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Abstract

Edge computing confronts a massive data surge from IoT devices, crucial for emerg-

ing low-latency applications like AR/VR, autonomous vehicles, and real-time health-

care. However, the edge’s inherent limitations, scarce resources, network instability and

system heterogeneity, mean that traditional cloud-centric data management strategies

cannot be effectively applied ‘out of the box’, necessitating edge-specific approaches.

This dissertation posits that application awareness is fundamental to overcoming

these challenges, requiring strategies adapted to the unique characteristics and goals

of edge applications. We introduce and evaluate four complementary techniques: 1)

Cargo, a fault-tolerant, performance-aware storage layer integrated into the Armada

edge framework, enabling stateful applications on volatile resources. 2) A compara-

tive analysis of data placement strategies, demonstrating the scalability benefits of a

novel spatial-awareness heuristic for fast server selection in dense environments. 3)

ASTRA, an intelligent prefetching system for mobile AR that leverages object associ-

ations and user proximity, to achieve high cache hit rates. 4) Viveka, an activity-aware

framework for wearables that co-optimizes sensor selection and sampling rates, yielding

high energy savings with minimal accuracy impact. Collectively, these advancements

provide a holistic approach to building efficient, responsive, and context-aware data

management systems for the heterogeneous edge.
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Chapter 1

Introduction

1.1 Edge Computing and Data

The exponential proliferation of Internet of Things (IoT) devices, sensors and mobile

technologies have generated an unprecedented data deluge at the edge of the network.

There is a growing demand for applications characterized by ultra-low latency service

and real time responsiveness, such as augmented/virtual reality, autonomous vehicles,

healthcare, industrial automation and smart city infrastructure. It is estimated that, by

2025, 75% of the enterprise data generated will originate from outside the traditional

data center or clouds [2]. This deluge has marked a paradigm shift from centralized

cloud computing models towards distributed edge computing infrastructures.

Edge computing model is characterized by the placement of computation, storage

and networking resources closer to users and source locations of data generation. It

includes a wide spectrum of infrastructure such as end-user devices (smartphones, vehi-

cles, drones), internet gateways in industrial structure/smart homes, on-premise servers,

cloudlets [3], cellular base stations, roadside units and so on. Edge computing acts as a

complementary paradigm to cloud computing rather than a replacement. In this syner-

gistic setting, the edge handles tasks requiring low latency service, real time processing,

local data handling and bandwidth optimization, while the cloud provides large scale

computation, elastic storage, complex analytics and model training capabilities.

The shift towards edge computing introduces multiple challenges for data manage-

ment driven by the distinct characteristics of edge data and the limitations of edge

1
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environments. The main characteristics of data at the edge are

1. Massive volume: The handling of the unprecedented data deluge at the network

edge from different edge endpoints solely though centralized cloud infrastructure

is impractical and economically prohibitive [4].

2. High generation rate: The data is continuously generated and requires real-time

processing mostly for the information to be valuable. For instance, autonomous

driving depends on immediate inferences from data generated for safe operation.

3. Heterogeneous data: The data at the edge originates from multiple sources (sen-

sors, audio/video devices and so on), each with a different format, contextual

relevance and transferred via different communication protocols. The aggregation

of these data streams poses a considerable challenge.

In addition to the data characteristics, the management of data at the edge is further

challenging due to the following inherent edge constraints.

1. Limited resources: Edge devices (smartphones, tablets, drones) and nodes (servers,

gateways) are limited in compute, storage and energy capacity, necessitating the

development of data management strategies that minimizes resource consumption.

2. Network constraints: Edge devices are connected to the servers via limited or

variable network bandwidth. Sometimes, continuous connectivity may be costly or

unavailable. Given the intermittent connectivity nature of network, it is necessary

to build a robust and reliable data management approach.

3. Heterogeneity: The edge environment consists of diverse hardware platforms, op-

erating systems, software stacks and communication protocols. This diversity

introduces challenges for universally applicable data management policies for the

edge.

This combination of diverse, real-time data streams, coupled with severe resource

constraints creates a data management landscape at the edge that is fundamentally

distinct from the elastic environment of centralized clouds. This necessitates a paradigm

shift towards more intelligent, adaptive, and context-aware data management strategies

[5].
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1.2 Application-Awareness and Rationale

Application-aware data management in edge computing is a strategy that is explicitly

tailored and dynamically adapted based on specific characteristics, requirements and

context of applications utilizing edge data. This is in contrast with the application

agnostic approaches that apply uniform policies across all data flows, leading to sub-

optimal performance in the heterogenous, resource constrained edge. This awareness is

not an enhancement, rather a fundamental requirement driven by several key factors:

1. Addressing edge constraints: A generic, application-agnostic data management

strategy leads to inefficiencies, wasting limited resources on non-critical data or

failing to prioritize latency-sensitive tasks. Application awareness allows for the

intelligent allocation and utilization of these limited resources based on actual

need [6, 7].

2. Optimizing resource utilization: Data management strategies can be tailored to

reduce data movement, storage footprint and computational load based on appli-

cation awareness. For example, reducing redundant sensor data to save storage

and bandwidth in monitoring applications, placing frequently accessed item for

an application in a nearby edge node.

3. Enhanced application performance: Edge applications span a wide spectrum from

critical low latency service in autonomous vehicles to latency tolerant soil fea-

ture updates in smart agriculture. Depending on the application’s critical nature,

resource prioritization and data path optimizations could be necessary. This en-

sure a wide range of applications can co-exist at the edge while ensuring QoS

guarantees [8, 9].

4. Enabling killer applications: The applications that would draw out the full poten-

tial of edge computing are called killer applications, for example tactile internet,

AR/VR, autonomous vehicles, robotics to name a few. It is not feasible to achieve

the highly optimized, low latency services for these unless application specific re-

quirements are involved in the task and data handling decision process [10,11].

