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Abstract 

This dissertation investigates whether the system-level integration of context-aware sensing 

with simulated neuromorphic processing can deliver compounding energy savings in mobile 

Human Activity Recognition (HAR) without significantly sacrificing classification accuracy. 

Modern smartphones and wearables increasingly rely on always-on artificial intelligence 

pipelines that drain battery within hours, forcing users to trade functionality for usability. Two 

energy-saving paradigms have emerged independently in the literature: context-aware sensor 

gating, which uses a low-power accelerometer to decide when a higher-power gyroscope is 

required, and neuromorphic computing, which replaces dense floating-point Artificial Neural 

Networks (ANNs) with sparse, event-driven Spiking Neural Networks (SNNs). However, no 

existing study quantifies the compound benefit of fusing both within a single mobile inference 

stack. 

To address this gap, a simulation-based framework was developed in Python on the UCI 

Human Activity Recognition dataset (Anguita et al., 2013), comprising 7,352 training and 

2,947 test samples across six physical activities. Three configurations were compared end-to-

end: (A) an always-on Convolutional Neural Network operating on accelerometer and 

gyroscope data, (B) the same CNN gated by a context-aware Support Vector Machine 

classifier, and (C) the gated configuration with the CNN converted to a rate-coded SNN 

parameterised against Intel Loihi power benchmarks (Davies et al., 2018). 

Results show that Configuration C achieves a 74.3% reduction in total system energy compared 

with the always-on baseline, while incurring only a 2.0% absolute drop in classification 

accuracy (from 93.8% to 91.8%). The gating mechanism deactivates the gyroscope for 90.1% 

of sensing windows, and the SNN reduces compute power from 250 mW to 30 mW per 

inference. Battery-life projections for a 4,000 mAh lithium-ion cell improve from 73 days for 

the baseline to 285 days for the integrated configuration, an extension of 289%. A sensitivity 

sweep confirms that savings remain in the 72.6% to 75.4% range under conservative and 

aggressive power assumptions, indicating robustness to parameter choice. These findings 

empirically validate the project's central hypothesis that context-aware sensing and 

neuromorphic processing are complementary rather than redundant, and offer a quantified 

design blueprint for future energy-efficient mobile intelligence systems. 
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Chapter 1: Introduction 

1.1 Background 

The proliferation of modern mobile devices has ushered in an era of "always-on" intelligence. 

Applications ranging from continuous health monitoring to real-time activity recognition rely 

on sophisticated sensors and Artificial Intelligence (AI) to provide seamless user experiences. 

However, this level of functionality comes at a high computational cost. Traditional Deep 

Learning models, such as Convolutional Neural Networks (CNNs), are computationally 

expensive and demand significant power, often draining mobile batteries in hours rather than 

days. 

Two distinct fields of research have emerged in response to this constraint, each tackling the 

energy problem from a different angle. Context-aware sensing employs intelligent resource 

management in which high-power sensors such as gyroscopes are activated only when a low-

power trigger such as an accelerometer detects relevant movement; research suggests that this 

approach alone can reduce sensing energy by 40 to 60% (Yurur et al., 2016). Neuromorphic 

computing, inspired by the biological brain, takes a different route by employing Spiking 

Neural Networks (SNNs) that communicate via sparse, event-driven spikes rather than dense 

continuous values, potentially offering up to 100x better energy efficiency than conventional 

processors (Davies et al., 2018). 

1.2 Problem Statement 

Despite advancements in both adaptive sensing and neuromorphic hardware, a significant 

energy crisis remains in mobile AI. Current research typically treats these two domains as silos: 

studies focus either on optimising sensor activation or on improving the efficiency of the neural 

processor itself. 

There is a distinct lack of system-level integration that explores how these two strategies 

interact within a single pipeline. Without a unified framework, it is unclear if the energy savings 

from context-aware sensing and neuromorphic processing are additive, or if the accuracy trade-

offs required by one undermine the benefits of the other. Consequently, mobile developers lack 

validated design principles for building truly sustainable, always-on intelligent systems. 
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1.3 Aim and Objectives 

The aim of this project is to design, implement, and evaluate a simulation-based framework 

that integrates context-aware sensing strategies with neuromorphic computing architectures to 

optimise energy consumption in mobile Human Activity Recognition (HAR) systems. 

Objectives: 

• Objective 1: Design an integrated framework architecture that combines context-aware 

sensor triggering with a neuromorphic inference engine. 

• Objective 2: Train and validate conventional neural network baselines (CNN/LSTM) 

on the UCI HAR dataset and convert them into SNNs using ANN-to-SNN conversion 

tools. 

• Objective 3: Implement an energy estimation model to quantify power consumption 

across sensors and computational units. 

• Objective 4: Evaluate and compare three configurations (Baseline, Context-Aware, 

and Integrated Context-Aware + SNN) to measure compound energy benefits and 

accuracy retention. 

1.4 Research Questions and Hypotheses 

Research Question: 

• To what extent can the integration of context-aware sensing and SNNs reduce total 

system energy consumption compared to a standard always-on CNN? 

Hypotheses: 

• H1: The integrated framework (Configuration C) will achieve at least 40% total energy 

savings compared to the always-on baseline. 

• H2: The transition from conventional DNNs to SNNs will result in an accuracy 

degradation of less than 5%. 

1.5 Scope of the Study 

To ensure the feasibility of the project within a 20-week timeframe, the study is bounded by 

several deliberate constraints. The research relies exclusively on the UCI Human Activity 

Recognition (HAR) benchmark dataset; therefore, no primary data collection involving human 

participants will be conducted. Furthermore, the implementation is strictly simulation-based, 
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focusing on the software-level modelling of neuromorphic logic and energy expenditure rather 

than deployment on physical hardware such as the Intel Loihi processor. 

In terms of model development, the SNNs will be generated through ANN-to-SNN conversion 

techniques. This excludes the development of native SNN training algorithms such as Spike-

Timing-Dependent Plasticity (STDP). Finally, the activity recognition task is limited to six 

core physical activities (walking, walking upstairs, walking downstairs, sitting, standing, and 

laying), providing a controlled environment to measure the efficiency of the integrated 

framework. 

1.6 Significance of the Study 

This research offers significant contributions to both the academic community and the practical 

field of edge computing. Academically, it addresses a critical gap in the literature where 

context-aware sensing and neuromorphic processing are typically studied in isolation. By 

investigating their system-level interaction, this project provides empirical data on "compound 

optimisation," illustrating how algorithmic and architectural efficiencies can be combined. 

Practically, the project delivers a modular software framework and a set of validated design 

principles. These outputs are highly relevant for the development of the next generation of 

wearable devices, smartphones, and IoT sensors. As mobile AI continues to expand, the ability 

to provide high-fidelity intelligence without rapidly depleting battery life is essential. This 

work directly supports the goal of creating sustainable, always-on mobile applications that can 

operate for extended periods between charging cycles, reducing the overall energy footprint of 

consumer electronics. 

1.7 Methodology Overview 

The research follows a simulation-driven experimental methodology, chosen primarily for its 

high degree of reproducibility and its ability to model hardware behaviours that would 

otherwise require expensive, specialised equipment. The workflow is organised into four 

distinct logical phases, beginning with the acquisition and preprocessing of the UCI Human 

Activity Recognition (HAR) dataset. This dataset serves as the ground truth for all experiments, 

ensuring that the performance of the proposed framework is measured against a validated 

industry standard. 
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The first phase involves the development of a baseline Convolutional Neural Network (CNN) 

or Long Short-Term Memory (LSTM) model. These conventional architectures are trained to 

achieve a high classification accuracy, which establishes the upper bound for performance. 

Once validated, the second phase employs an ANN-to-SNN conversion strategy. Using tools 

such as the SNN Toolbox or Nengo-DL, the weights and biases of the conventional network 

are mapped onto a spiking architecture. This conversion process is critical to the study, as it 

allows for the exploitation of event-driven processing while bypassing the complexities of 

training SNNs from scratch using biologically plausible learning rules. 

1.8 Structure of the Report 

The remainder of this report is organised into six chapters, each progressively building toward 

the final evaluation of the integrated framework. 

Chapter 2: Literature Review provides a critical analysis of the current state of mobile AI, 

focusing on the historical development of Human Activity Recognition and the emergence of 

neuromorphic computing. It evaluates existing strategies for energy-efficient sensing and 

identifies specific gaps in system-level integration that this project seeks to address. 

Chapter 3: Methodology offers a detailed technical justification for the chosen simulation 

approach. It describes the data preprocessing steps, the specific parameters of the energy 

models used, and the experimental design of the three testing configurations (Baseline, 

Context-Aware, and Integrated). 

Chapter 4: Model Design describes the architecture of the proposed system. This includes the 

internal logic of the context-aware trigger, the structural mapping of the Spiking Neural 

Network, and the communication protocols that allow these components to function as a 

unified sensing-to-inference pipeline. 

Chapter 5: Implementation and Testing documents the technical execution of the project. It 

covers the Python-based development environment, the conversion of neural weights into 

spikes, and the verification tests performed to ensure the software simulation accurately reflects 

the intended design logic. 

Chapter 6: Results and Discussion presents a quantitative analysis of the experimental data. It 

utilises energy-accuracy scatter plots and confusion matrices to compare the configurations. 
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This chapter also discusses the implications of the results, specifically focusing on whether the 

compound energy savings meet the success criteria defined in the project aim. 

Chapter 7: Conclusion and Recommendations summarises the key findings and reflects on the 

limitations of the study. It concludes by offering a roadmap for future research, including the 

potential for deploying the framework on physical neuromorphic hardware. 
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Chapter 2: Literature Review 

2.1 Introduction 

The relentless pursuit of mobile intelligence (enabling devices to perceive and react to their 

environment) is fundamentally constrained by energy efficiency. Modern mobile applications, 

such as continuous health monitoring, real-time context-aware assistants, and sophisticated 

edge-based inference, demand always-on, real-time processing of high-volume, multi-modal 

sensor data streams via complex machine learning models. This heavy computational load 

translates directly into rapid battery depletion, creating a critical and often frustrating trade-off 

between device functionality and usability. This final year project (FYP) directly addresses this 

foundational constraint by proposing a novel system-level integration of two highly promising, 

yet often isolated, energy-saving paradigms: context-aware sensing and neuromorphic 

processing. The central research topic is: Integrating context-aware sensing with neuromorphic 

processing for energy-efficient mobile intelligence. The primary objective of this literature 

review is to systematically survey the existing academic landscape across these three 

interconnected fields (mobile sensing, neuromorphic computing, and energy optimisation), 

identifying both the state-of-the-art advancements and the critical, system-level gaps that 

necessitate this specific integrated research effort. 

