% on average.
Increasing the setting to three or more removed queue drops in this test, but stale-
result behaviour remained between 6.00% and 6.48%. These counters are response-
quality issues, not only runtime diagnostics. A queue drop means that a frame
never contributes to a lighting decision, while a stale result means that a decision
may arrive after the observed scene has already changed.

6.2.2 Full-day cloud runtime counters
The full-day cloud run provides the runtime-burden evidence for continuous percep-
tion with remote inference. Table 6.7 summarises the cloud-specific counters across
models. The edge full-day run does not include corresponding queue counters be-
cause edge inference does not send frames to a remote inference queue.
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Figure 6.2: Total-drop and stale-result percentages by maximum in-flight config-
uration in the cloud tuning run. Bars show the mean across repeated runs, while
black whiskers and labels show ±1 standard deviation.

Table 6.7: Cloud full-day runtime counters across models. Values are ranges across
the seven evaluated models.

Counter Range Lowest model Highest model

Accepted remote re-
quests

100,618–113,587 V5l-kd V5l

Latest-slot drops 104,334–122,757 V5n V5l-kd
Cloud queue drops 206–4,743 V5n V5x
Stale results 5,985–9,269 V5l-kd V5s
Failures 0 All models All models
In-flight high water-
mark

4 All models All models
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The cloud full-day run shows that the cloud path remained operational in the sense
that no request failures were logged, but it also shows substantial backpressure and
stale-result behaviour. Because Table 6.7 is a range summary, it identifies the low-
est and highest model per counter but does not show every per-model combination
of stale counts, queue drops, timing, and energy. These values limit how strongly
the cloud results can be interpreted as stable control-loop behaviour. They support
communication-sensitive claims only for the observed queue, stale-result, and trans-
port telemetry, not for untested packet loss, outage, or degraded-network conditions.

6.3 Projected lighting behaviour and energy
This section reports the full-day analytical lighting results used for RQ3 and the
processing-energy part of RQ2. The analysed window is 19,999.267 s for all cloud
runs and for all edge runs except edge V5n, which is 19,999.733 s. This corresponds
to approximately 5.56 h and is reported as a common full-day trace window in
the aggregate tables. Lighting energy is projected from reconstructed zone-state
intervals and nominal fixture wattages. Processing energy is derived from measured
edge total power for edge runs and from combined measured edge-side plus logged
cloud GPU power for cloud runs.

6.3.1 Projected lighting behaviour over time
The full-day trace was reconstructed into zone-aware, motion-detector, and physical-
switch lighting intervals. The physical-switch baseline is active for the full analysed
duration. The motion-detector baseline is also close to continuous activation in
this stress trace because the eight-minute hold time keeps all lamp-bearing zones
active after detected activity. The zone-aware controller instead activates the red,
yellow, and blue zones independently, which reduces projected lighting energy when
occupancy is spatially uneven.

0 1 2 3 4 5
Elapsed replay time (hours)

Raw red

Red light

Raw yellow

Yellow light

Raw blue

Blue light

Cloud S-KD occupancy and light timeline

Figure 6.3: Representative projected lighting timeline for the cloud V5s-kd full-day
run. The timeline compares raw reconstructed occupancy and projected zone-aware
activation for the red, yellow, and blue lamp-bearing zones.
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False-positive lighting time was limited but model-dependent. In the edge full-day
run, false-positive lighting time ranged from 0.0 s to 78.3 s. In the cloud full-day
run, it ranged from 0.0 s to 272.7 s. The false-positive intervals are small compared
with the full analysed duration, but they are still relevant for projected lighting
behaviour because they represent analytical lighting activity caused by detections
outside the lamp-bearing zones.

6.3.2 Projected lighting energy
Table 6.8 summarises projected lighting energy before processing energy is added.
Figure 6.4 then shows the application-level comparison in which processing energy
is added to the zone-aware model bars while the baselines remain lighting-only
analytical comparators. This difference in boundary is deliberate and is used to
show both the lighting-control effect and the processing-energy burden. The zone-
aware controller reduced projected lighting energy relative to both baselines for every
evaluated model and placement.

Table 6.8: Projected lighting energy over the full-day trace. Ranges are across the
seven evaluated models.

Target Zone-aware
kWh

Motion
kWh

Switch
kWh

Saving vs
motion

Saving vs
switch

Edge 0.762–0.825 1.515–1.522 1.600 45.69–
49.69%

48.44–52.36%

Cloud 0.815–0.907 1.534–1.600 1.600 43.29–
48.25%

43.30–49.06%
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Green bars include projected zone-aware lighting plus measured processing energy. Baseline bars are lighting-only comparators.
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Green bars include projected zone-aware lighting plus measured processing energy. Baseline bars are lighting-only comparators.

(b) Cloud

Figure 6.4: Projected full-day energy by model and analytical control mode. The
zone-aware model bars include projected lighting energy plus measured processing
energy, while the baseline bars are lighting-only analytical comparators; the figure
should therefore be read as a bounded application-level comparison rather than as
a pure lighting-energy chart.