Application awareness extends beyond purely latency and bandwidth, but requires

a holistic view across the entire data lifecycle. It should inform decisions from the point



4

of data generation through processing, storage/caching and transmission. This perspec-

tive ensures that the data management policies are coherent and optimized throughout

according to application requirements.

1.3 Strategies for Application-Aware Data Management

As mentioned in the previous section, the awareness must be a part of the entire data

lifecycle. We will go through them one by one and finally focus on two stages for the

thesis contributions.

1.3.1 Data filtering, aggregation and prioritization

Edge devices generate vast amounts of data, presenting a significant management chal-

lenge due to the sheer volume. Intelligent data filtering and aggregation techniques are

required to minimize the data needs processing, storage, and transmission [12]. This can

involve selectively discarding irrelevant or redundant data based on application require-

ments. Furthermore, applications often do not need raw data, but rather summaries

aggregated periodically or in response to specific events.

For example, in human activity recognition, inferring each activity does not neces-

sarily require the same sample rate from all sensors [13]. Also, it might be that not

all sensors are needed to infer a specific activity [14,15]. In augmented reality, an edge

device may use tracking and frame detection mechanisms to determine if the current

frame is a key frame. To avoid unnecessary bandwidth usage, only key frames should

be sent to an edge server for further processing.

In an edge network, not all data flows are equally time-sensitive. Application-aware

data prioritization involves differentiating and managing network traffic based on the

critical nature and QoS requirements of the application. The goal is to ensure that

data packets belonging to critical or latency-sensitive applications receive preferential

treatment over those from less critical or latency-tolerant ones. This prioritization is

especially crucial during periods of network congestion or resource contention. Data

prioritization can be implemented using various approaches, including network-level

QoS, latency awareness [16], and load-aware strategies [17].

For example, consider a shared edge network used by two applications: one is a
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multi-player game and the other is an emergency response system. During periods of

congestion, it may be necessary to prioritize emergency response packets over game

packets.

The benefits of filtering and aggregation are significant: they reduce network band-

width consumption, lower data transmission costs and decrease storage requirements

on edge nodes. Furthermore, these techniques reduce power consumption and the pro-

cessing load on downstream systems. These reductions allow the edge infrastructure to

handle large volumes of data efficiently. The primary benefit of prioritization is that

it ensures critical and time-sensitive applications meet their performance targets even

in congested or resource-constrained edge networks. It also improves the overall user

experience for prioritized services.

1.3.2 Data placement and caching

The objective of application-aware data placement and caching strategies is to identify

strategic server locations for data replicas, ensuring optimized access for the applications

that require them. Factors influencing these placement decisions include the popularity

of data across user groups [18], characteristic access patterns (such as sequential, ran-

dom, read-heavy, or write-heavy), application latency requirements, user mobility, and

prevailing resource constraints [7, 19].

In vehicular computing, for instance, placing relevant traffic data on nearby Roadside

Units is preferable to using edge servers covering larger areas due to the critical low-

latency requirements of autonomous vehicles. Similarly, in AR-enabled multiplayer

games, specific AR assets might only appear when certain in-game conditions are met.

Consequently, data for these assets could be strategically placed on edge servers near

locations with high user density where players are likely to meet those conditions.

The primary benefits of application aware data placement are low latency data

access, improved responsiveness and reduced backhaul traffic.

1.4 Challenges

In the previous section, we identified different approaches for application-aware data

management. The main challenges associated with implementing each approach are
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discussed below.

Data filtering, aggregation and prioritization:

1. Data relevance and criticality: Defining which data is relevant, redundant, or crit-

ical for a specific application’s purpose is complex and highly context-dependent.

Filtering excessively can hinder application insights, while retaining too much raw

data consumes limited resources unnecessarily.

2. Resource constraints: Edge devices operate with limited processing power, mem-

ory, and energy budgets. Implementing sophisticated filtering or aggregation al-

gorithms locally can be computationally demanding, potentially exceeding device

capabilities or rapidly depleting their power reserves.

3. Data heterogeneity: Edge data originates from diverse sources using varying for-

mats and protocols. Applying consistent filtering or aggregation rules across these

heterogeneous data streams and effectively integrating the results presents a sig-

nificant challenge.

4. Data reliability and effectiveness: Data gathered at the edge can be unreliable

due to sensor limitations or unpredictable environmental factors. Filtering or

aggregating noisy, incomplete or inaccurate data may lead to flawed analyses and

incorrect downstream decisions.

5. Computational overhead: While filtering and aggregation techniques reduce data

volume to save bandwidth and downstream processing, they inherently introduce

computational overhead. For time-sensitive applications, this overhead might be

unacceptable, necessitating a careful trade-off between processing latency and data

reduction benefits.

6. Information loss: The process of filtering or summarizing data can lead to the

loss of potentially valuable information present in the raw data. This loss could

negatively impact subsequent task analysis or the performance of machine learning

models.

7. Algorithm design: Designing and deploying filtering/aggregation algorithms that

are both adaptive and lightweight enough to execute efficiently on resource-constrained
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edge devices is a non-trivial task.

Data placement/caching:

1. Resource constraints: Edge nodes possess limited storage capacity, processing

power, network bandwidth, and energy budgets. Efficient data placement and

caching must carefully consider these limitations across potentially heterogeneous

edge infrastructure. Effectively managing finite cache space remains a key chal-

lenge.