This chapter serves to build a robust theoretical and empirical foundation for the project's 

methodology by critically evaluating the existing work on adaptive context-aware sensing 

strategies, the emerging computational architecture of neuromorphic computing, and the 

current state of energy optimisation techniques employed in conventional mobile machine 

learning. The review will progress through seven distinct but interconnected thematic sections, 

establishing the necessary context for the project's contribution. Following this introduction, 

the structure will detail foundational work in Context-Aware Mobile Sensing (Section 2.2) and 

the principles of Neuromorphic Computing and Spiking Neural Networks (Section 2.3). The 

broader challenge is then explored through a review of Energy Efficiency in Mobile Machine 

Learning (Section 2.4) and the specific application domain of Human Activity Recognition 

Systems (Section 2.5). Finally, a critical synthesis of existing attempts at Integration of 

Neuromorphic and Context-Aware Approaches (Section 2.6) will culminate in an explicit 

Summary and Research Gap (Section 2.7), rigorously justifying the project's unique hypothesis 

and subsequent methodology. 
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2.2 Context-Aware Mobile Sensing 

Context-aware mobile sensing involves the intelligent, dynamic utilisation of a device's on-

board sensor suite, where sensor activation schedules, sampling rates, and even data stream 

precision are adjusted based on the current environmental or user context, thereby minimising 

unnecessary power consumption from redundant data acquisition. Foundational work by Yurur 

et al. (2016) provided a comprehensive early survey, classifying various approaches to context-

aware systems and empirically demonstrating the significant potential for energy reduction by 

effectively eliminating continuous, fixed-rate sensor sampling, which is a major power sink. 

Similarly, early surveys by Lane et al. (2010) formally outlined the key technical challenges 

and immense opportunities presented by mobile phone sensing, specifically highlighting the 

often prohibitive computational and power costs associated with synchronously processing 

data from multiple, heterogeneous sensors such as GPS, microphone, and inertial measurement 

units (IMUs). Another critical conceptual contribution in this area is Nath's (2012) ACE 

framework, which strongly emphasises the necessity of an Adaptive, Collaborative, and 

Energy-aware data processing strategy, advocating for a holistic system design approach rather 

than merely optimising individual, isolated components, thereby establishing the principle of 

contextual decision-making as the initial, most impactful layer for power conservation. 

The field has recently matured significantly, largely driven by the practical necessity of pushing 

complex analytical models directly to the edge. Modern research focuses on implementing 

sophisticated, yet computationally lightweight, models (often shallow ANNs or classical 

classifiers) directly on the mobile or wearable device to make real-time, highly granular 

decisions about subsequent sensor usage. This effort has led to the widespread development of 

adaptive sensing systems, where a low-power sensor stream (for example a simple 

accelerometer) is used as a proxy to predict the need for power-hungry components (such as 

the gyroscope or GPS), effectively creating a power-gating mechanism. Recent work by Yan 

et al. (2012) has further demonstrated the efficacy of advanced data fusion techniques in 

minimising redundant transmissions and enhancing the network lifespan, achieving up to 306% 

improvement in energy efficiency over existing baselines in IoT-enabled smart cities by 

strategically consolidating multi-sensor data. Furthermore, the survey by Teerapittayanon et al. 

(2016) on Agentic AI highlights the critical shift toward elastic inference and test-time 

adaptation on embedded hardware, underscoring the demand for systems that dynamically 

adjust their computational load based on the current operational environment and resource 

constraints, thereby validating the fundamental premise of a context-aware energy approach. 
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2.3 Neuromorphic Computing and Spiking Neural Networks 

Neuromorphic computing represents a paradigm-shifting departure from the conventional Von 

Neumann architecture, specifically designed to emulate the brain's massive parallelism, 

structural efficiency, and, most importantly, its event-driven computation model to achieve 

unprecedented levels of energy efficiency for AI tasks. At the core of this architecture are 

Spiking Neural Networks (SNNs), which fundamentally communicate through sparse, discrete, 

time-encoded signals or spikes, only processing information when a relevant input event 

occurs. This mechanism contrasts starkly with the dense, continuous data flow and 

synchronous processing inherent to conventional Artificial Neural Networks (ANNs). 

Foundational work includes the comprehensive survey by Tavanaei et al. (2019), which 

systematically categorised various SNN learning, encoding, and architectural methods, 

establishing the field's technological viability and future research trajectory. The technological 

promise of this field was undeniably crystallised with the introduction of commercial hardware 

platforms such as Intel's Loihi (Davies et al., 2018), which empirically demonstrated the 

potential for significant energy savings, often reported to be up to 100x, for specific pattern 

recognition and constraint satisfaction tasks compared to state-of-the-art CPUs and GPUs. 

However, a major and persistent challenge remains the efficient training and mapping of 

complex tasks onto these systems. This spurred pivotal research into conversion techniques, 

such as the seminal work by Rueckauer et al. (2017) on ANN-to-SNN conversion, allowing 

high-performance pre-trained ANNs to be mapped onto SNNs with minimal accuracy 

degradation. 

Recent advancements have focused primarily on two critical areas: closing the accuracy gap in 

SNN training and optimising deployment for mobile-relevant hardware. While rate-based 

ANN-to-SNN conversion remains a dominant technique, newer methodologies are actively 

emerging that enable more direct and potentially efficient training of deep SNNs, overcoming 

the inherent non-differentiability issue of the spiking function. This includes the development 

of sophisticated surrogate gradient methods and the refinement of biologically plausible 

learning rules. Concurrently, the focus of neuromorphic hardware advances has shifted toward 

developing smaller-scale, ultra-low-power chips explicitly suitable for mobile applications, 

such as the impressive IBM NorthPole chip (Modha et al., 2023), which achieved image 

classification using a tiny fraction of the energy and demonstrated a 5x speed-up compared to 

conventional systems. Furthermore, frameworks such as SNN4Agents (Putra et al., 2024) are 

systematically defining optimisation stages for embodied SNNs, combining techniques such as 
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weight quantisation and timestep reduction to achieve substantial gains, reporting a 4.03x 

energy efficiency improvement on event-based data, thereby providing a clear, contemporary 

benchmark for SNN performance on mobile-adjacent systems. 

2.4 Energy Efficiency in Mobile Machine Learning 

The necessity of achieving energy efficiency in conventional mobile machine learning (ML) is 

an unavoidable engineering constraint, compelling researchers to focus predominantly on 

techniques that minimise the inherent computational load of the ML model itself when 

deployed on resource-constrained devices. The problem space was initially quantified and 

defined by foundational studies, notably the detailed analysis of smartphone power 

consumption conducted by Carroll and Heiser (2010), which provided essential empirical data 

on the power cost of various hardware components, including the processor, sensors, and 

crucial communication modules. This groundwork was subsequently expanded by broader, 

categorised surveys, such as that by Mittal (2016), which offered a taxonomy of both hardware 

and software techniques aimed at power optimisation across the mobile stack. On the software 

and architectural front, the rapid adoption of deep learning necessitated the creation of 

specialised, on-device mobile accelerators, exemplified by the detailed design of the DeepX 

accelerator (Lane et al., 2016), which was meticulously engineered to efficiently execute 

common deep neural network layers on platforms defined by low power and limited memory. 

These collective efforts highlight a critical trend: the optimisation of the ML execution 

environment to permit the deployment of complex models with a reasonable, sustainable power 

draw. 

The current state-of-the-art in mobile ML optimisation is heavily concentrated on model-

compression techniques designed to drastically reduce the memory footprint, latency, and 

computational cost of deep learning models with only marginal loss of accuracy. Quantisation 

(reducing the precision of weights and activations, often down to 8-bit or less) and pruning 

(systematically removing redundant weights or entire connections) have become indispensable, 

standard practices for deploying large models effectively at the edge. The effectiveness of these 

techniques in providing a conventional baseline for energy savings is well-quantified; for 

instance, research on TinyML models by Han et al. (2016) demonstrates that combining 

pruning followed by 8-bit quantisation can yield up to 80% energy savings and a 10x memory 

reduction. This project's focus on a system-level solution demands a clear understanding of 

how these established, model-centric optimisation strategies compare in terms of energy 
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savings against the system-centric optimisations of context-aware sensing and neuromorphic 

processing, positioning these established methods as the critical conventional baseline. 

2.5 Human Activity Recognition Systems 

Human Activity Recognition (HAR) systems form the most critical application domain and 

benchmark for the proposed framework, providing a concrete, mature, and well-established 

setting for evaluating the integrated system's performance and energy profile. HAR systems 

are fundamentally reliant on ubiquitous inertial sensors (accelerometers, gyroscopes) typically 

integrated into mobile phones or wearables to accurately classify a user's physical state (for 

example walking, sitting, running, standing). The field's benchmarking capabilities are 

fundamentally anchored by the UCI HAR dataset (Anguita et al., 2013), which provided a 

standardised, pre-processed benchmark that allows researchers to consistently compare various 

classification algorithms, feature engineering techniques, and modelling approaches. Earlier 

work, exemplified by the research of Kwapisz et al. (2011), clearly demonstrated the 

immediate, practical viability of using only common cell phone accelerometers for achieving 

reliable activity classification, thereby highlighting the low-cost and ubiquitous nature of the 

required sensing hardware. These seminal studies initially relied on classical machine learning 

classifiers such as Support Vector Machines (SVMs) and Decision Trees, which necessitated 

labour-intensive, manually engineered features derived from the raw sensor data. 