The edge V5x run produced the lowest lighting-only projected zone-aware energy,
at 0.762 kWh, and the highest projected savings in the edge full-day run before
processing energy was added. In the cloud full-day run, V5s-kd produced the lowest
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lighting-only projected zone-aware energy, at 0.815 kWh. These differences reflect
the fact that the lighting projection depends on the reconstructed occupancy signal,
not only on the nominal control policy.

6.3.3 Processing power and operational energy
Table 6.9 separates processing power and processing energy from projected lighting
energy. This separation is needed because a controller that saves lighting energy
can still be unattractive if continuous perception consumes too much power.

Table 6.9: Processing power, processing energy, and net-energy savings relative to
the analytical baselines over the full-day trace. Ranges are across models.

Target Average
power

Processing
kWh

Net
saving vs
motion

Net saving
vs switch

Boundary

Edge 5.35–6.27 W 0.0297–
0.0348

0.660–
0.719 kWh

0.743–0.804
kWh

Edge total
power

Cloud 39.08–50.31
W

0.2171–
0.2795

0.452–
0.550 kWh

0.452–0.561
kWh

Edge total +
cloud GPU
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Figure 6.5: Measured processing-power ranges by model. Edge values use Jetson
total power; cloud values combine logged cloud GPU power with measured edge-side
total power.

The edge runs required substantially less processing energy than the cloud runs
under the applied measurement boundary. Edge processing energy ranged from
0.0297 kWh to 0.0348 kWh, while cloud processing energy ranged from 0.2171 kWh
to 0.2795 kWh. The difference is mainly caused by the logged cloud GPU compo-
nent, which ranged from 0.1884 kWh to 0.2512 kWh, while the paired cloud-mode
edge-side component ranged from 0.0282 kWh to 0.0302 kWh. The cloud edge-
side contribution alone was therefore similar to the edge-side power level, but the
combined cloud-GPU-plus-edge value was much higher.
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6.3.4 Net energy results
For each baseline, net saving is calculated as baseline projected lighting energy minus
the sum of zone-aware projected lighting energy and processing energy. Under that
definition, all evaluated model-placement combinations still produced positive net
savings relative to both analytical baselines. The magnitude differed by placement.
Edge net savings were 0.660–0.719 kWh relative to the motion-detector baseline and
0.743–0.804 kWh relative to the physical-switch baseline. Cloud net savings were
lower, at 0.452–0.550 kWh relative to the motion-detector baseline and 0.452–0.561
kWh relative to the physical-switch baseline.

Expressed as percentages of the corresponding baseline lighting energy, edge net sav-
ings were 43.58–47.43% relative to the motion-detector baseline and 46.46–50.22%
relative to the physical-switch baseline. Cloud net savings were 28.24–34.53% rela-
tive to the motion-detector baseline and 28.25–35.06% relative to the physical-switch
baseline. These results indicate that the zone-aware analytical controller can remain
energy-positive even after processing energy is included, but they also show that the
cloud placement has a higher processing-energy burden under the reported bound-
ary.

6.4 Baseline automation comparison results
The baseline comparison answers the application-level part of RQ3. The physical-
switch baseline represents keeping all evaluated fixtures active for the full analysed
period, which resulted in approximately 1.600 kWh of projected lighting energy. The
motion-detector baseline was slightly lower but close to the physical-switch baseline,
at 1.515–1.522 kWh in the edge reconstruction and 1.534–1.600 kWh in the cloud
reconstruction. The zone-aware controller was lower for all models, at 0.762–0.825
kWh for edge and 0.815–0.907 kWh for cloud.

The baseline result supports the value of spatially resolved zone control in this
trace. The advantage does not come from detecting occupancy in general, because
the motion-detector baseline also reacts to occupancy. It comes from using the
reconstructed zone state to avoid lighting all lamp-bearing zones when only part
of the space is projected as occupied. The result is analytical rather than directly
actuated, but it connects the perception output to the projected energy and control-
behaviour consequences that matter for lighting control.

6.5 Summary by research question
For RQ1, the results show that inference placement and model configuration both af-
fected zone-occupancy performance and latency. Cloud inference generally produced
higher recall, especially under night-time and obstruction conditions, and it reduced
heavy-model inference time. Edge inference avoided cloud transport overhead and
produced the lowest observed decision-path timing for the smallest model.
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For RQ2, the results show that runtime burden differs by placement. Edge pro-
cessing had low measured power and no remote queue behaviour. Cloud processing
introduced transport, queue, and stale-result behaviour, and the measured cloud-
GPU-plus-edge power was much higher than edge-only processing power. No cloud
request failures were logged in the full-day run, but queue drops and stale results
remained relevant runtime-burden indicators.

For RQ3, the projected zone-aware controller reduced lighting energy relative to
both the motion-detector and physical-switch baselines across all evaluated models.
Net savings remained positive after processing energy was included, but the net-
energy margin was larger for edge deployment than for cloud deployment under the
reported measurement boundary. These findings support the claim that zone-aware
perception can improve projected lighting energy outcomes, while also showing that
the placement choice changes the balance between perceptual robustness, timing,
runtime burden, and processing energy.
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Discussion

This chapter interprets the results in relation to the research questions, the the-
oretical framework, and the practical deployment setting. The purpose is not to
repeat every result from Chapter 6, but to explain what the results mean for a
stereo-depth-assisted, zone-based perception-and-decision pipeline whose inference
can run either locally on constrained edge hardware or remotely through a cloud
service. The discussion separates empirical evidence from replayed occupancy and
runtime experiments, analytical evidence from reconstructed lighting and energy
models, and design implications that follow from the combination of those findings.