2. Balancing trade-offs: Application requirements necessitate balancing various trade-

offs in placement and caching strategies. For example, maximizing the cache hit

ratio might favor caching highly popular content, whereas minimizing latency for

time-sensitive applications could require caching less popular but critical data

closer to users. Inherent trade-offs also exist between latency, cost, scalability,

and scheduling depending on the chosen method.

3. Dynamic and heterogeneous environments: Edge environments are inherently dy-

namic, featuring changing network conditions, user mobility, and fluctuating con-

tent popularity. Furthermore, edge nodes are heterogeneous, varying in capacity

and capabilities. A significant challenge is sesigning placement and caching strate-

gies that adapt effectively to these dynamics and heterogeneity.

4. Complex decision making: Optimal placement and caching involve navigating

multiple complex decisions: what data to place/cache, where to place/cache it,

and when to replace existing entries. These decisions must also be informed by

the application’s scalability requirements.

5. Data consistency: Depending on application needs, data must remain consistent

across replicas and caches. Scalability requirements at the edge might necessitate a

higher number of replicas compared to traditional cloud environments, potentially

requiring consistency policies specifically tailored for the edge.
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1.5 Thesis Contributions

This thesis develops and evaluates novel strategies for application-aware data manage-

ment, focusing on two representative and demanding application domains: Augmented

Reality and Human Activity Recognition. The main contributions are organized as

follows::

1. Chapter 2 addresses the need for reliable persistent storage in volatile edge en-

vironments by introducing Cargo, the storage layer for the Armada framework.

Cargo decouples storage from compute, utilizing compute-proximity based se-

lection and performance probing to place data replicas on optimal edge nodes

near consuming tasks. It enhances resilience through automated replication and

seamless failover, demonstrating that leveraging managed volunteer resources

provides a significantly lower-latency fallback than reverting to the cloud.

2. Chapter 3 tackles the optimal placement of data replicas on edge servers consider-

ing latency, load and capacity constraints. It formulates the problem as an MINLP

and compares three heuristic strategies: distance-based, latency-based and a

novel spatial-awareness-based approach using R-Tree pruning. Evalu-

ations show that while latency-based selection is effective, the spatial heuris-

tic offers superior scalability by drastically reducing server selection time in

dense environments without significant performance compromise, making it ideal

for large-scale deployments.

3. Chapter 4 introduces ASTRA, a novel application-aware prefetching framework

designed to reduce latency in Mobile Augmented Reality (MAR). ASTRA en-

hances edge cache performance by integrating object associations (mined from

interactions), temporal relevance (via an association factor) and spatial prox-

imity (using a lazy fetching strategy). It achieves up to 35% higher cache hit rates

and reduces end-to-end latency by up to 14% compared to baselines. An adaptive

minimum support tuning mechanism further enhances performance by up to 10%

under dynamic workloads.

chapter:c2
chapter:c3
chapter:c4
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4. Chapter 5 addresses energy efficiency at the data source, proposing Viveka, an

activity-aware framework for smart wearables. Viveka co-optimizes sensor se-

lection and sampling rates dynamically based on inferred user activity. It

employs Permutation Feature Importance (PFI) to identify activity-specific

sensor subsets and the Nyquist-Shannon theorem to determine minimal per-

sensor sampling rates, managed by robust on-device logic. Evaluations demon-

strate Viveka achieves significant energy savings (up to 62%) and data re-

duction (up to 74%) compared to baselines while maintaining high HAR accu-

racy.

5. Chapter 6 synthesizes the findings from the preceding chapters, discusses the

broader implications of application-aware data management at the edge, acknowl-

edges limitations and outlines promising directions for future research.

chapter:c5
chapter:c6


Chapter 2

Cargo: Application performance

aware storage in Edge computing

2.1 Introduction

Edge environments are heterogeneous in terms of network, compute, storage and load.

During storage/data placement decisions, simply selecting the geographically closest

node for an application doesn’t guarantee low latency. Therefore, effective placement

decisions must also consider factors such as network congestion, server load and hard-

ware performance. This necessitates an application performance aware approach to

storage selection for real time low latency services.

Many of the existing methods focus on task/service placement [20–22] without con-

sidering the storage location for the applications and how the data retrieval will affect

the ened-to-end latency. Strategic placement of data and its replicas is essential for mit-

igating data transfer latency, a primary bottleneck in end-to-end performance. We take

the first step towards this exploration in this chapter and show further improvements

in the Chapter 3.

To address these challenges, this chapter introduces Cargo, the persistent storage

layer for Armada, a framework designed for dense, heterogeneous edge environments.

Armada itself provides elasticity for compute offloading through a novel two-step task

scheduling approach [23,24]. However, to support the vast number of stateful and data-

intensive edge applications, a dedicated storage solution is required. Cargo is designed

10
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explicitly to fill this role. From an application’s viewpoint, it acts as a reliable persistence

service located at the edge, providing a low-latency alternative to accessing data from

the cloud and resilience against the high churn of volunteer compute resources.

The main contributions in this work are:

1. Design and implementation of the Armada storage layer, Cargo, which employs

a compute-proximity-based selection strategy to place data on edge servers for

low-latency access.

2. Seamless switching across replicas to provide fault tolerance and timely service.

3. Support for strong and eventual consistency depending on application require-

ments.

2.2 Armada Overview

In this section, we describe the heterogeneous edge-dense environment and give an

overview of Armada design goals and system architecture. Then we discuss the appli-

cation type that Armada supports from a storage perspective.

2.2.1 Heterogeneous Edge-Dense Environment

Low-latency communication channels between users and edge servers, known as logi-

cal proximity, are typically provided by dedicated infrastructure like LANs, on-premise

networks, or 5G. However, these special-purpose resources are often constrained in avail-

ability and scalability. In Figure 2.1, we show that nearby general-purpose resources in

heterogeneous WAN environments (Edge-tier-2) can also provide low-latency benefits

when Edge-tier-1 resources are not available or overloaded. We include both dedicated

local public servers and volatile volunteer resources in Edge-tier-2 to enlarge the edge

presence. Therefore, the resource limitation on edge can be resolved with the help of

abundant volunteer edge nodes densely distributed around users, namely edge-dense

environments.