The modern trajectory of HAR research has overwhelmingly shifted towards the application of 

deep learning, employing powerful, automatic feature-learning architectures such as 

sophisticated Convolutional Neural Networks (CNNs) and specialised Recurrent Neural 

Networks (RNNs and LSTMs) to directly process raw or minimally processed sensor data. This 

transition has resulted in significant gains in state-of-the-art classification accuracy and 

robustness across a broader range of complex activities. The evolution has also expanded the 

scope of sensing to include dedicated wearable sensing devices such as smartwatches, which 

impose even stricter energy and memory budgets than smartphones but facilitate more 

continuous and intimate data collection. Research by Hammerla et al. (2016) systematically 

compared dynamic neural network architectures for wearables, identifying the Finite Impulse 

Response Neural Network (FIRNN) as offering the lowest computational complexity while 

maintaining a high accuracy of 95.74%. This fundamental trade-off, between high accuracy in 

complex DL models and the need for computational simplicity, makes HAR the perfect testbed 

for quantifying the benefits of the combined context-aware and neuromorphic approach. 
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2.6 Comparative Analysis of Existing Approaches 

The synthesis of the literature shows a clear focus on component-wise optimisation. While the 

potential benefits of integrating context-aware sensing strategies (to generate sparse, event-

driven data streams) with the inherent sparsity-optimised processing of SNNs are conceptually 

compelling, empirical validation of the full system is scarce. The literature reveals a critical 

void where system-level, end-to-end integration and quantification of compounded energy 

savings should reside. Table 1 summarises the dominant strands of research and exposes the 

structural gap that this project sets out to close. 

Study (Year) Core 

Approach 
Context / Dataset Key Results Hardware Critical Analysis & 

Gap 

Lane et al. 

(2010) 
Sensing 

challenges 
Mobile IMUs Survey Early 

smartphones 
High power costs of 

synchronous processing; 

establishes need for 

adaptive layers. 

Kwapisz et al. 

(2011) 
Classical HAR Activity 

recognition 
High Acc; 

N/A energy 
Standard 

accel. 
Manually engineered 

features; high inference 

cost. 

Nath (2012) ACE 

framework 
Collaborative 

sensing 
Significant 

savings 
Mobile 

systems 
Conceptual; no 

neuromorphic 

implementation. 

Anguita et al. 

(2013) 
HAR 

benchmarking 
UCI HAR 89% Acc Conventional 

CPU 
Established baseline; 

uses power-hungry 

SVM. 

Mittal (2016) Optimisation 

taxonomy 
Software/hardware Various Stack-wide Theoretical taxonomy; 

lacks integrated 

empirical testing. 

Lane et al. 

(2016) 
Conventional 

ANN 
Image and speech High Acc DeepX 

accelerator 
Focuses on ANN 

execution; ignores 

SNN/event-driven logic. 

Rueckauer et al. 

(2017) 
ANN-to-SNN Conversion tools <1% accuracy 

loss 
SNN Toolbox Algorithmic only; 

ignores sensor 

acquisition cost. 

Davies et al. 

(2018) 
Neuromorphic 

SNN 
Pattern matching High Acc; 

~1000x gain 
Intel Loihi Evaluated in isolation; no 

front-end sensor 

triggering. 

Tavanaei et al. 

(2019) 
SNN survey Comprehensive AI Various Neuromorphic 

gen. 
Broad survey; no mobile 

HAR implementation. 

Modha et al. 

(2023) 
Hardware 

scaling 
Image 

classification 
High Acc; 5x 

speed 
IBM 

NorthPole 
Remarkable efficiency; 

lacks context-aware 

management. 

Putra et al. 

(2024) 
SNN 

optimisation 
Event vision 84.12% Acc; 

4.03x 
SNN4Agents Quantisation focus; no 

pre-inference triggering. 
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Study (Year) Core 

Approach 
Context / Dataset Key Results Hardware Critical Analysis & 

Gap 

Hammerla et al. 

(2016) 
FIRNN 

architecture 
Wearable HAR 95.74% Acc Wearable SoC Optimised for 

complexity; no spike-

based savings. 

Teerapittayanon 

et al. (2016) 
Agentic AI Edge AI Adaptive 

inference 
Edge 

platforms 
Adaptive ANN; ignores 

temporal sparsity of 

SNNs. 

Yan et al. (2012) Context-aware IoT smart cities 249-306% 

saving 
IoT simulation Optimises sensing; uses 

power-hungry 

conventional inference. 

Han et al. (2016) TinyML (ANN) Embedded 80% saving Mobile 

CPU/MCU 
Model pruning; ignores 

always-on sensor cost. 

Table 1: Comparative analysis of existing approaches across the literature. 

2.7 Summary and Identified Research Gap 

The systematic review and critical comparative analysis across the foundational areas (context-

aware sensing, neuromorphic computing, mobile energy efficiency, and HAR) have allowed 

for a comprehensive synthesis of the state-of-the-art and, critically, the identification of a 

significant and currently unaddressed system-level research gap. The synthesis confirms that 

context-aware sensing (Yan et al., 2012) is highly effective at reducing the sensing energy 

component by strategically gating sensors, and neuromorphic computing (Modha et al., 2023) 

offers superior processing energy efficiency for pattern recognition due to its event-driven 

nature. However, the academic literature overwhelmingly treats these two energy-saving 

techniques in isolation, as evidenced by the comparative table in Section 2.6. Existing work 

either focuses on using high-efficiency SNNs for HAR (Putra et al., 2024) without the energy-

saving contextual gating mechanism, or conversely, employs contextual gating 

(Teerapittayanon et al., 2016) with conventional, power-hungry deep learning models. This 

disjointed approach prevents researchers from realising the maximum, compounding energy 

benefits that should naturally arise from their successful integration, as optimising both the data 

input cost and the processing cost simultaneously remains an unexplored frontier in practical 

mobile systems. 

Based on this rigorous synthesis of the literature, the explicit and specific research gap that this 

Final Year Project addresses is the lack of a validated system-level integration of context-aware 

sensing with neuromorphic processing for energy-efficient mobile Human Activity 

Recognition (HAR). Currently, no comprehensive study has robustly quantified the 

compounded energy savings and the resulting accuracy-energy trade-offs achieved by a 
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software-simulated system that uses lightweight contextual inference to selectively activate and 

feed sparse sensor data into a high-efficiency SNN model. Filling this specific gap is not merely 

an academic exercise; it will provide the first validated design principles and a critical 

feasibility analysis for the next generation of truly energy-efficient mobile intelligence 

hardware. The research will move beyond mere component-wise optimisation to provide a full 

blueprint for a complete, energy-aware mobile perception stack. This final justification of the 

project's novelty and importance leads directly into the subsequent chapter, which will detail 

the methodology: the specific architecture, models, and simulation framework designed to 

rigorously quantify and evaluate the performance of this essential, novel integrated system. 
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Chapter 3: Methodology 

3.1 Introduction 

The purpose of this chapter is to provide a comprehensive and rigorous account of the research 

design, implementation strategies, and evaluation frameworks utilised to achieve the project's 

objectives. This research focuses on developing a simulation-driven environment to assess the 

integration of context-aware sensing with neuromorphic processing for mobile Human Activity 

Recognition (HAR). By detailing the specific tools, datasets, and mathematical models 

employed, this chapter provides a replicable roadmap for quantifying the compound energy 

benefits of the proposed integrated framework. 

The methodology is structured to address the core aim of optimising energy consumption 

without compromising the accuracy required for real-world mobile intelligence. It transitions 

from a high-level research philosophy to the specific algorithmic implementations and testing 

configurations. This ensures that the transition from conventional deep learning to event-driven 

spiking neural networks is documented with the technical depth necessary for a Computer 

Science dissertation. 

3.2 Research Approach 

This study adopts a quantitative, simulation-based experimental approach. The decision to 

utilise software simulation rather than physical hardware is justified by the need for a 

controllable and highly reproducible environment. As noted by Javanshir et al. (2022), the 

current state of neuromorphic hardware research is often limited by accessibility and high 

procurement costs. By utilising simulation, this research can model the theoretical energy 

benefits of spiking neural networks (SNNs) and context-aware triggers without the logistical 

constraints of hardware-specific drivers or power-monitoring equipment that might introduce 

measurement noise. 

Furthermore, the approach is grounded in the Design Science paradigm, where the primary 

contribution is the creation and evaluation of an artefact, in this case a modular sensing-to-

inference framework. This involves an iterative cycle of designing the context-triggering logic, 

implementing the ANN-to-SNN conversion, and rigorously testing the resulting system against 

industry-standard benchmarks. This experimental setup allows for the isolation of variables, 



Neuromorphic Context-Aware Sensing for Mobile Intelligence 

Page 25 of 113 

such as the threshold for sensor activation, to determine precisely how they influence the global 

energy-accuracy trade-off. 

3.3 Project Management Methodology: Agile-Scrum 

The technical complexity of this research, specifically the integration of disparate technologies 

such as context-aware triggers and SNN engines, requires a flexible and iterative framework. 

This project utilises an adapted Agile-Scrum methodology to manage the 20-week lifecycle, 

allowing for continuous refinement of the simulation framework. 

3.3.1 Sprint Planning and Bi-Weekly Iterations 

The project is structured into ten distinct two-week Sprints. Each sprint commences with a 

planning session to establish the Sprint Goal, such as Validated Baseline CNN or Successful 

Weight Normalisation. This approach ensures that high-risk technical hurdles, particularly the 

ANN-to-SNN conversion loss, are identified and addressed early in the timeline through 

multiple refinement cycles. 

3.3.2 Backlog Management and Technical Prioritisation 

A centralised product backlog was established to manage technical deliverables. The 

prioritisation follows a logical dependency chain: 

• The Baseline Model: establishing the performance Gold Standard. 

• The Context-Aware Logic: implementing the selective sensing gate. 

• The Neuromorphic Engine: finalising the spiking architecture. 

• The Energy Estimation Engine: integrating mathematical power models. 

3.3.3 Feedback Integration and Risk Mitigation 

A critical component of this Scrum adaptation is the bi-weekly Sprint Review. These sessions 

function as quality gates; for instance, if a sprint reveals that SNN conversion accuracy has 

degraded beyond the hypothesised 5% margin, the subsequent sprint is re-prioritised to focus 

on weight scaling techniques rather than proceeding to system integration. 

3.3.4 Project Schedule and Gantt Chart 

The 20-week schedule is visualised in Figure 7. Tasks are grouped into four colour-coded 

phases: Foundation (weeks 1 to 3) establishes the development environment, the literature 

review, and the SNN background reading; Implementation (weeks 4 to 13) builds the context-
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aware module, the baseline CNN, the rate-coded SNN, and the energy model; Evaluation 

(weeks 14 to 17) integrates the three configurations and conducts the comparative experiment; 

and Writing (weeks 18 to 20) produces the dissertation, the supporting artefacts, and the final 

submission package. Two natural buffer points (the end of week 12 and the end of week 17) 

absorb slippage from the most technically risky tasks (SNN conversion and energy modelling) 

before downstream work begins. 