The central finding is that inference placement should be treated as an architectural
design decision rather than as a purely technical implementation detail. Cloud in-
ference generally improved zone-occupancy recall in the more difficult perception
scenarios, particularly under low light and obstruction. Edge inference, however,
avoided cloud transport overhead, required substantially less measured processing
energy, and reduced privacy exposure by keeping the inference path local. The re-
sults do not identify one universally superior deployment strategy, and they should
not be read as evidence of long-term operational reliability. They show that de-
ployment choice changes the balance between perceptual robustness, decision-path
latency, runtime burden, energy consumption, and privacy risk within the evaluated
short-duration traces.

7.1 Interpreting RQ1: Placement, model choice,
and control-relevant perception

RQ1 asks how inference placement and model configuration affect zone-occupancy
accuracy, robustness, and end-to-end decision-path latency. The results indicate
that both factors matter, and that they interact with scene difficulty. Cloud in-
ference generally produced stronger recall than edge inference, especially in the
night-time and obstruction scenarios. This supports the expectation from the the-
oretical framework that constrained local hardware can become limiting when the
perception task is difficult. The stronger cloud results in those conditions suggest
that remote compute can make the detector part of the pipeline more robust when
illumination, occlusion, or multiple visible people increase the difficulty of the visual
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task.

The edge results also show that local inference should not be dismissed as inadequate.
In the daytime no-obstruction scenario, the best edge models were close to the cloud
models, and in the no-zone parts of the person-obstruction scenario both placements
performed strongly. Practical lighting deployments do not necessarily spend all of
their time in the most difficult visual state. In a stable room with good illumination,
a well-selected edge model may provide sufficient control-relevant occupancy quality
while avoiding communication dependence. The practical implication is that the
deployment decision should be made with reference to expected scene conditions,
not only to an aggregate accuracy number.

The robustness findings also clarify which types of errors are most relevant for
lighting control. Missed occupied states are more problematic than ordinary detector
misses in an abstract object-detection benchmark because a missed occupied zone
may leave the corresponding lights inactive. The night-time no-obstruction result
is not merely a detector-quality issue; it is a control-quality issue. A system that
appears reliable in daytime may become unacceptable if the same room is used under
darker conditions and the controller fails to reconstruct occupied zones. Similarly,
the behind-obstruction phase in the object-obstruction scenario shows why partial
occlusion is relevant in ordinary rooms. Furniture, standing people, open doors, and
other objects can hide parts of a body. A lighting controller that only works when
occupants are fully visible would be fragile in realistic use.

The person-obstruction scenario adds a different interpretation. The results show
that multi-person and partially overlapping detections can affect recall even when
precision remains high. This suggests that the main risk in this study is not primar-
ily that the controller invents large amounts of occupancy, but that it sometimes fails
to reconstruct all relevant occupied states. For lighting, this creates an asymmetric
design concern. False positives waste energy and can reduce perceived appropriate-
ness, but false negatives can produce a more direct user-facing failure by leaving an
occupied area insufficiently lit. This asymmetry supports the choice in Chapter 6
to emphasise recall and missed occupancy as central measures for RQ1.

7.1.1 Model configuration as a deployment variable

The model comparison shows that no single YOLOv5 variant dominated all sce-
narios, and that the best choice depended on both scene conditions and inference
placement. This means model selection cannot be separated from deployment de-
sign: a larger or more capable detector may improve recall in one setting but become
less attractive if it increases local latency, processing energy, or cloud stale-result be-
haviour. This aligns with prior work on efficient AI and embedded detection [4, 23].
For this thesis, the relevant unit of evaluation is therefore the deployed controller as
a whole: whether the chosen model and placement produce useful and timely zone
occupancy under the intended constraints.
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7.1.2 Latency as part of response quality
The decision-path latency results add nuance to the accuracy findings. Cloud in-
ference reduced the model-inference component for the heavier models, but it also
introduced transport overhead. Edge inference avoided that transport overhead,
and the smallest edge model produced the lowest observed decision-path timing.
This means that the latency answer to RQ1 is conditional rather than absolute.
Cloud placement can make heavy models much faster at the inference step, but the
full cloud decision path is still shaped by communication. Edge placement can be
faster for small local models because it keeps the loop local, but local latency grows
substantially as model size increases.

For occupant-facing automation, projected lighting response quality is not deter-
mined only by detector correctness. It also depends on whether occupancy decisions
arrive while the scene state is still relevant. The results support the theoretical
claim in Chapter 4 that latency is an application-level property of the control loop,
not only a benchmark property of the detector. A cloud model that is accurate
but frequently delayed can produce stale projected control actions. Conversely, an
edge model that is fast but misses difficult occupied states can produce timely but
incorrect analytical actions. The system designer must therefore balance correctness
and timeliness rather than maximising either one in isolation.