The heterogeneity of Edge-tier-2 resources is twofold. First, connections from users

to edge servers in WAN environments are highly diverse in terms of local ISPs and

underlying networking infrastructure. Based on how users connect to the network, the
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Figure 2.1: RTT latency in heterogeneous edge-dense environment

actual number of routing hops and latency performance to the same edge server can

highly diverge. Second, accessible compute resources present in nearby areas come from

multiple providers and individuals. The heterogeneous capacity and hardware can lead

to different processing performance, which is on the critical path of user requests and

thus affects the end-to-end latency. Volunteer resources will amplify such heterogeneity

by introducing more edge access points and increasing the system entropy.

2.2.2 Design Goals

Armada is designed with the following goals in mind, with this chapter focusing specif-

ically on the design and implementation of the in-situ edge storage layer:

• Support for low-latency computation offloading at scale with densely

distributed edge resources: While one edge server is limited by its capacity,

many loosely coupled but densely distributed edge nodes can coordinate with each

other to provision nearby users at scale. Armada is designed to manage resource-

constrained but abundantly distributed edge nodes to support scalable low-latency

computation offloading. As a result, applications deployed on Armada are able to

automatically scale and obtain more resources in a specific region if more users

are present.

• Locality-based service deployment: Service deployment should be based on

fine-grained geographical specifications to reduce networking latency. Multiple

replicas 1 of the service should be deployed on different edge nodes to guarantee

edge availability and capacity in specified regions. Changes to currently active

1We use the term service replica and task interchangeably in this paper.
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users should also dynamically guide the service placement to fit the real-time user

distribution. Furthermore, new service deployment should be optimized for short

startup time to start serving users in a timely manner.

• Performance-aware service selection in heterogeneous environments:

Geographical proximity is not strictly equivalent to low RTT latency. Multi-

ple factors together determine the edge performance including network/compute

resource heterogeneity and availability. Given a list of nearby edge nodes running

replicas of the application service, Armada should identify the best-performing

edge access point for each user to offload the computation. This edge selection

process should also handle the load balancing for all users to achieve overall lower

latency.

• Ease of use: Armada interfaces should be easy to use for both application devel-

opers and resource contributors. In particular, developers should use Armada SDK

with minimum code modifications to their applications for deployment. More-

over, resource contributors should be able to register their nodes quickly with

lightweight components and isolated runtime.

• Fault tolerance: Armada must ensure the fault tolerance for Armada users in the

presence of high node churn due to volatile, unreliable and unpredictable volunteer

resources. Armada users must be guaranteed continuous service and experience

zero downtime upon node failure or node leaving.

• In-situ edge storage: Armada should provide a native storage layer on the

edge [25] to support low-latency data access. The storage layer, Cargo, should be

reliable and independent from the volatile compute layer to persist the data for

stateful and data-intensive applications. Also, flexible duplication and consistency

policies should be supported for different application requirements.

2.2.3 Armada Architecture

Figure 2.2 shows the Armada system architecture. Armada consists of geo-distributed

nodes that donate their compute and/or storage resources, along with a set of global
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Figure 2.2: Armada system architecture

and central services hosted on dedicated, stable nodes. Both Armada system compo-

nents and Armada-hosted applications are encapsulated in Docker containers for ease

of use and fast deployment. Docker itself provides a lightweight, isolated runtime and

abstractions over underlying resources for edge nodes, which is a good option for ship-

ping the code easily to volunteer-based heterogeneous environments. Armada resources

and services together constitute the following major components:

• Beacon: Beacon is the global entry point for all interactions with Armada central

services. It will forward requests to corresponding handler components, including

application deployment requests, user connection requests and resource registra-

tion requests.

• Application Manager: Application manager maintains the states of submitted

applications in Armada and manages the application lifecycle. It globally controls,

operates, and monitors all application tasks running on different edge nodes, and

processes initial user connecting requests. It also handles auto-scaling based on

real-time user demand.

• Compute Layer: Compute layer manages dedicated and volunteer compute re-

sources in Armada. It includes Spinner, the compute resource manager and Cap-

tain, the compute node. The Spinner handles compute node registration, health

check and resource allocation for task deployment requests sent by the Applica-

tion manager. The Captain manages the local heterogeneous resources through
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the Docker engine API and processes user workloads.

• Storage Layer: Storage layer manages dedicated and volunteer storage resources

in Armada. It includes Cargo manager, the storage resource manager and Cargo,

the storage node. The Cargo manager handles storage node registration, health

check, maintains metadata and executes storage policies for data-dependent appli-

cations. The Cargo manages the local heterogeneous storage resources using the

Docker volume and persists data on the edge supporting low-latency access for

nearby users. The design, implementation, and evaluation of this Storage Layer,

particularly the Cargo components, form the core contribution of this chapter.

2.2.4 Armada Applications

Armada applications are long-running edge services using Armada resources for low-

latency computation offloading. It includes a server-side program submitted to Armada

for application-specific processing, and a client-side program used by application users

to discover the service and offload computations. Armada deploys multiple replicas

of the server-side program (tasks) to guarantee availability and scalability. Moreover,

the client-side program uses Armada SDK to help application users locate the nearby

service access points and establish direct communication channels. In Armada, we focus

on the scenario where application users are co-located with the processing data, such as

AR users sending out video streams for real-time processing. However, we also support

external data upload from other data sources to the Armada storage layer, providing

low-latency data access for running services.