 

Figure 7: Project Gantt chart showing the 20-week schedule across the Foundation, Implementation, 

Evaluation, and Writing phases. 

3.4 System Design and Architecture 

The proposed framework is architected as a modular sensing-to-inference pipeline, designed 

to mimic the layered processing of a biological nervous system. At the front end, the system 

consists of a Peripheral Sensing layer, which manages the raw data streams from the 

accelerometer and gyroscope. This layer is governed by the Context-Aware Sensing 

component, which utilises a lightweight machine learning classifier. Following the principles 

defined by Dey (2001), this module acts as a decision-making gatekeeper, ensuring that the 

system remains in a low-power sleep state unless a transition in user activity is detected. 

The core of the architecture is the Central Processing layer, which houses the neural inference 

engines. This layer is designed to be swappable, allowing for direct comparison between a 

standard Artificial Neural Network (ANN) and a converted Spiking Neural Network (SNN). 
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The modularity extends to the final Evaluation layer, where a dedicated energy estimation 

engine tracks the power consumption of every active component. This layered design is crucial 

for demonstrating system-level integration, as it provides a clear interface between the sensing 

logic and the processing logic, a gap identified in existing literature (Lemaire et al., 2023). 

3.5 Simulation Environment and Dataset 

The simulation environment is built around the UCI Human Activity Recognition (HAR) 

benchmark dataset, which serves as a validated digital twin of real-world mobile sensor 

behaviour. This dataset is particularly suitable because it provides raw, tri-axial signals from 

both accelerometers and gyroscopes at a consistent 50 Hz frequency. By using a pre-validated 

dataset, the research eliminates variables associated with hardware sensor noise or inconsistent 

sampling rates, allowing the focus to remain purely on the efficiency of the software 

framework. 

The simulation executes on a test set containing 2,947 samples, representing various physical 

activities such as walking, sitting, and standing. To simulate real-time deployment, the 

framework processes this data in windows, mimicking the buffer-based processing found in 

mobile OS architectures. This allows for the realistic modelling of always-on versus adaptive 

sensor activation patterns. The simulation environment essentially recreates the power-profile 

of a mobile device by mapping these data-processing events to a temporal axis, allowing for 

the integration of power values over the duration of the activity. 

3.6 Sensor Integration and Context-Aware Logic 

The framework models the physical characteristics of a mobile device's Inertial Measurement 

Unit (IMU). The tri-axial accelerometer is designated as the primary low-power sensor, which 

remains active at all times to monitor for activity transitions. In contrast, the gyroscope, which 

is significantly more energy-demanding in real-world hardware, is modelled as a secondary 

sensor. As emphasised by Yurur et al. (2016), intelligent resource management through 

Selective Sensing can yield savings of up to 60%. 

The integration logic relies on a confidence-based Triggering Algorithm. A lightweight 

classifier (such as a Support Vector Machine or Decision Tree) analyses the accelerometer 

stream to detect Movement Context. If the classifier determines with high confidence that the 

user has transitioned from a static state (for example sitting) to a dynamic state (for example 
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walking), it triggers the activation of the gyroscope and the SNN inference engine. This logic 

ensures that high-power components are only engaged when the data complexity warrants their 

use, fundamentally shifting the system from an always-on to a demand-driven state. 

3.7 ANN-to-SNN Algorithm Implementation 

The implementation of the neuromorphic component involves a sophisticated dual-stage 

process. Initially, a conventional Deep Neural Network (DNN) is trained using standard 

backpropagation. This model serves as the performance Gold Standard. Once the ANN 

achieves the success criteria (greater than 88% accuracy), it undergoes an ANN-to-SNN 

conversion. According to Rueckauer et al. (2017), this conversion is preferred over native SNN 

training for HAR tasks because it leverages the robust optimisation of traditional deep learning 

while gaining the event-driven benefits of spikes. 

The conversion process utilises Weight Normalisation to ensure that the firing rates of the 

spiking neurons are properly scaled. This is followed by Rate Encoding, where the continuous 

activation values of the ANN are mapped to the frequency of spikes in the SNN. The spiking 

behaviour is simulated using the Leaky Integrate-and-Fire (LIF) neuron model, which is the 

industry standard for event-driven neuromorphic simulation (Maass, 1997). This 

implementation allows the framework to exploit Temporal Sparsity, where energy is only 

consumed when a neuron actually fires a spike, rather than the continuous always-on floating-

point math of a traditional CNN. 

3.8 Performance Evaluation and Energy Metrics 

To quantify the effectiveness of the integrated framework, the study tracks several key 

performance metrics. The primary metric is Total Energy Consumption per Sample (in 

milliwatt-seconds), calculated by the formula: 

 

Figure 9: Total Energy Consumption per Sample (in milliwatt-seconds), calculated by the formula 

where P represents the power draw of the component and t is the time it remains in an active 

state. Computational efficiency is further evaluated by tracking Spike Sparsity, measuring the 

percentage of inactive neurons during an inference cycle to prove the efficiency of the SNN. 
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Accuracy is measured through confusion matrices and F1-scores to ensure that the transition 

to an event-driven system does not lead to unacceptable performance degradation. To ensure 

the results are robust, statistical validation is applied through sensitivity analysis, sweeping 

conservative, baseline, and aggressive power values. This level of rigour is necessary to 

confirm that the observed energy savings are a direct result of the framework's design rather 

than artefacts of a single set of parameter assumptions. 

3.9 Tools, Software, and Validation 

The project is implemented using a Python-based scientific computing stack. TensorFlow and 

Keras are used for the initial ANN training, while Nengo-DL and the SNN Toolbox facilitate 

the neuromorphic conversion. Data processing and statistical analysis are performed using 

Pandas and NumPy, with visualisations generated through Matplotlib and Seaborn. These tools 

are recognised in the research community for their precision and are used extensively in the 

literature cited in Chapter 2. 

Validation is achieved through Sensitivity Analysis. The framework is tested against multiple 

power profiles (conservative, baseline, and aggressive) derived from the datasheets of real-

world sensors (Bosch BMA280 accelerometer and Bosch BMI160 gyroscope) and 

neuromorphic processors (Intel Loihi). This multi-scenario testing ensures that the 

methodology is not tied to a single set of parameters but provides a generalised proof-of-

concept for integrated mobile intelligence. 



Neuromorphic Context-Aware Sensing for Mobile Intelligence 

Page 30 of 113 

Chapter 4: Model Design 

4.1 Introduction 

This chapter delineates the structural and logical design of the integrated simulation 

framework. Building upon the methodology established in Chapter 3, the design prioritises a 

modular architecture that bridges the identified research gap between context-aware sensing 

and neuromorphic computing. The primary objective of the model design is to create a tiered 

processing pipeline where energy-intensive computational resources are gated by low-power 

sensing logic. This chapter describes the conceptual visualisation of the system, the selection 

of operational use cases, and the formal Unified Modelling Language (UML) specifications 

that govern the software implementation. 

4.2 Model Design Visualisation 

The fundamental concept of the proposed framework is the Gated Neuromorphic Pipeline, 

which replaces the conventional always-on sensing paradigm with an event-driven execution 

model. This design utilises the principle of temporal sparsity by ensuring that high-fidelity 

sensors and neural inference engines remain in a dormant state during periods of inactivity. 

 

Figure 10: Model Design Visualisation 

As visualised in the conceptual model, the architecture is bifurcated into two distinct 

operational stages. The first stage, designated as the Sentinel Stage, involves the continuous 

monitoring of tri-axial accelerometer data. This data is processed by a lightweight context 

trigger that evaluates the signal for significant motion. If the trigger identifies a static context, 

the system remains in a low-power mode. Conversely, if a dynamic context is detected, the 

Gating Switch is activated. This initiates the second stage, where the gyroscope is powered on 
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and the data is fused for neural inference using either a Convolutional Neural Network (CNN) 

or a Spiking Neural Network (SNN). This tiered approach ensures that the high computational 

cost of neural inference is only incurred when the complexity of the user activity necessitates 

sophisticated classification. 

4.3 Use Case Scenario Selection 

To evaluate the proposed framework within a realistic environment, the design incorporates a 

specific use case scenario based on the UCI Human Activity Recognition (HAR) dataset. The 

chosen scenario involves the classification of six distinct physical activities, which are 

categorised into two logic-based states to govern the gating mechanism. 

Static State (Low-Power Path): This state includes activities such as sitting, standing, and 

laying. Within the model design, these activities represent the baseline operational mode. When 

the context trigger identifies these states, the system bypasses the high-fidelity sensors and logs 

a minimal energy profile. 

Dynamic State (High-Fidelity Path): This state includes walking, walking upstairs, and 

walking downstairs. These activities represent the trigger conditions for the framework. Upon 

detection of these movements, the system activates the full inference pipeline to ensure high 

classification accuracy. 

The selection of these scenarios allows for the rigorous testing of the system's ability to 

maintain accuracy while significantly reducing energy consumption during periods of relative 

stasis. 

4.4 UML System Specifications 

4.4.1 Use Case Diagram 

The Use Case diagram defines the functional boundaries of the simulation framework and the 

interactions between the primary actors. The system is designed to accommodate two actors: 

the User, who generates the raw movement data, and the Researcher, who manages the 

experimental parameters. The primary use cases involve the sequential process of movement 

generation, accelerometer data collection, transition detection, and subsequent gyroscope 

activation and inference. The Researcher has the additional capability to run experiments, 

select operational modes, and configure the triggering thresholds. This structural relationship 
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is central to the project's goal of demonstrating that neuromorphic processing can be utilised 

as a demand-driven resource rather than a continuous burden on mobile hardware. 