7.2 Interpreting RQ2: Runtime burden and op-
erational energy

RQ2 asks how inference placement and model configuration affect runtime burden
and operational energy consumption during continuous perception, including com-
munication overhead where applicable. The results show that runtime burden differs
qualitatively between edge and cloud placement. Edge inference is constrained by
local compute and power, but it does not use the remote request queue and therefore
does not produce cloud-specific queue drops, stale results, or transport telemetry.
Cloud inference shifts the heaviest detector computation away from the local device,
but introduces request scheduling, transport delay, queueing, stale-result behaviour,
and remote GPU power consumption.

The cloud in-flight tuning results show that cloud operation cannot be evaluated only
by running a model remotely and measuring inference time. The maximum number
of in-flight requests changed queue-drop behaviour substantially. Very low concur-
rency caused large queue losses, while higher settings removed queue drops in the
tuning experiment but still left stale-result behaviour. This means that cloud deploy-
ment is an operational service configuration problem, not only a model-deployment
problem. The cloud endpoint, request policy, queue policy, and stale-result handling
all become part of the effective controller.

From a control perspective, queue drops and stale results should be treated as
response-quality signals. A queue drop means that a captured frame never con-
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tributes to the lighting decision path. A stale result means that the detector output
may describe an earlier state of the room. Both can affect whether the reconstructed
occupancy state matches the current physical situation. This is why the cloud run-
time counters are not merely diagnostic implementation details. They provide evi-
dence about how communication-sensitive architecture affects the control signal that
would later drive lighting.

The full-day cloud counters also show that the cloud setup remained operational
in the narrow sense that request failures were not logged, while still producing
substantial backpressure and stale-result behaviour. This distinction matters for in-
terpreting robustness. The results support claims about observed transport, queue,
and stale-result behaviour in the implemented configuration. They do not support
stronger claims about packet loss, outages, jitter tolerance, or degraded-network ro-
bustness, because no controlled degraded-network experiment was conducted. That
boundary should remain explicit in the thesis, especially because network robustness
is often a decisive practical factor in cloud-dependent automation.

7.2.1 Operational energy and measurement boundaries
The energy results show a clear processing-energy difference between edge and cloud
placement under the reported measurement boundary. Edge processing consumed
much less measured processing energy than cloud processing. The cloud runs in-
cluded edge-side power plus logged cloud GPU power, and the cloud GPU contri-
bution made the combined processing-energy term much higher than the edge-only
processing term. The result supports the conclusion that cloud placement can im-
prove difficult perception cases, but it does not do so without an energy cost.

This finding should be interpreted within the stated measurement boundary. The
edge processing-energy result is based on Jetson total-power telemetry. The cloud
processing-energy result includes logged cloud GPU power and measured edge-side
power, but excludes full host power, CPU, memory, storage, network equipment,
and datacentre overhead. The thesis can state that cloud processing had a higher
measured edge-plus-cloud-GPU energy burden in the evaluated setup. It cannot
claim to have measured complete cloud infrastructure energy from wall plug to
datacentre overhead.

The exclusion of full cloud-host and infrastructure power also means that the cloud
processing-energy estimate is likely conservative in relation to complete infrastruc-
ture energy, although the exact direction and magnitude cannot be quantified from
the present data. Because the unmeasured components are outside the measure-
ment boundary, they should not be added through unsupported assumptions. The
better academic interpretation is to report the boundary transparently and treat the
comparison as a bounded deployment-energy comparison. This is consistent with
the thesis’s broader aim: to understand architectural trade-offs in one implemented
system, not to produce a complete lifecycle assessment of cloud computing.

The energy results also show why the net-energy perspective is necessary. A con-
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troller can save lighting energy while still consuming energy for sensing, inference,
communication, and logging. If that processing energy is large enough, it can reduce
or eliminate the benefit of more selective lighting control. In this study, net savings
remained positive for both placements relative to the analytical baselines, but the
margin was larger for edge deployment. This suggests that the zone-aware controller
can be energy-positive in the evaluated trace, while also showing that deployment
placement changes how much of the lighting saving is consumed by the perception
infrastructure.

7.3 Interpreting RQ3: Projected controller be-
haviour and baseline comparison

RQ3 asks how the proposed controller variants affect projected lighting behaviour
and projected net-energy outcomes relative to baseline automation strategies. The
results indicate that the zone-aware controller reduced projected lighting energy
relative to both the motion-detector and physical-switch baselines across all evalu-
ated model-placement combinations. This supports the practical value of spatially
resolved occupancy. The benefit does not come simply from knowing whether some-
one is present in the room. The motion-detector baseline also reacts to occupancy.
The benefit comes from using zone occupancy to avoid lighting all lamp-bearing
areas when only part of the monitored space is occupied.

The physical-switch baseline represents the least adaptive case: all mapped fixtures
are treated as active for the full analysed period. It is a useful reference because
it shows the energy consequence of no automated adaptation. The motion-detector
baseline is more realistic as a conventional automation comparator, but in the anal-
ysed stress trace it remained close to continuous activation because the hold time
kept the lamp-bearing zones active after detected activity. The zone-aware con-
troller differs by controlling the red, yellow, and blue zones independently. This
finer control granularity is what produces the projected lighting-energy reduction.