In Armada, volunteer resources are assumed to be unstable, volatile, and dynamic,

with high node churn in heterogeneous environments. The guarantee on immediate

recovery and continuous services upon node failure requires that application clients

immediately switch connections to other service replicas and continue processing without

waiting for failed node recovery. Therefore, no hard states or dependencies of the users

are allowed to be maintained on the server-side for Armada applications. Application

developers should either modify the application to maintain hard states and execution

contexts on the client-side or use the Armada storage layer through Armada storage

SDK to persist the data with minimized latency overhead.
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This fundamental constraint, the inability to maintain state on volatile compute

nodes, directly motivates the need for a reliable, independent persistence service. The

Armada storage layer, Cargo, is designed precisely to be this service, enabling the

development of robust stateful applications by providing a stable, low-latency data

backend.

2.2.5 Armada Storage Layer

The storage layer, Cargo, is fundamentally designed around the principle of application

awareness to meet the diverse and demanding requirements of stateful edge applications.

Unlike generic storage systems, Cargo’s behavior, from initial configuration to real-time

operation, is directly tailored by application-specific needs:

• Application-Specific Configuration: Recognizing that edge applications have di-

verse persistence and consistency needs, Cargo requires applications to explicitly

declare their requirements (capacity, desired consistency level, data source loca-

tion) during deployment. This a priori knowledge allows Cargo Manager to pro-

vision resources and configure replication strategies appropriately from the start.

• Latency-Optimized Placement: To satisfy stringent application latency require-

ments, Cargo employs a proximity-focused placement strategy. The Cargo Man-

ager aims to co-locate data replicas near the consuming compute tasks (Captains),

minimizing network distance. Furthermore, placement and auto-scaling decisions

adapt based on observed application demand and user distribution, ensuring re-

sources are allocated where the application needs them most.

• Dynamic Performance Optimization for Applications: Cargo ensures the appli-

cation task always accesses the lowest latency available data replica. Captain

nodes, acting on behalf of the application, use Armada’s 2-step discovery and

performance probing mechanism to dynamically identify and connect to the best

performing nearby Cargo node. This dynamic connections allows adapting to

real-time network conditions to maintain optimal application responsiveness.

• Simplified Application Interaction: Applications interact with the storage layer via

a straightforward SDK. This abstracts away the complexity of replica management
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and connection handling, allowing developers to easily integrate persistent storage

with minimal code changes.

• Application defined Consistency: Cargo acknowledges that different edge appli-

cations have varying tolerances for data staleness versus access latency. It allows

applications to select their desired consistency model (e.g., strong or eventual)

during registration. This enables developers to make explicit, application-specific

trade-offs between data freshness and performance, rather than imposing a one-

size-fits-all policy.

• Data Resilience for Applications: The storage layer provides fault tolerance through

data replication across multiple Cargo nodes. If a Cargo node fails, the application

task can automatically switch to another available replica, ensuring continuous ac-

cess to its persistent data with minimal disruption.

The storage layer consists of two components: Cargo Manager, the storage resource

manager and Cargos, the geo-distributed storage nodes.

Cargo Manager

Cargo manager manages edge storage resources in Armada. Table 2.1 shows Cargo

manager interfaces: for Cargos to join and report status, Application manager to al-

locate storage resources, and Captains to discover nearby data access points. Cargo

manager also spawns data replicas to guarantee fault-tolerance and low-latency data

access for geo-distributed services. Data persistence is achieved on edge with redundant

data replicas and flexible data consistency policies. The three main modules of Cargo

manager are described as follows:

Storage registration: Application manager sends the Store Register request to

the Cargo manager during the service deployment phase if the application requires per-

sistent edge storage. The Store Register request contains the service identifier, capacity

requirement for each data replica, consistency policy, and the data source for original

data uploading. The initial three Cargos are selected based on their geo-proximity to

the service’s target deployment region and their available capacity. The Cargo selection

is based on the application’s specified consistency policy and the geographic distribution

of its anticipated compute tasks.
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Interface Input/Output Description

Cargo Join Cargo Metadata/
Status

A new Cargo registers itself
into the system.

Cargo Update Cargo Updates/ Cargo sends heartbeats to
Cargo manager reporting sta-
tus updates.

Store Register Storage Req/
Status

Application manager registers
storage capacity for an edge
service.

Cargo Discover Captain Info/
Status

Captain queries nearby data
access points

Table 2.1: Cargo manager interfaces

Data access point selection: Cargo manager maintains the metadata and states

of all data replicas for an edge service. After the storage registration, Captain sends

Cargo Discover requests during the task deployment phase to help tasks find nearby

data access points. A similar 2-step approach in service selection is applied to overcome

the network heterogeneity and locate the best-performing data access point. First, a

candidate list is generated by the Cargo manager based on the geo-proximity between

the Captain and Cargos holding the data replicas. Optional factors like network affili-

ation can also be specified to help rank the candidates. Second, the Captain performs

data access probing by measuring the round-trip latency for a representative dummy

workload to each candidate Cargo node. This allows it to identify the fastest access

point under current network conditions, rather than relying on static geo-proximity

alone. This ensures that each application task connects to a replica that minimizes its

specific data access latency under current conditions.

Storage auto-scaling: Initially a service is allocated three storage replicas. When

more service replicas are spawned to satisfy higher user demand and wider user dis-

tribution, the storage layer should also adaptively scale to guarantee low-latency data

access aligned with the application’s evolving geographic footprint and performance

needs.. We employ the similar idea applied in the service auto-scaling process. When

new service replicas are deployed, the Cargo manager asynchronously creates new data

replicas on geo-proximate Cargos to the services. Since more replicas lead to higher
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resource usage and data consistency overhead, the Cargo manager collects the data ac-

cess probing feedback from Captains to evaluate the need to spawn new data replicas

carefully. This evaluation is triggered when a new compute task (Captain) is deployed

in a region geographically distant from existing Cargo replicas or when existing tasks

report consistently high latency to their current storage nodes.