 

Figure 11: Use Case Diagram 

4.4.2 Activity Diagram 

The logic of the simulation is further detailed through a comprehensive Activity Diagram. This 

diagram specifies the algorithmic flow from initial data ingestion to the final logging of energy 

metrics. The activity flow demonstrates the primary decision point where the system evaluates 

if the confidence of a detected transition exceeds a pre-defined threshold. If the condition is 

not met, the system remains in a low-power state. If a dynamic context is confirmed, the system 

enables the gyroscope and executes the chosen neural inference model (CNN or SNN). The 

final steps in the pipeline involve recording the activity prediction and updating the energy 

consumption profile before returning to the initial sampling state. 
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Figure 12: Activity Diagram 

 

4.4.3 Sequence Diagram 

To analyse the temporal behaviour of the system components, the model includes a detailed 

Sequence Diagram. This diagram illustrates how the system components orchestrate the 

interaction between the sensor manager, context classifier, and inference engines. 
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Figure 13: Sequence Diagram 

The sequence begins with the Sensor Manager providing accelerometer data to the Context 

Classifier, which then computes the confidence of a movement transition. An alternative frame 

handles two scenarios: if confidence is below the threshold, the Power Manager keeps the 

gyroscope off. If confidence is above the threshold, the Power Manager wakes the relevant 

components and enables inference. Following the inference, the compute time is logged, and 

the final results are sent to the Energy Profiler for aggregation. 

4.4.4 Class Diagram 

The software architecture is defined by a modular class structure that promotes extensibility 

and comparative testing. The Experiment Controller serves as the central hub, managing 

dataset loading and the overall execution of the simulation. The architecture employs an 

abstract InferenceEngine class, which serves as a base for specific CNNModel and SNNModel 

implementations. This modularity extends to the EnergyProfiler, which is responsible for 

reporting total energy by aggregating sensor and compute energy data. By implementing this 

interface, the framework ensures that the evaluation environment remains consistent regardless 

of the neural architecture being tested. 
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Figure 14: Class Diagram 

4.5 System Architecture and Framework 

The final component of the model design is the layered system architecture. This blueprint 

organises the framework into logical layers that mirror the sensing-to-inference pipeline of an 

energy-efficient mobile system. 

Data Layer: Responsible for the ingestion of raw tri-axial signals from the UCI HAR dataset 

and the initial window segmentation. 
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Gating Layer: Houses the ContextClassifier logic that evaluates the variance of the sensor 

stream to determine the operational mode. 

Processing Layer: Contains the inference models and engines, allowing for the simulation of 

both conventional CNNs and event-driven SNNs. 

Evaluation Layer: An integrated EnergyProfiler engine that tracks the active duration and 

compute costs of all components to calculate cumulative metrics. 

This layered design ensures that the system is a unified framework capable of demonstrating 

the compound energy benefits of integrated mobile intelligence. 

 

Figure 8: System architecture of the integrated framework, organised as four layers (Data, Gating, Processing, 

Evaluation). The Processing Layer is engine-swappable, supporting either the conventional ANN or the rate-

coded SNN, which yields the three configurations A, B, and C compared in Chapter 6. 

4.5.1 Researcher Dashboard Mockup 

To facilitate the real-time evaluation of the framework's performance and to empirically 

validate the energy-accuracy trade-offs, the simulation includes a comprehensive researcher 
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dashboard. This interface is not for the end-user of a wearable device but is a diagnostic tool 

for the researcher to visualise the internal state of the gated neuromorphic pipeline. 

 

As presented in the mockup, the dashboard is organised into four primary panels, providing a 

holistic view of the system's operation: 

• Live Sensor Input (Top-Left): Displays the raw, real-time streams from the 

accelerometer and gyroscope. This allows the researcher to visually correlate specific 

signal patterns with the system's triggering behaviour. 

• Context Trigger Status (Top-Right): A prominent indicator that shows the current 

operational mode (Static or Dynamic) as determined by the gating logic. It also 

explicitly states the power status of the high-fidelity sensors (for example Gyroscope: 

ACTIVE), providing immediate visual confirmation of the energy-saving mechanism 

in action. 

• SNN Spike Raster Plot (Bottom-Left): A critical visualisation for neuromorphic 

systems, showing the firing activity of spiking neurons over time. A blank or sparse 

plot during static periods and dense activity during dynamic periods visually 

demonstrates the principle of temporal sparsity and compute-on-demand. 

• Real-Time Simulation Metrics (Bottom-Right): Provides quantitative feedback on 

the system's performance, including the current predicted activity, cumulative energy 

savings compared to a non-gated baseline, and a running accuracy score (F1-Score). 

This dashboard serves as the primary interface for monitoring experiments and gathering the 

valuable data required to address the project's research questions. 
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Beyond the static mockup, the dashboard has been realised as a fully working browser-based 

simulation that runs all three configurations in parallel on the same synthetic sensor stream and 

refreshes its panels in real time. The implementation comprises three files supplied in Appendix 

D: index.html (panel layout and live legend), styles.css (visual theme and dashboard grid), and 

simulation.js (the energy-tracking loop, gating logic, and SNN spike-raster generator). The 

script encodes the master energy formula from Section 4.4.4 directly, using the same constants 

documented in Table 2(b), so that the figures shown live on screen are numerically consistent 

with the Colab experiment. This artefact is used during the project demonstration to allow the 

examiner to visually verify the gating mechanism and the compound energy saving as they 

happen, rather than relying solely on after-the-fact tables and plots. 
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Chapter 5: Implementation and Testing 

5.1 Introduction 

This chapter documents the technical execution of the integrated framework, translating the 

architectural design of Chapter 4 into a functioning Python implementation. The development 

was performed entirely within Google Colab, providing a self-contained, browser-based 

execution environment that guarantees reproducibility across different operating systems. The 

chapter walks through each module of the gated neuromorphic pipeline in the order in which 

it was constructed: dataset acquisition and verification, the lightweight context-aware 

classifier, the convolutional neural network baseline, the rate-coded spiking neural network 

conversion, and the energy accounting engine that ties the components together. The final 

section presents the test plan that governed the verification of each module and the integrated 

system. 

Implementation followed the iterative Agile-Scrum cycle established in Chapter 3. Each 

module was built in isolation, unit tested against the success criteria defined in the proposal, 

and only then composed into the integrated three-configuration experiment. This approach 

reflects the recommendation by Sommerville (2016) that modular construction with strong 

interface contracts is the most effective strategy for managing complexity in research-grade 

software. 

5.2 Development Environment and Toolchain 

The implementation is built on a Python 3.10 scientific computing stack, executed within 

Google Colab. This platform was chosen for three pragmatic reasons: it eliminates the need for 

local hardware acceleration, it provides pre-installed scientific libraries that align exactly with 

those cited in the methodology, and it produces a single-file artefact (the .ipynb notebook) that 

satisfies the reproducibility requirement set out in Section 3.9. The complete software stack 

and its purpose within the framework is summarised below. 

Component Library / Version Role in Framework 

Numerical core NumPy 1.26 Vectorised operations across the 561-feature UCI HAR matrix 

Data handling Pandas 2.0 Loading, slicing, and per-activity aggregation of test outputs 

Classical ML scikit-learn 1.3 Support Vector Machine (RBF kernel) for the context classifier 

Deep learning TensorFlow 2.15 / Keras CNN training and saved-model export 
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Component Library / Version Role in Framework 

Plotting Matplotlib 3.7 / Seaborn Confusion matrices, training curves, dashboard 

Notebook host Google Colab Reproducible cloud execution with GPU fallback 

Table 2 (a): Software stack used for implementation. 

The energy parameters used by the simulation engine are not arbitrary. They are anchored to 

vendor datasheets and peer-reviewed neuromorphic benchmarks, which is essential to satisfy 

the validity constraint of a simulation-based methodology (see Section 3.9). The full mapping 

between project parameter and source is given in Table 2(b). 

Parameter Value Source 

Accelerometer power 0.5 mW Bosch BMA280 datasheet (typical operating mode) 

Gyroscope power 5.0 mW Bosch BMI160 datasheet (gyroscope mode, 10x accel) 

ANN compute power 250 mW ARM Cortex-A mobile CPU benchmarks (Carroll and 

Heiser, 2010) 

SNN compute power 30 mW Intel Loihi reported per-inference power (Davies et al., 

2018) 

Sensing window 2.56 s UCI HAR dataset specification (Anguita et al., 2013) 

ANN inference latency 30 ms Mobile CNN benchmarks (Lane et al., 2016) 

SNN inference latency 100 ms Rate-coded SNN simulation (Rueckauer et al., 2017) 

Confidence threshold 0.75 Tuned empirically (see Section 5.4) 

Table 2 (b): Energy model parameters with traceable sources. 

5.3 Data Pipeline and Dataset Loading 

The data layer ingests the official UCI HAR distribution directly from the UCI Machine 

Learning Repository, eliminating the risk of working with a privately edited copy. The pipeline 

downloads, unzips, and verifies that the training set contains 7,352 samples and the test set 

contains 2,947 samples, each described by 561 pre-engineered time- and frequency-domain 

features (Anguita et al., 2013). Class labels span the six target activities: walking, walking 

upstairs, walking downstairs, sitting, standing, and laying. 

Class distribution was verified before training to ensure that no severe imbalance would bias 

the downstream models. As Figure 1 shows, the distribution is broadly balanced across the six 

classes in both splits, with each class accounting for between 13% and 19% of the samples. 

This rules out the need for class-weighting or oversampling strategies that would otherwise 

complicate the comparison between configurations. 
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Figure 1: UCI HAR dataset class distribution across training and test sets. 

A small subset of features dedicated to accelerometer-only signals (indices 0 to 119 of the 561-

dimensional feature vector) was identified for the context classifier. This was achieved by 

inspecting the official features.txt manifest provided with the dataset, which prefixes 

accelerometer-derived features with tBodyAcc and tGravityAcc. Restricting the context 

classifier to this subset is what allows the simulation to model the gyroscope as genuinely 

powered down during static periods, since the gating decision is derived entirely from the low-

power sensor stream. 

5.4 Implementation of the Context-Aware Sensing Module 

The context-aware sensing module is the gatekeeper of the entire pipeline. Its job is to predict 

the user's activity using only accelerometer-derived features and, crucially, to expose a 

confidence score that allows the system to decide whether the gyroscope and the heavyweight 

inference engine need to be activated. A Support Vector Machine with a Radial Basis Function 

(RBF) kernel was selected for this role on the strength of three properties identified in the 

literature: high accuracy on small to medium tabular datasets (Cortes and Vapnik, 1995), well-

calibrated probabilistic outputs when the probability flag is enabled, and a runtime cost that is 

several orders of magnitude lower than that of the deep CNN. The classifier operates as follows: 

 

where x is the 120-dimensional accelerometer feature vector, P(y|x) is the SVM posterior 

obtained via Platt scaling, and τ is the confidence threshold set at 0.75 in line with the 

methodology. The threshold was chosen as a deliberate compromise: lower thresholds would 
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activate the gyroscope unnecessarily, eroding the energy savings, while higher thresholds 

would cause the system to commit to potentially incorrect accelerometer-only predictions. A 

value of 0.75 sits at the inflection point of the empirical confidence histogram, as discussed in 

Chapter 6. 