The response-quality interpretation is more cautious. Because the evaluated run-
time ends at occupancy decisions and logging, fixture switching was not measured
physically. The thesis therefore cannot claim that actual light fixtures would switch
exactly as projected, that occupants would perceive the transitions as comfortable,
or that the controller would avoid all visible oscillation in deployment. What the
thesis can claim is that, when the logged occupancy states are reconstructed through
the defined analytical control model, the zone-aware strategy produces less projected
lighting activation than the two baselines while maintaining positive net-energy sav-
ings after processing energy is included.

False-positive lighting time was limited but model-dependent. This supports a more
specific interpretation of projected lighting behaviour. The zone-aware controller’s
energy benefit depends not only on whether it detects occupied zones, but also on
whether it avoids unnecessary activation outside lamp-bearing zones. False-positive
intervals are small relative to the analysed window, but they still matter because they
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represent projected control actions that would be visible to occupants or building
operators if the system were connected to fixtures. In a real deployment, even short
erroneous activations could reduce trust if they occur at noticeable moments. The
present results should therefore be interpreted through both accumulated energy
and the temporal character of erroneous activations.

7.3.1 Role of projected lighting analysis

Although the actuation result is analytical, it is still useful because it links the
perception pipeline to the application-level question. A detector benchmark alone
would not show whether improved perception translates into lower lighting energy
or better projected control behaviour. By reconstructing lighting intervals from zone
states, the thesis shows how perception errors, model choice, and placement choice
can influence the behaviour of a lighting policy.

The boundary is that lighting energy is calculated from nominal fixture wattages,
reconstructed zone intervals, and deterministic hold rules rather than measured from
physical fixture actuation. The model also treats the fixtures as binary on/off states
and does not include dimming levels, daylight contribution, illuminance feedback,
or occupant comfort preferences. The appropriate interpretation is therefore that
the zone-aware controller shows application-level potential, not that it has already
been proven as a finished smart-lighting product.

7.3.2 Selective offloading as a bounded design implication

The combined results support selective offloading as a design implication, but not
as a tested result. Edge inference was energy-efficient, local, and fast for smaller
models, while cloud inference improved perception in more difficult scenes. This
suggests a future design hypothesis: a practical controller could treat edge inference
as the default and reserve cloud inference for conditions where the local signal is
likely to be unreliable. Possible triggers include low confidence, unstable depth near
zone boundaries, low illumination, overlapping occupants, or rapid occupancy-state
changes, but these triggers were not implemented or validated in this thesis.

This implication must remain bounded by the evidence. The thesis did not im-
plement or evaluate a hybrid controller, and selective cloud use would introduce
additional complexity, failure modes, and privacy questions. A system that some-
times sends frames to the cloud still needs a data-protection justification for those
transmissions, as well as clear fallback behaviour when cloud inference is unavailable
or too slow. Selective offloading is therefore a deployment pattern suggested by the
observed trade-off between edge efficiency and cloud robustness, not a conclusion
validated empirically in this study.
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7.4 Relation to theory and prior work

The findings align with the theoretical framework in several ways. First, they sup-
port the distinction between person detection and zone occupancy. The relevant
output in this thesis is not simply whether a person is detected in the image, but
whether the resulting spatial state is useful for lighting control. The controlled sce-
narios show that scene difficulty can affect this derived occupancy state even when
the detector family is held constant. This supports the thesis’s decision to evaluate
the pipeline at the control-signal level rather than only at the detector level.

Second, the results reinforce the idea that stereo-depth-supported spatial assign-
ment is valuable but not sufficient by itself. Depth information enables mapping
detections to zones, but it does not eliminate detector misses, occlusion problems,
lighting-condition effects, or timing problems. The system therefore depends on
both the detector and the spatial assignment stage. This is consistent with the the-
ory chapter’s claim that depth is an enabling mechanism rather than a guarantee of
correct localisation.

Third, the results support the related-work argument that efficient AI and embedded
detection studies need to be connected to application-level consequences. Prior
work on embedded object detection often reports throughput, power, and model
performance [4]. Those measures are necessary, but this thesis shows why they are
not sufficient for a lighting-control application. A model’s practical value depends
on how its errors and timing behaviour propagate into zone occupancy, projected
lighting actions, and net energy. This is the thesis’s main extension beyond detector-
level comparison.

Fourth, the cloud results are consistent with the broader inference-placement lit-
erature: remote execution can shift compute demand away from the client but
introduces communication-dependent behaviour [9]. In this study, that behaviour
appears as transport time, queue drops, and stale results. The result is especially
relevant for building automation because the control output is visible in the physical
environment. A delayed web response and a delayed light response are not perceived
in the same way, but both illustrate that system latency becomes a user-facing qual-
ity attribute.

Finally, the findings support the privacy-aware architectural reasoning in Chap-
ters 2 and 4. Cloud inference may improve difficult perception scenarios, but it also
increases data-transfer exposure. Edge inference may be weaker in some difficult
scenarios, but it better supports data minimisation because raw or derived visual
information can remain local. This means that privacy is not a separate constraint
added after the technical optimisation. It is part of the same architectural trade-off.
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7.5 Practical implications and edge/cloud trade-
offs

For practice, the main implication is that inference placement and model config-
uration should be evaluated through their application-level consequences: zone-
occupancy quality, timing, runtime burden, projected lighting behaviour, net energy,
and privacy exposure.