Cargo nodes

Cargo is an edge storage node in Armada. It handles data I/O operations and propa-

gation of updates to replicas based on the consistency level chosen by the application.

For efficient update propagation, each Cargo node maintains connections to its peers

in the replication chain. For instance, in a simple cascade, a node is aware of the next

node to which it must forward updates. Table 2.2 describes the Armada storage SDK

used by server-side application programs to interact with the storage layer. With Cap-

tains locating nearby data access points, Armada storage SDK helps tasks transparently

communicate with nearby Cargos.

Function Input / Output Description

Init Cargo Cargo App
Metadata/ Status

Establish connection with a Cargo
node

Write Write Data/
Write Status

Write data to the Cargo node

Read Read Data/
Read Status

Read data from Cargo node

Close Cargo /Status Close connection to Cargo node af-
ter use

Table 2.2: Armada storage SDK

2.3 Real-time Inference on Armada

We use face recognition, a critical building blocks in commonly used applications like

augmented reality, cognitive assistance and security surveillance, for evaluating Cargo.

It is computational-intensive and latency-sensitive, which require offloading the com-

putation to powerful servers and obtaining processing results in a timely manner. The

face recognition workload showcases the coordination between computing and storage
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Figure 2.3: Face recognition workflow in Armada

layer when Armada application needs persistent edge storage. This workload is particu-

larly well-suited for evaluating Cargo because it involves both frequent, low-latency read

operations (matching detected faces against a database) and periodic write operations

(adding new, unrecognized faces to the dataset), thereby testing the performance of the

storage layer under a mixed read/write access pattern.

2.3.1 Face Recognition

The service deployment phase, illustrated in Figure 2.3(a), begins when a deployer sub-

mits the application along with its compute and storage requirements to Armada (steps

1-2). The Application Manager first coordinates with the Cargo Manager to provision

the necessary storage (3). In response, the Cargo Manager selects three geographically

appropriate Cargo nodes, allocates resources for data replicas, and instructs them to

pull the initial pre-labeled face dataset from a specified source. Once the storage is pre-

pared, the Application Manager deploys the compute tasks to the Compute Layer (4-5).

A key step in this process is connecting the compute tasks to their data; the Captain

nodes query the Cargo Manager to discover the list of nearby data access points (6).

Using this candidate list, the tasks establish a direct connection to the optimal Cargo

replica using the Armada storage SDK (7), completing the end-to-end setup. Finally,

status updates are reported back to the deployer (8-11).

Figure 2.3 (b) shows the workflow when face recognition clients request the service.

In step (1) - (4), clients first query the system for service access points, and then start

sending video frames for face recognition in step (5). For any detected faces during

the processing, tasks query data replicas in Cargos for face recognition [26] (6). The
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Node Processor Processing

V1 Intel Core i7-9700, 8 cores 24ms
V2 Intel Core i7-2720, 6 cores 32ms
V3 Intel Core i9-8950HK, 6 cores 31ms
V4 Intel Core i5-8250U, 4 cores 45ms
V5 Intel Core i5-5250U, 2 cores 49ms
D6 Intel Xeon CPU E5-2620 v3, 24

cores
30ms X 4

Cloud t2.large, 4 cores 34ms

Table 2.3: Real-world experiment hardware and frame processing time

Node Type Location Processing

A t2.2xlarge, 8 cores City A 23ms
B t2.large, 4 cores City B 34ms
C t2.small, 2 cores City C 58ms
Cloud t2.large, 4 cores Cloud 34ms

Table 2.4: Emulation experiment hardware and frame processing time

read requests send detected faces to Cargo searching for matched people, and the write

requests insert new labeled faces into the persistent data store for future recognition.

2.4 Evaluation

We evaluate Armada in both real-world edge environments and emulation platforms

in the cloud. The real-world experiment explores Armada performance in fine-grained

small geographical areas (regions within a city). The emulation experiment explores

wider-range geographical areas (regions across nearby cities). We use a face recognition

workload to explore the storage layer performance when the persistent store is required.

2.4.1 Experimental Setup

In Table 2.3 and 2.4, we show the underlying hardware used for both real-world and

emulation experiments. Note that the third column shows the processing time per frame

for real-time face recognition application on these hardwares.
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Figure 2.4: CDF of end-to-end latency for different servers

Real-world Environment

We set up the real-world experiment environment around our University campus. As

shown in Table 2.3, a combination of both dedicated and volunteer resources is used.

Volunteer nodes V1 - V5 are located within 5 miles of the campus, and a powerful

University server D6 located on campus is considered the dedicated edge node.

While the dedicated node has more compute power and better network connectivity,

volunteer nodes are set up with heterogeneous compute and networking performance

contributed by actual volunteers around the campus. The dedicated node D6 can hold

four service replicas in parallel, with each of them processing the video at 30ms/frame.

Figure 2.4 demonstrates the performance heterogeneity in a real-world environment. It

shows that for a given user, a well-connected volunteer node (e.g., V1, V2) can deliver a

lower end-to-end latency than a more powerful but potentially less network-proximate

dedicated node (D6). This finding directly motivates the need for a performance-aware

selection mechanism over a simple resource-based or geo-proximity-based approach.