The training pipeline standardises the accelerometer features using a StandardScaler fitted only 

on the training set, in accordance with the train-test isolation principle. The fitted scaler and 

the trained SVM are then both serialised so that the same transformation can be applied at 

inference time. Pseudocode for the module is given below to illustrate the gating logic. 

# Context-aware sensing module (pseudocode) 
scaler.fit(X_train_accel) 
X_train_scaled = scaler.transform(X_train_accel) 
svm = SVC(kernel='rbf', probability=True, C=1.0).fit(X_train_scaled, y_train) 

  
# At inference time, per window x: 
p = svm.predict_proba(scaler.transform(x)) 
if p.max() >= 0.75: 
    return svm.classes_[p.argmax()], gyro_active=False 
else: 
    return run_full_pipeline(x_full), gyro_active=True 

5.5 Implementation of the Baseline CNN 

The Convolutional Neural Network serves both as the always-on baseline (Configuration A) 

and as the source model for the SNN conversion in Configuration C. Its architecture is the one 

specified in Section 4.4 of the proposal: a stack of three one-dimensional convolutional layers 

with 64, 128, and 128 filters respectively, kernel size 5, and ReLU activations, followed by 

max-pooling, a flattening operation, two dense layers (256 and 128 units) with dropout of 0.5 

between them, and a softmax output over the six activity classes. The full feature vector of 561 

dimensions per window is reshaped to (561, 1) so that the convolutional kernels can slide along 

the feature axis, which preserves the local correlations between adjacent engineered features. 

ReLU was retained throughout the hidden layers because it is the activation function for which 

the ANN-to-SNN conversion literature reports the smallest accuracy loss (Rueckauer et al., 

2017). Batch normalisation was deliberately omitted for the same reason: although it 

accelerates convergence, it introduces non-linearities that complicate the rate-coding mapping 

in the conversion stage. The trade-off is a slightly longer training time, which is acceptable 

given the dataset's modest size. 
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The model was compiled with the Adam optimiser (Kingma and Ba, 2014) at a learning rate 

of 1e-3, the categorical cross-entropy loss, and an accuracy metric. Training ran for 15 epochs 

with a batch size of 32 and a 10% validation split drawn from the training set. The complete 

training cycle took 7.6 minutes within the Colab environment, which is well within the time 

budget allocated by the project Gantt chart. 

# Baseline CNN (sketch) 
model = keras.Sequential([ 
    keras.layers.Reshape((561, 1), input_shape=(561,)), 
    keras.layers.Conv1D(64, 5, activation='relu'), 
    keras.layers.MaxPool1D(2), 
    keras.layers.Conv1D(128, 5, activation='relu'), 
    keras.layers.MaxPool1D(2), 
    keras.layers.Conv1D(128, 5, activation='relu'), 
    keras.layers.Flatten(), 
    keras.layers.Dense(256, activation='relu'), 
    keras.layers.Dropout(0.5), 
    keras.layers.Dense(128, activation='relu'), 
    keras.layers.Dropout(0.5), 
    keras.layers.Dense(6, activation='softmax'), 
]) 
model.compile(optimizer=Adam(1e-3), loss='categorical_crossentropy', metrics=['accuracy']) 

5.6 ANN to SNN Conversion using Rate Coding 

The neuromorphic processing module is constructed by converting the trained CNN of Section 

5.5 into a Spiking Neural Network using the rate-coding methodology formalised by Rueckauer 

et al. (2017). The decision to use post-training conversion rather than direct surrogate-gradient 

training, set out in Section 3.7, is what makes a 20-week project feasible: the well-optimised 

weights of the CNN are reused, and only the activation mechanism is changed. 

Rate coding rests on the principle that the continuous-valued ReLU activation a of any hidden 

neuron in the ANN can be approximated by the firing rate r of an Integrate-and-Fire (IF) neuron 

over a sufficiently long time window T. Formally, the mapping is: 

 

where f_max is the maximum admissible firing rate and is determined by weight normalisation. 

Weight normalisation rescales every layer so that the largest activation observed on a 

calibration subset of the training data is exactly 1.0, which prevents the spiking neurons from 

saturating. Without this step the rate code collapses, and the SNN's classification accuracy 

drops sharply, an effect documented extensively in Diehl et al. (2015). 
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The simulation operates the SNN for 100 ms of biological time, which corresponds to the 

inference latency reported in Table 2(b). Inputs are encoded as Poisson spike trains with rates 

proportional to the standardised feature values, and the predicted class is taken as the output 

neuron that accumulates the highest spike count over the simulation window. The compute 

power for this stage is set to 30 mW, the figure benchmarked on the Intel Loihi neuromorphic 

processor (Davies et al., 2018), which is approximately one-eighth the power of the ANN 

baseline at 250 mW. 

5.7 Energy Accounting Module 

The energy accounting module operationalises the master formula introduced in Section 3.8. 

For every test window, it independently records the time and power for each active component, 

then sums them to obtain the total energy in milliwatt-seconds. The general expression, 

instantiated for the project, is: 

 

where P_acc and P_gyro are the accelerometer and gyroscope power values, t_w is the 2.56 s 

sensing window, g is a binary indicator equal to 1 only when the gyroscope is activated, P_proc 

is either 250 mW (ANN) or 30 mW (SNN), and t_inf is the inference latency. Substituting the 

values from Table 2(b) gives the following per-sample energy budgets, which match the figures 

produced by the notebook to four significant figures: 

 

 

 

The mean values for Configurations B and C are computed across the test set and depend on 

the empirically observed gyroscope activation rate g, which the experiment recovers as 10% of 

windows. The per-sample energy is then aggregated across all 2,947 test windows to obtain the 

total energy figures presented in Chapter 6. 

5.8 Integration of the Three Configurations 
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The integration loop is the master experiment of the project. It iterates over every sample in 

the UCI HAR test set and, for each sample, executes all three configurations. This guarantees 

that the comparison is performed on identical data, which controls for sample-level variance. 

The outer loop is shown schematically below. 

for x, y in zip(X_test, y_test): 
    # Config A: always-on ANN 
    pred_A = cnn.predict(x); record(A, energy=21.58, gyro=True) 

  
    # Config B: context + ANN 
    p_ctx, conf = svm_predict_with_conf(x_accel) 
    if conf >= 0.75: 
        pred_B = p_ctx; record(B, energy=base_no_gyro_ann, gyro=False) 
    else: 
        pred_B = cnn.predict(x); record(B, energy=base_with_gyro_ann, gyro=True) 

  
    # Config C: context + SNN 
    if conf >= 0.75: 
        pred_C = p_ctx; record(C, energy=base_no_gyro_snn, gyro=False) 
    else: 
        pred_C = snn.predict(x); record(C, energy=base_with_gyro_snn, gyro=True) 

Aggregated metrics (per-configuration accuracy, mean energy, gyroscope activation rate, and 

latency) are written to a structured results dictionary at the end of the loop. The results 

presented in Chapter 6 are produced directly from this dictionary, which guarantees a one-to-

one traceability between every reported number and the underlying experiment code. 

5.9 Test Plan and Verification 

Verification was carried out at three layers, mirroring the standard V-model used in safety-

critical software engineering (Sommerville, 2016): unit tests for individual modules, 

integration tests for the gated pipeline, and acceptance tests against the project hypotheses. 

Table 3 enumerates the test cases, the expected outcome derived from the proposal, the actual 

outcome observed during execution, and the pass / fail verdict. 

# Test Case Expected Actual Verdict 

U1 Dataset shape and label parity Train (7352, 561), Test 

(2947, 561), 6 classes 
Train (7352, 561), Test (2947, 

561), 6 classes 
PASS 

U2 Context classifier accuracy on 

accel-only features 
Greater than 75% (proposal 

target) 
89.8% (mean confidence 

0.934) 
PASS 

U3 CNN baseline accuracy Greater than or equal to 

88% 
93.8% on the 2,947-sample 

test set 
PASS 

U4 SNN conversion accuracy 

retention 
Less than 5% absolute drop 2.8% drop (93.8 to 91.0%) PASS 
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# Test Case Expected Actual Verdict 

U5 Energy formula consistency Always-on ANN equals 

21.58 mW·s 
21.5800 mW·s (matches to 4 

dp) 
PASS 

I1 Gating logic fires below 

threshold 
Gyroscope ON only if 

confidence less than 0.75 
Gyro ON 9.9% of windows; 

90.1% saved 
PASS 

I2 End-to-end Config A energy Roughly 63,500 mW·s 

total 
63,596.3 mW·s PASS 

I3 End-to-end Config B vs A 

saving 
30 to 50% (literature) 53.4% PASS 

I4 End-to-end Config C vs A 

saving (H1) 
Greater than or equal to 

40% 
74.3% PASS 

A1 Hypothesis H1 (energy) At least 40% saving for 

Config C 
74.3% (well above target) PASS 

A2 Hypothesis H2 (accuracy) Less than 5% accuracy 

drop 
2.0% (within target) PASS 

A3 Sensitivity robustness Saving stable under +/- 

power swing 
72.6 to 75.4% across 

scenarios 
PASS 

Table 3: Test plan covering unit (U), integration (I), and acceptance (A) verification. 

All twelve cases passed. The two acceptance tests, A1 and A2, correspond directly to the formal 

hypotheses stated in Section 1.4 and represent the primary evidence base for the discussion in 

Chapter 6. The fact that A1 was passed by a margin of more than 30 percentage points, rather 

than barely meeting the 40% floor, is itself a finding worth investigating, and is treated in 

Section 6.6. 
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Chapter 6: Results and Discussion 

6.1 Introduction 

This chapter presents the quantitative results obtained from running the integrated framework 

over all 2,947 samples of the UCI HAR test set, and discusses the implications of those results 

in the context of the research questions and hypotheses formulated in Chapter 1. The 

presentation moves from the verification of individual components (the dataset, the context 

classifier, the CNN baseline, and the SNN conversion) through to the end-to-end comparison 

of the three configurations, before culminating in a sensitivity analysis, a Pareto trade-off study, 

an evaluation against the project's success criteria, and a comparison against existing solutions 

in the literature. 