Deployment decisions should be scenario-aware. If a room is consistently well-lit,
has limited occlusion, and has low privacy tolerance for data transfer, edge inference
may be the more appropriate default. If the room has frequent obstruction, poor
lighting, or complex multi-person scenes, cloud inference or a hybrid design may
provide better perception quality. This recommendation is not universal. It depends
on the performance threshold required by the lighting application and on how much
communication dependence and data transfer are acceptable.

Observability should also be designed into the controller from the beginning. The
value of the analysis depended on logs for zone states, timing, queue drops, stale
results, and power. Without those logs, the system would be difficult to evaluate
beyond anecdotal impressions. For deployable AI control systems, observability is
not only useful during development. It is a requirement for maintenance, fault
diagnosis, privacy auditing, and continued performance assessment.

Cloud inference should be treated as an operational subsystem. It requires request
scheduling, queue management, stale-result handling, timeout behaviour, and failure
policies. A cloud detector that performs well under isolated testing may still behave
poorly if the surrounding request pipeline drops too many frames or returns results
too late. A deployable implementation therefore needs to specify not only the model
and endpoint, but also the operational policy that determines which frames are
sent, how late results are handled, and what fallback is used when the cloud path
is degraded.

Energy evaluation should include both application energy and processing energy. A
lighting controller can reduce fixture energy while increasing sensing and compute
energy. The net-energy formulation used in the thesis is therefore a useful design
pattern for similar systems. It makes the trade-off visible and prevents the analysis
from treating the perception infrastructure as free. This is especially important for
AI-enabled building systems that run continuously.

Finally, privacy-aware architecture should be considered at the same time as accu-
racy and latency. Edge processing, cloud processing, and hybrid processing expose
data differently. The thesis does not claim that cloud processing is inherently unac-
ceptable, but it shows that the benefits of cloud inference must be weighed against
transmission, retention, and legal-context considerations. A practical design pro-
cess should therefore include data minimisation, retention limits, access control,
and transparency mechanisms as first-order requirements.
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7.6 Limitations and validity
The results should be interpreted within the scope of the study. The evaluation
is based on one system architecture, one camera type, one local edge platform,
one cloud setup, and a limited set of scenarios. These choices make the study
concrete and traceable, but they also limit generalisability. A different room layout,
camera angle, lighting condition, network path, detector family, edge device, or
fixture arrangement could change the balance between edge and cloud deployment.

7.6.1 Internal validity
Internal validity concerns whether the observed differences can reasonably be at-
tributed to the studied factors. The replay-based methodology strengthens internal
validity because each model-placement comparison can be evaluated on the same
visual input within fixed analysis windows. This reduces the risk that differences
are caused by different occupant movements or different scene sequences. Repeated
runs also reduce reliance on single-run behaviour.

However, internal validity is still affected by calibration, logging, and scenario-
definition choices. Zone assignment depends on camera calibration, depth qual-
ity, and the mapping between detections and physical zones. If the calibration is
slightly wrong, the controller may misclassify boundary cases independently of de-
tector quality. The manually defined expected traces and scenario windows also
introduce researcher judgement. These choices are necessary for frame-level scoring,
but they should be recognised as possible sources of bias. The thesis mitigates this
through fixed windows and consistent scoring, but it does not remove the need for
careful interpretation.

7.6.2 Construct validity
Construct validity concerns whether the measures actually represent the concepts
being discussed. The thesis uses recall, precision, missed occupancy, latency, queue
drops, stale results, power, and projected lighting energy to operationalise accuracy,
robustness, projected lighting behaviour, runtime burden, and net energy. These
measures are appropriate for the implemented system because the runtime output
is zone occupancy and logging, not physical lighting actuation.

The main construct-validity limitation is that response quality is only partly mea-
sured directly. Decision-path timing and stale results are measured indicators, and
reconstructed lighting intervals are analytical indicators, but together they do not
fully capture occupant-perceived lighting quality. Actual comfort depends on illumi-
nance levels, transition smoothness, glare, visual tasks, occupant expectations, and
tolerance for occasional errors. Because physical dimming and occupant feedback
are outside the implemented evaluation, response quality should be interpreted as
projected control behaviour rather than measured user experience.

Another construct-validity boundary concerns energy. Lighting energy is projected
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analytically from nominal fixture wattages and reconstructed activation intervals.
Processing energy is measured or logged within the stated boundaries. These are use-
ful and transparent constructs, but they are not the same as whole-building energy
measurement. The thesis therefore supports conclusions about projected lighting
and bounded processing energy, not about total building-level energy performance.

7.6.3 External validity
External validity concerns transferability. The findings are most directly applica-
ble to camera-based, depth-assisted, zone-aware lighting controllers with similar
hardware constraints and similar control logic. They should transfer cautiously to
other rooms, other fixture layouts, other sensing technologies, or other building-
automation tasks. For example, a room with stronger daylight variation, more re-
flective surfaces, different furniture, lower ceilings, or more frequent crowding could
change detection quality and depth reliability. A different edge device could also
make larger local models practical, reducing the need for cloud inference.