Emulation Environment

Due to physical limits, we use the emulation environment to explore Armada perfor-

mance on a wider geographical scale. We use the network emulation platform Netropy

[27] in AWS to emulate WAN connectivity for three nearby cities City A, City B and

City C that are about 100 - 150 miles away from each other. Three edge nodes A, B, C

are located at three locations as shown in 2.4.
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Baselines

We use volunteer, dedicated-edge-only and cloud scenarios for comparisons with Ar-

mada.

• Volunteer: It models a naive approach where clients connect to the geographi-

cally closest available volunteer node, without considering real-time network per-

formance or server load.

• Dedicated-edge-only: In the dedicated-edge-only scenario, we assume that only

limited dedicated edge resources are available, which is common in today’s edge

infrastructure deployment. As shown in Table 2.3, we use one powerful dedi-

cated node as compared to 5 resource-constrained volunteer nodes to maintain

a reasonable ratio of the availability of dedicated and volunteer resources. We

show the benefits of exploiting volunteer resources by comparing them with the

dedicated-edge-only scenario.

• Cloud: We show the cloud performance as the baseline compared to other sce-

narios. We use the closest AWS service region US East to deploy the services and

assume that the cloud has unlimited scalability with increasing user demand.

2.4.2 Performance of Storage Layer

We use the face recognition workload to evaluate storage layer performance in the

real-world experiment. In the following experiments, we focus on the communications

between tasks and Cargos. Therefore we configure the TopN [23] to 1 to simplify the

compute layer workflow. In this case, each application client only connects to one task.

We explore the effects of the Cargo selection strategy, storage fault tolerance and

different consistency policies. The same set of resources described in Table 2.3 is used,

with each one of them having 2GB persistent storage capacity. In addition, each data

replica initially uploaded to Cargo contains 1000 labeled face descriptors [28] in the

format of <ID (8 bytes), vector (128 * 8 bytes)> pairs. We focus on three workloads

for evaluation:

Read-only workload: 1000 face images are used as the task input video frames

for real-time recognition. The task processes each image, detects the face and generates
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a unique face descriptor. Then the task queries Cargo to find the matched descriptor

along with the face ID. The read latency includes the time to connect to the Cargo and

query processing. The tasks do not buffer labeled faces locally to explore the Armada

storage layer performance thoroughly.

Write-only workload: 1000 new face images are used as the task input video

frames. We configure the task to detect faces and directly write new face descriptors

with face IDs into the Cargo data replica. The write latency includes the time to connect

to the Cargo and to perform the writing.

Read-followed-by-write workload: 1000 new face images are used as the task

input video frames. For each image, the task first sends a read request to query the

Cargo and then writes the new face descriptor into the Cargo when the read request

cannot recognize the face.

Cargo selection

We explore the Cargo selection results using the read-only workload. Nodes V1, V2,

D6 and Cloud are registered as four Cargos, and V3, V4 and V5 are used as Captains

to run three face recognition tasks. We also configure three users co-located with three

Captains for simplicity. Table 2.5 shows the Cargo selection result and pairwise read

latency. We can see that the Cargo selection strategy can identify the environmental

heterogeneity and select the best-performing data access point for each data-dependent

task.

Task Cargo V1 Cargo V2 Cargo D6 Cloud

Task V3 21 25 31 61
Task V4 25 23 33 64
Task V5 42 38 18 60

Table 2.5: Cargo selection

Storage fault tolerance

We demonstrate the storage fault tolerance behavior using the same experiment setup

described in Section 2.4.2. In this experiment, we only focus on the read latency from

Task V5’s perspective. Figure 2.5 shows that Task V5 can immediately switch to the
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Figure 2.5: Continuous Cargo service on the edge

Cargo V2 upon Cargo D6 failure. The service is immediately restored at a low latency,

in stark contrast to a cloud-backup approach, which would force a permanent shift to

a high-latency cloud backend. This demonstrates Cargo’s ability to maintain service

continuity and low-latency performance at the edge even in the face of node failures.

Effect of Consistency

We run three workloads to explore the effect of different consistency policies in Armada.

We also separate the performance for dedicated, volunteer edge resources and cloud

to illustrate the benefits of exploiting volunteer resources for edge storage. We set

up three configurations using dedicated Cargos, volunteer Cargos, and Cloud-located

Cargos for both strong and eventual consistency scenarios. All edge nodes and users are

loosely coupled with each other in real-world heterogeneous environments. As shown in

Figure 2.6 and Figure 2.7, we record the data I/O latency with varying configurations,

consistency policies, and workload types.

Figures 2.6 (a) and 2.7 (a) show that strong and eventual consistency have similar

read latency since no data propagation is required for the read-only workload. Figures

2.6 (b) and 2.7 (b) show that the strong consistency for volunteer Cargos can cause

higher latency than the cloud since volunteer nodes are loosely coupled, leading to high

data propagation overhead. Similar to write-only workload, Figures 2.6 (c) and 2.7 (c)

show that strong consistency has higher overhead caused by synchronized data propa-

gation. Based on the above, volunteer Cargos in Armada exhibit similar performance

compared to dedicated Cargos using eventual consistency. It also demonstrates the

benefits of utilizing volunteer edge storage over the cloud for low-latency data access.
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Figure 2.6: Read-Write latency for Strong Consistency

Figure 2.7: Read-Write latency for Eventual Consistency

The evaluation of consistency policies yields several key insights. First, for read-

only workloads, both strong and eventual consistency deliver similar performance, as no

data propagation is required. Second, for write-intensive workloads, strong consistency

introduces significant latency overhead, especially on loosely-coupled volunteer nodes

where propagation delays are high, often performing worse than the cloud. In contrast,

eventual consistency on volunteer nodes offers a dramatic performance improvement,

delivering latency comparable to that of dedicated edge nodes and significantly out-

performing the cloud. This highlights a critical trade-off: for applications that can

tolerate temporary data inconsistency, leveraging volunteer resources with an eventual

consistency model provides a highly effective, low-latency storage solution at the edge.