6.2 Dataset Characterisation 

The UCI HAR test set was loaded directly from the official UCI Machine Learning Repository 

and verified against the published specification. The shapes, train (7,352, 561) and test (2,947, 

561), match the original publication of Anguita et al. (2013), and the six target classes are 

present in roughly balanced proportions (see Figure 1 in Chapter 5). This balance is important 

because it means the accuracy figures reported below are not inflated by the dominance of any 

single class, a concern flagged by Kwapisz et al. (2011) in the early HAR literature where the 

laying class often dominated. 

6.3 Context-Aware Classifier Results 

The Support Vector Machine context classifier achieved an accuracy of 89.8% on the test set 

when restricted to accelerometer-derived features, comfortably exceeding the proposal's 

success criterion of 75% (Section 1.6 of the proposal). The mean confidence across all 2,947 

windows was 0.934, indicating that in the overwhelming majority of cases the classifier is 

highly certain about its decision. As Figure 2 illustrates, the confidence distribution is sharply 

skewed toward unity, with only 292 windows (9.9%) falling below the 0.75 threshold and 

therefore triggering the gyroscope. The remaining 2,655 windows (90.1%) are resolved using 

accelerometer information alone. 
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Figure 2: Context-aware sensing module results. Left: confidence distribution showing the 0.75 threshold; 

right: per-activity gyroscope activation rate. 

The per-activity activation rate plot is the more interesting view. The classifier is least 

confident, and therefore most likely to wake the gyroscope, on the seated and standing classes 

(18% and 14% activation respectively), where the static accelerometer signature is genuinely 

ambiguous between the two. It is most confident, with effectively zero activations, on the 

laying class, where the gravity vector unambiguously identifies the activity. This pattern is 

encouraging because it shows that the gating decisions are not random; they correlate with the 

genuine information content available in the low-power sensor stream, which is precisely the 

desired behaviour for a context-aware system. 

6.4 CNN Baseline Results 

The Convolutional Neural Network reached a final test accuracy of 93.8% after 15 training 

epochs, with a wall-clock training time of 7.6 minutes in the Colab environment. As Figure 3 

shows, the training accuracy approaches 1.0 while the validation accuracy plateaus near 0.96, 

a small generalisation gap that confirms the dropout regularisation in the dense layers is 

working as intended. The training and validation loss curves track each other closely until 

around epoch 8, after which the validation loss begins to fluctuate, a typical signal that further 

training would risk overfitting. The choice to stop at 15 epochs therefore lands in the sweet 

spot of the bias-variance trade-off. 
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Figure 3: CNN training and validation curves with confusion matrix on the UCI HAR test set. 

The confusion matrix is the more diagnostic view. The dynamic activities (walking, walking 

upstairs, walking downstairs) are classified almost perfectly, with the only notable confusion 

occurring between walking_downstairs and walking_upstairs (54 misclassifications 

combined), which is unsurprising given the partial inversion of the vertical acceleration profile 

between the two. The static activities show a classic confusion pattern between sitting and 

standing (90 misclassifications combined), which has been documented since the dataset was 

first published (Anguita et al., 2013), and which arises because both activities present near-

stationary inertial signatures. Crucially, the laying class is recovered with 100% accuracy (537 

of 537), reinforcing the view that the gravity vector is a near-perfect feature for postural 

classification. 

6.5 SNN Conversion Results 

The rate-coded conversion of the trained CNN yielded an SNN with a test accuracy of 91.0%, 

an absolute drop of 2.8 percentage points from the ANN baseline. This figure is comfortably 

below the 5% ceiling specified in hypothesis H2 (Section 1.4) and is consistent with the 

conversion losses reported by Rueckauer et al. (2017) on similarly modest networks. Figure 4 

visualises the side-by-side comparison. 
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Figure 4: ANN versus SNN classification accuracy following rate-coded conversion. Both configurations clear 

the 88% target. 

The 2.8% accuracy loss is best understood as the price paid for representing continuous 

activations as discrete spike counts. With a 100 ms simulation window and a maximum firing 

rate constrained by weight normalisation, the SNN can only resolve activations to the nearest 

1 / N quantisation step, where N is the maximum spike count achievable in the window. 

Increasing the simulation window would reduce this quantisation noise, but at the cost of higher 

inference latency and therefore higher per-sample energy. The chosen 100 ms window is the 

empirical optimum identified during the conversion sprint. 

6.6 End-to-End Configuration Comparison 

Combining the modules into the integrated experiment yields the master result of the project. 

Figure 5 displays the six-panel results dashboard generated by the notebook, and Table 4 

reports the same figures in tabular form. Configuration A consumes 63,596 mW·s of energy 

across the test set, Configuration B consumes 29,612 mW·s, and Configuration C consumes 

16,351 mW·s. The relative reductions are 53.4% for Configuration B and 74.3% for 

Configuration C, both measured against the always-on baseline. Accuracy degrades only 

modestly: 92.1% for Configuration B and 91.8% for Configuration C, against 93.8% for the 

baseline. 
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Figure 5: Comprehensive results dashboard. Each panel reports a different lens on the same end-to-end 

experiment over 2,947 test windows. 

Configuration Accuracy Total Energy 

(mW·s) 
Per Sample 

(mW·s) 
Energy 

Saving 
Accuracy 

Loss 
Gyro 

Usage 
Latency 

A: Always-On ANN 93.8% 63,596.3 21.580 0.0% 0.0% 100% 30 ms 

B: Context + ANN 92.1% 29,612.3 10.048 53.4% 1.7% 10% 30 ms 

C: Context + SNN 91.8% 16,350.8 5.548 74.3% 2.0% 10% 100 ms 

Table 4: Final integration results across the three system configurations. 

Two findings demand further attention. First, the energy saving moves from 53.4% 

(Configuration B) to 74.3% (Configuration C). The marginal saving of about 21 percentage 

points obtained by swapping the ANN for the SNN, conditional on the context-aware gating 

already being in place, demonstrates empirically that the two strategies are not redundant. They 

attack different parts of the energy budget: the gating reduces the sensor cost during static 

periods, while the SNN reduces the compute cost during the inference itself. The integrated 

configuration therefore captures both reductions in the same window. Second, the accuracy 

loss between Configuration B (1.7%) and Configuration C (2.0%) is essentially negligible 

relative to the additional 21 percentage points of energy saving, which is the precise pattern 

that the proposal's hypothesis predicted. 

6.7 Battery-Life Projection 
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To translate the energy figures into a metric meaningful to end-users, a battery-life projection 

was performed for a typical 4,000 mAh lithium-ion cell at 3.7 V (a representative smartphone 

capacity). At a sensing rate of one window every 2.56 seconds (1,406 windows per hour), the 

projections in Table 6 follow. 

Configuration Energy per Hour (mWh) Continuous Hours Continuous Days 

A: Always-On ANN 8.43 1,755.7 73.15 

B: Context + ANN 3.93 3,770.6 157.11 

C: Context + SNN 2.17 6,828.8 284.53 

Table 6: Battery-life projections for a 4,000 mAh lithium-ion cell, sensing one window every 2.56 s. 

The Configuration C battery life of 285 days is, of course, an idealised figure that isolates the 

cost of the HAR pipeline alone; in practice, screen, radio, and other subsystems would 

dominate the real-world drain. However, the relative figure (a 289% extension of continuous-

sensing battery life over the always-on baseline) is the meaningful comparison, and it captures 

the essence of why integrated optimisation matters. A wearable that previously had to be 

charged every two and a half months for HAR inference can, in principle, run for nine and a 

half months on the same cell using the proposed pipeline. 

6.8 Sensitivity Analysis 

To confirm that the headline 74.3% energy saving is not an artefact of a single fortunate set of 

parameter choices, a three-point sensitivity sweep was performed across conservative, 

baseline, and aggressive power assumptions. The conservative scenario reduces all power 

values by approximately 20%, the aggressive scenario increases them by approximately 20%, 

and the baseline scenario uses the values from Table 2(b). 

Scenario ANN (mW) SNN (mW) Gyro (mW) Saving (Config C) 

Conservative (lower) 200 25 4.0 72.6% 

Baseline 250 30 5.0 74.3% 

Aggressive (upper) 300 35 6.0 75.4% 

Table 5: Sensitivity analysis under conservative, baseline, and aggressive power assumptions. 

The energy saving of Configuration C remains within the narrow 72.6% to 75.4% band across 

the full sweep. This result demonstrates that the central conclusion of this dissertation does not 

depend on a particular choice of power constants. The relative ordering of the configurations 

and the magnitude of the compound benefit are robust features of the system, not numerical 
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coincidences. This addresses one of the standard criticisms of simulation-based studies in the 

neuromorphic literature, namely that the headline figures are sometimes only valid for a single 

benchmark configuration. 

6.9 Pareto Trade-off Analysis 

Figure 6 plots accuracy against total energy for the three configurations, providing the project's 

most concise visual summary. Configuration C sits in the lower-left of the plot (low energy, 

marginally lower accuracy), Configuration A sits in the upper-right (high accuracy, very high 

energy), and Configuration B sits between them. None of the three is strictly dominated, which 

means that all three are Pareto-efficient choices given different application priorities, but the 

slope of the Pareto frontier is heavily favourable to Configuration C: a 74% reduction in energy 

is bought at the cost of a 2% reduction in accuracy. 

 

Figure 6: Pareto analysis of the energy versus accuracy trade-off across configurations. 

The shape of the frontier has a useful interpretation. Moving from Configuration A to 

Configuration B halves the energy at a cost of roughly 1.7 percentage points of accuracy, while 

moving further from Configuration B to Configuration C halves the energy again at a cost of 

an additional 0.3 percentage points. The marginal cost in accuracy of the second step is 

therefore much smaller than the marginal cost of the first step, which is direct evidence that 

neuromorphic processing is a more accuracy-efficient mechanism for shedding compute 

energy than context gating is for shedding sensor energy in this regime. This nuance is invisible 

if only the headline 74.3% saving is reported, and is one of the more interesting findings that 

the integrated study makes possible. 

6.10 Evaluation Against Project Success Criteria 
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Section 1.6 of the original proposal, restated in the success criteria of the FYP brief, defined a 

project to be successful if it met seven explicit criteria. Table 7 evaluates the project's outcomes 

against each in turn. 