The study is also limited by duration. The full-day trace gives a more realistic tem-
poral sequence than short controlled trials, but it does not establish long-term relia-
bility. Building systems must operate over months or years. Over that time, camera
alignment can change, lighting conditions can vary seasonally, furniture can move,
models can become outdated, and maintenance practices can affect performance.
Long-term deployment remains necessary before the results can be generalised as
operational evidence for real building management.

7.6.4 Reliability and reproducibility
Reliability is supported by the log-based evaluation pipeline, repeated controlled
runs, fixed scenario windows, and explicit metric definitions. These choices make
the analysis more repeatable than an informal prototype demonstration. They also
make it possible to trace results from controller logs to reconstructed occupancy and
projected lighting outcomes.

At the same time, reproducibility depends on the availability of the same software,
model files, hardware, camera calibration, input traces, and analysis scripts. Small
changes in any of these elements could affect the results. This is typical for applied
systems research, and it means that any repetition or extension of the study depends
on careful documentation of configuration files, software versions, camera placement,
zone definitions, and preprocessing steps.

7.7 Ethical and privacy implications
The ethical issue most directly connected to the results is the trade-off between per-
formance and privacy exposure. Cloud inference improved several difficult percep-
tion cases, but it also requires transmitting image data or derived visual information
away from the local device. Edge inference reduces that exposure but may provide
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lower recall in difficult conditions. The thesis therefore highlights a practical ethical
tension: the configuration that performs best technically is not automatically the
configuration that is most proportionate from a privacy perspective.

This matters because the system is camera-based and intended for indoor environ-
ments where occupants may be employees, students, visitors, or other people who
have limited practical ability to avoid the monitored space. Even if the system
does not perform face recognition or long-term identity tracking, raw images and
person-related metadata can still be sensitive. The privacy discussion should there-
fore remain concrete: what is collected, what is transmitted, what is stored, who
can access it, how long it is retained, and whether the same control goal could be
achieved with less intrusive data.

The results also support the importance of transparency. Occupants should be able
to understand that the system uses camera-based sensing for lighting control, not
general surveillance. In a practical deployment, visible notices, clear documentation,
data-retention policies, and accountable system ownership are necessary. These are
not peripheral concerns. They affect whether the system can be responsibly deployed
even if the technical performance is acceptable.

There is also an ethical dimension to reliability. A lighting controller that fails un-
der low light or obstruction can affect comfort and accessibility. If users rely on
automated lighting, missed occupancy could create unsafe or inconvenient condi-
tions. This is another reason why recall and robustness are important. Energy
saving should not be pursued in a way that makes the environment less usable for
occupants. Within the present study, this means that the positive net-energy result
should be read together with the observed perception limitations rather than as a
stand-alone justification for deployment.

7.8 Overall interpretation

Taken together, the results support a cautious but useful conclusion. Zone-aware,
stereo-depth-assisted perception can improve projected lighting outcomes compared
with less spatially specific baselines, and the net-energy result remains positive after
processing energy is included. However, the architecture used to produce the oc-
cupancy signal changes the trade-off. Cloud inference improves difficult perception
cases but introduces communication-sensitive runtime behaviour, higher measured
processing energy under the reported boundary, and greater privacy exposure. Edge
inference is more energy-efficient and privacy-preserving in the evaluated setup, but
it is more vulnerable to difficult visual conditions and heavier local models.

The thesis therefore does not argue that smart lighting should always be edge-based
or always be cloud-based. Its more defensible contribution is to show how the
choice should be reasoned about. A deployable controller must be evaluated as a
control system, not only as a detector. It must be judged by whether it produces
sufficiently correct, timely, stable, energy-positive, and privacy-aware occupancy
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decisions under the conditions in which it will actually be used. Within the scope
of this thesis, treating inference placement and model configuration as architectural
variables makes those trade-offs visible and gives the results a clearer software-
engineering contribution than a detector benchmark alone would provide.
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This thesis investigated how inference placement and model configuration affect a
stereo-depth-assisted, zone-based perception-and-decision pipeline for lighting con-
trol. The work was motivated by a practical software-engineering problem: camera-
based lighting control is not only a question of whether people can be detected, but
whether the resulting zone-occupancy signal can be produced accurately, promptly,
continuously, and within acceptable energy and privacy boundaries. To study this,
the thesis implemented a shared perception-and-decision pipeline in which person
detections are combined with stereo-depth-supported spatial assignment, and com-
pared edge and cloud inference variants across controlled replay scenarios and full-
day analytical lighting reconstructions.

The overall conclusion is that inference placement should be treated as a central
architectural design decision in AI-enabled building automation. The results do
not identify edge or cloud inference as universally superior. Instead, they show that
placement changes the balance between perception quality, latency, runtime burden,
energy consumption, observability, and privacy exposure. Model configuration also
matters, but it does not resolve the deployment question by itself, since no single
YOLOv5 variant was best across all evaluated scenarios.

8.1 Answers to the research questions
For RQ1, the results show that both inference placement and model configuration
affected zone-occupancy accuracy, robustness, and decision-path latency. Cloud
inference produced stronger recall in the more difficult scenarios, especially under
low light and obstruction. This was visible in the night no-obstruction scenario,
where mean recall was substantially higher for cloud than for edge, and in the
behind-object-obstruction phase, where the edge results degraded more strongly.
Edge inference remained competitive in less demanding conditions, particularly in
the daytime no-obstruction case and in simpler no-zone segments.

RQ1 is therefore answered as a deployment trade-off. Cloud placement improved
robustness in difficult visual conditions, while edge placement provided the most
direct local decision path and the lowest observed timing for lightweight local in-
ference. Model configuration shaped this balance, because larger or more capable
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models did not dominate all scenarios and could introduce higher timing or runtime
costs.

For RQ2, the results show clear differences in runtime burden and operational energy
between edge and cloud inference. Edge inference avoided remote request queues,
cloud-specific stale-result behaviour, and queue-drop counters. It also had the lower
processing-energy burden in the full-day trace, with edge processing energy rang-
ing from 0.0297 kWh to 0.0348 kWh. Cloud inference introduced transport delay,
queue drops, stale results, and sensitivity to maximum in-flight request configura-
tion, showing that cloud operation depends on request scheduling and queue policy
as well as model choice.

The cloud power results show that offloading inference shifted, rather than re-
moved, the processing-energy cost. Cloud processing combined edge-side power with
logged cloud GPU power and consumed 0.2171 kWh to 0.2795 kWh over the anal-
ysed full-day window. RQ2 is therefore answered as follows: edge placement had
the lower measured processing-energy burden, while cloud placement introduced
communication-sensitive runtime overhead and higher measured edge-plus-cloud-
GPU energy use.

For RQ3, the projected lighting results show that the zone-aware controller reduced
lighting energy relative to both baseline automation strategies across all evaluated
models and placements. The physical-switch baseline kept all mapped fixtures active
for the full analysed period, while the motion-detector baseline remained close to
continuous activation because the hold time kept lamp-bearing zones active after
detected activity. The zone-aware controller reduced energy by using reconstructed
zone states to activate only the red, yellow, and blue zones as needed.

After processing energy was included, all evaluated model-placement combinations
still produced positive projected net savings relative to both analytical baselines.
The net-energy margin was larger for edge than for cloud because edge processing
consumed less energy. RQ3 is therefore answered by showing that the zone-aware
controller improved projected lighting-energy and net-energy outcomes relative to
the chosen baselines, with deployment placement affecting the size of the net-energy
margin.

8.2 Contribution
The main contribution of this thesis is a system-level evaluation of inference place-
ment in a zone-based, camera-supported lighting-control pipeline. Rather than eval-
uating person detection in isolation, the thesis shows how model and placement
choices affect the full control path: from visual perception and zone assignment to
operational feasibility and projected lighting outcomes.

This contribution is supported by two concrete outcomes. First, the thesis im-
plements a shared edge/cloud comparison pipeline, making deployment placement
visible as part of the control problem rather than as a separate infrastructure choice.
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Second, it provides a traceable log-based evaluation workflow that connects detec-
tor behaviour and spatial assignment to reconstructed occupancy traces, projected
lighting intervals, and net-energy estimates.

Together, these results provide practical guidance for AI-enabled building automa-
tion: deployment decisions should be scenario-aware, cloud inference should be
treated as an operational subsystem, and processing energy and privacy exposure
should be evaluated alongside perception quality.

8.3 Scope and limitations
The conclusions are limited by the scope of the study. The evaluation used one
system architecture, one main sensing setup, one edge platform, one cloud execution
path, a limited set of controlled traces, and one field-like normal-working-day trace.
The results may change with different rooms, camera positions, lighting conditions,
network paths, edge devices, model families, or fixture layouts. The full-day lighting
results are analytical projections from reconstructed occupancy states and nominal
fixture wattages; physical actuation, dimming behaviour, illuminance feedback, and
occupant comfort were not measured.

The cloud energy comparison is also bounded. It includes logged cloud GPU power
and measured edge-side power, but not complete provider-side infrastructure energy.
Network robustness claims are likewise limited to the observed transport, queue,
and stale-result telemetry, because no controlled degraded-network experiment was
performed. These boundaries do not invalidate the findings, but they define how far
the claims can be taken.

8.4 Final conclusion
Within these boundaries, the thesis shows that a stereo-depth-assisted, zone-aware
perception-and-decision pipeline can produce useful projected energy benefits, but
that the way inference is deployed strongly affects the quality and cost of the result-
ing control signal. Cloud inference improved several difficult perception cases, while
edge inference provided lower processing energy, lower privacy exposure, and the
fastest path for lightweight local models. The most defensible conclusion is therefore
not that one placement should always be preferred, but that inference placement
and model configuration must be evaluated together as architectural variables in
control-oriented AI systems.

Future work should focus on the parts that remain outside the implemented runtime:
physical lighting actuation, longer deployments, occupant-centred response-quality
evaluation, controlled degraded-network testing, and empirically validated hybrid
edge-cloud strategies. A suitable follow-up design would compare edge, cloud, and
hybrid policies on the same time-synchronised traces and in a longer live deploy-
ment with fixture actuation, occupant feedback, and controlled network-impairment
conditions.
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