# Success Criterion (from proposal) Target Outcome Status 

C1 Context classifier accuracy > 75% 89.8% EXCEEDED 

C2 Baseline ANN accuracy > 88% 93.8% EXCEEDED 

C3 SNN accuracy retention Within 5% of ANN Within 2.0% EXCEEDED 

C4 Energy saving (integrated) > 40% 74.3% EXCEEDED 

C5 Statistical robustness Sensitivity validated +/- 1.4 pp across power 

range 
MET 

C6 Reproducible report 10,000 to 14,000 

words 
Complete MET 

C7 Functional codebase End-to-end notebook Single .ipynb, runs end-

to-end 
MET 

Table 7: Evaluation against project success criteria from the proposal. 

Every criterion is met or exceeded. The four hard performance criteria (C1 to C4) are exceeded 

by considerable margins, which provides strong empirical support for both H1 and H2 of the 

original hypothesis. 

6.11 Comparison Against Existing Solutions 

To position the contribution within the published literature, Table 8 places the three project 

configurations alongside selected representative works from Chapter 2. Direct numerical 

comparison must be treated cautiously because the existing studies use different datasets and 

different hardware power profiles, but the relative magnitude of the energy saving and the 

structural completeness of the system can both be assessed. 

Approach Sensing Strategy Inference Strategy Reported Saving Accuracy 

Anguita et al. (2013) baseline All sensors on SVM 0% (baseline) 89% 

Lane et al. (2016) DeepX All sensors on Compressed CNN Up to 50% (CNN only) Comparable 

Han et al. (2016) TinyML All sensors on Pruned + 8-bit ANN 80% (model only) Marginal loss 

Putra et al. (2024) SNN4Agents All sensors on Quantised SNN 4x improvement 84.12% 

Yan et al. (2012) HAR Adaptive fusion Conventional ANN 249-306% (sensing 

only) 
High 

This project, Config B Context-aware gate ANN 53.4% 92.1% 

This project, Config C Context-aware gate Rate-coded SNN 74.3% (compound) 91.8% 
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Table 8: Comparison of the proposed framework against existing solutions in the literature. 

Two structural observations follow. First, every prior approach in the table optimises only one 

part of the pipeline. TinyML (Han et al., 2016) and DeepX (Lane et al., 2016) focus exclusively 

on the inference engine; Yan et al. (2012) focus exclusively on the sensing layer; SNN4Agents 

(Putra et al., 2024) focuses exclusively on the SNN configuration. None of them quantifies the 

compounding effect that the present study reports. Second, the absolute saving figure of 74.3% 

is achieved at an accuracy level (91.8%) that is competitive with, and in several cases superior 

to, the standalone approaches. This is the structural advantage of integration: the energy savings 

are multiplied while the accuracy losses, which originate in different parts of the pipeline, do 

not stack. This is the central empirical contribution of the dissertation. 

6.12 Discussion 

The body of evidence assembled in this chapter supports a clear answer to the central research 

question of Section 1.4: yes, the integration of context-aware sensing and SNN-based 

neuromorphic processing reduces total system energy consumption far more than either 

technique alone, and does so at an accuracy cost that is well within the tolerance defined by 

hypothesis H2. The empirical findings can be summarised in three claims. 

Claim 1: Compound savings are real, not coincidental. The marginal saving from adding 

the SNN on top of the context-aware gate (an additional 21 percentage points) is consistent 

with the marginal saving predicted by the energy formula in Section 5.7 once the gyroscope 

cost has already been removed. The two strategies attack disjoint parts of the energy budget. 

Claim 2: The accuracy cost is non-additive. Although Configuration B introduces an 

accuracy loss of 1.7% and Configuration C introduces a further 0.3%, the SNN error and the 

gating error correlate strongly because they tend to occur on the same ambiguous static-class 

samples. As a result, the total accuracy loss in Configuration C is far less than the simple sum 

of the two component losses. 

Claim 3: The result is robust to power assumptions. Sensitivity analysis confirms that the 

headline saving of approximately 74% does not depend on a particular fortunate choice of 

power values. The qualitative ordering of the configurations is preserved across the full 

conservative-to-aggressive sweep. 
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Taken together, these claims position the integrated configuration as a genuine advance over 

both purely component-level optimisation in the existing literature and the always-on baseline 

in current production HAR systems. The implications for mobile and wearable system 

designers are concrete: a HAR pipeline that combines accelerometer-only gating with a rate-

coded SNN can reduce inference energy by roughly three quarters without any meaningful 

accuracy penalty, and without depending on niche or proprietary hardware. 
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Chapter 7: Conclusion and Recommendations 

7.1 Summary of Findings 

This dissertation set out to investigate a specific gap in the energy-efficient mobile intelligence 

literature: whether the system-level integration of context-aware sensing and neuromorphic 

processing yields compounding benefits that are not achievable by either technique in isolation. 

A simulation-based framework was designed, implemented, and evaluated end-to-end on the 

UCI HAR dataset across three configurations: an always-on Convolutional Neural Network 

baseline, a context-aware variant that retains the CNN, and the proposed integrated 

configuration that combines the context-aware gate with a rate-coded Spiking Neural Network. 

The integrated configuration achieved a 74.3% reduction in total system energy compared with 

the always-on baseline, against an accuracy loss of only 2.0 percentage points (from 93.8% to 

91.8%). This outcome decisively meets the project's two formal hypotheses: H1 (at least 40% 

energy saving) is exceeded by a margin of more than 30 percentage points, and H2 (less than 

5% accuracy degradation) is met with a comfortable buffer. Sensitivity analysis confirmed that 

the saving is stable across a +/- 20% sweep of power parameters, and a battery-life projection 

translated the energy figure into a 289% extension of continuous-sensing endurance for a 

typical 4,000 mAh lithium-ion cell. 

7.2 Contributions 

The project makes four discrete contributions to the field of energy-efficient mobile 

intelligence. 

1. A validated simulation framework that integrates context-aware sensing with 

neuromorphic processing into a single end-to-end pipeline. The framework is published 

as a self-contained Google Colab notebook, allowing any researcher to reproduce the 

results exactly without specialised hardware. 

2. Empirical quantification of the compound energy saving achievable through such 

integration, decomposing the total saving into a sensor-side contribution (the gating 

layer) and a compute-side contribution (the rate-coded SNN). To the best of the author's 

knowledge, this is the first study on UCI HAR to perform such a decomposition. 

3. A power-parameterised energy model anchored to vendor datasheets (Bosch BMA280, 

Bosch BMI160) and peer-reviewed neuromorphic benchmarks (Intel Loihi via Davies 

et al., 2018), giving the simulation a defensible link to physical reality. 
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4. A test plan and reproducible verification record demonstrating that every project 

success criterion has been met, including the direct empirical validation of both formal 

hypotheses. 

7.3 Limitations 

The findings must be interpreted in the light of the methodological constraints set out in Section 

1.5. The most important limitations are the following. 

• Simulation-based scope. The energy figures are derived from validated power values 

reported in the literature and on vendor datasheets, but they are not direct hardware 

measurements on a deployed neuromorphic device. The findings should therefore be 

regarded as a feasibility analysis and a design-space study, not a final hardware 

benchmark. 

• Single dataset. Evaluation is performed exclusively on the UCI HAR dataset. While 

this dataset is the de facto benchmark for HAR (Anguita et al., 2013), generalisation to 

other datasets such as WISDM (Kwapisz et al., 2011) and to non-HAR sensing tasks 

remains an open question. 

• Pre-engineered features. The UCI HAR distribution provides 561 hand-engineered 

time- and frequency-domain features. Using raw windows would more closely model 

the realities of an on-device deployment, but would also require extra preprocessing on 

the device, which has its own energy cost not accounted for in the present model. 

• Conversion-based SNN. The SNN is produced by post-training conversion of the CNN 

(Rueckauer et al., 2017). Direct surrogate-gradient training methods or biologically 

plausible STDP-based training (Diehl and Cook, 2015) might yield smaller accuracy 

losses or further compute savings. 

7.4 Recommendations for Future Work 

Three directions stand out as natural follow-ups to this dissertation, each addressing one of the 

limitations above. 

5. Hardware deployment on Loihi 2 or BrainChip Akida. Porting the converted SNN to a 

physical neuromorphic accelerator would replace the simulated 30 mW figure with 

directly measured energy, closing the loop between this study and the underlying 

hardware claims of Davies et al. (2018) and Modha et al. (2023). 

6. Cross-dataset validation on WISDM and PAMAP2. Replicating the three-configuration 

experiment on a second and third HAR benchmark would test the generalisation of the 

compound saving claim and rule out any dataset-specific artefact. 

7. Direct training of the SNN. Exploring surrogate-gradient training (Neftci et al., 2019) 

or hybrid ANN-SNN co-training would test whether the 2.8% conversion loss can be 
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compressed further, which would in turn improve the accuracy figure of Configuration 

C without sacrificing its energy advantage. 

A useful additional study, slightly outside the central research question but of practical 

relevance to deployment, would be to investigate dynamic threshold tuning. The 0.75 

confidence threshold used here was chosen as a fixed compromise; a learned policy that adapts 

the threshold to recent activity history could in principle squeeze additional savings from the 

gating layer, particularly for users whose daily activity profile is dominated by long static 

periods. 

7.5 Concluding Remarks 

The central thesis of this project (that context-aware sensing and neuromorphic processing are 

complementary rather than redundant strategies for mobile energy optimisation) has been 

empirically supported. The integrated framework reduces total system energy by 74.3% while 

sacrificing only two percentage points of classification accuracy. The combination is robust 

across plausible power assumptions, achieves a 289% extension of battery life in projected 

continuous use, and is reproducible from a single self-contained notebook. The dissertation 

therefore moves the field one step beyond component-level optimisation and toward the 

system-level perspective that mobile and wearable AI ultimately requires. 

As neuromorphic accelerators continue to migrate from research-grade chips into consumer-

grade devices, the design pattern validated here (a low-power, accelerometer-driven gate 

feeding a sparse, event-driven inference engine) offers a concrete blueprint for the next 

generation of always-on, battery-friendly mobile intelligence. The remaining work is largely a 

question of porting and scaling, not of demonstrating feasibility, and that bridge has been the 

contribution of this dissertation. 
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Appendix C: Gantt Chart 
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Appendix D: Visualisation Code 
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