These results highlight the importance of Cargo’s application-aware design, which

allows applications like face recognition, if tolerant of slight delays in updates, to choose

eventual consistency and achieve significantly lower latency compared to a system en-

forcing strong consistency by default.
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Figure 2.8: End-to-end latency of face recognition

End-to-end latency

Figure 2.8 provides a holistic view by breaking down the total end-to-end latency. The

analysis reveals that while processing and initial network communication times remain

relatively constant across configurations, the storage I/O (Read/Write) phase is the

primary differentiator in performance. For instance, the low read latency of the dedi-

cated edge directly translates to the best overall end-to-end performance. Conversely,

the high write latency of a cloud backend significantly degrades the total application

response time. This demonstrates that optimizing the storage layer, as achieved by

Cargo’s proximity-aware selection and tunable consistency, is critical for minimizing

overall end-to-end latency for stateful edge applications.

2.5 Related Work

Storage at the edge can be categorized into offload (offload data to edge and sync with

cloud), aggregate (Data collected from multiple devices to the edge) and P2P (data

generated by one device shared with another) [29, 30]. Most of the existing storage

systems focuses on offload and aggregate models. P2P storage is not explored much due

to concerns of data security and synchronization difficulties across unreliable devices.

CloudPath [31] uses PathStore [32], an eventually consistent datastore with persistent

data on cloud and partial replicas on edge. The store may have a degraded performance

when new data is queried frequently. SessionStore [33] is a hierarchical datastore that

guarantees session consistency using session-aware reconciliation algorithms built on

top of Cassandra [34] and hence support client mobility to an extend. DataFog [35] is
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an IoT data management infrastructure which places replica based on spatial locality,

addresses sudden surges in demand using a location-aware load balancing policy and

evicts and compresses data based on temporal relevance. However, it does not support

network proximity based node selection. FogStore [36] is a geo-distributed key-value

infrastructure that places replicas based on latency of data access. Also, to ensure fault

tolerance similar to DataFog, one of the replicas is kept at a remote location in FogStore.

However, it does not take into account the limited storage capacities of heterogeneous

storage nodes.

2.6 Conclusion

This chapter addressed the critical challenge of enabling stateful applications in dy-

namic, high-churn edge environments. We introduced Cargo, the in-situ storage layer

for the Armada framework, designed to provide a reliable and low-latency persistence

service by leveraging a mix of dedicated and volunteer edge resources. The design of

Cargo decouples storage from volatile compute, providing stability and fault tolerance

through a proximity-aware selection mechanism and automated data replication. Cargo

also allows applications to specify key requirements, such as desired consistency levels,

during deployment.

Our evaluation, conducted in both real-world and emulated environments, validated

the effectiveness of this approach. The key findings demonstrate that:

1 Performance-aware selection is crucial: Cargo’s selection strategy successfully

identified the optimal storage node, outperforming naive geo-proximity by adapt-

ing to real-world network heterogeneity.

2 Volunteer resources are a viable fallback: While dedicated edge nodes offered

the best performance (reducing end-to-end latency by up to 30% compared to

the cloud), volunteer nodes provided a low-latency alternative (18% improvement

over the cloud). This confirms that in the event of dedicated node failure, falling

back to managed volunteer resources is significantly better than reverting to the

high-latency cloud.
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3 Tunable consistency is essential for the edge: Cargo’s support for different con-

sistency levels allows applications to make critical choices. For write-intensive

workloads, an eventual consistency model on volunteer nodes delivered perfor-

mance comparable to dedicated nodes, highlighting a critical latency-consistency

trade-off that application-aware systems must support.

Ultimately, this work establishes that a decoupled, application-aware storage layer like

Cargo is not just a feature but a fundamental requirement for building robust, stateful

applications in heterogeneous and volatile edge-dense environments.

2.6.1 Chapter Takeaways

⇒ Decoupled Storage is Essential for Stateful Edge Applications: To ensure data

persistence and application reliability in edge environments with high compute-

node churn, the storage layer must be architecturally independent of the volatile

compute layer.

⇒ Client-Centric Performance Probing Outperforms Static Policies: In heteroge-

neous edge networks, simple geo-proximity is an unreliable proxy for latency. A

dynamic, performance-aware selection mechanism that probes from the client’s

(or compute node’s) perspective is necessary to identify the truly lowest-latency

storage node.

⇒ Volunteer Resources are a Critical Component for Edge Resilience: Managed vol-

unteer nodes provide a powerful, low-latency fallback mechanism. Instead of de-

faulting to the high-latency cloud upon dedicated node failure, an edge framework

should intelligently leverage available volunteer capacity to maintain service con-

tinuity and performance.

⇒ Eventual Consistency is a Key Enabler for Performance: For many write-intensive

edge applications, the performance gains from using an eventual consistency model,

especially on loosely-coupled volunteer resources, far outweigh the benefits of

strong consistency, making it a critical, tunable option for developers.



Chapter 3

Location, Latency and Spatial

awareness based Data placement

Strategies at the Edge

3.1 Introduction

While the previous chapter demonstrated the benefits of edge storage under the as-

sumption of pre-existing data replicas, this chapter addresses the antecedent and more

fundamental challenges of data placement. Specifically, we explore methodologies for

identifying optimal storage locations, determining the necessary number of replicas and

dynamically managing their creation in response to application load.

IDC expects 55.9 billion connected devices by 2025 generating 79.4ZB data [37].

This data deluge is increasing the data gravity at the network’s edge resulting in the

emergence of edge applications [8]. Deploying application near to the source of data

generation ensures low data access latency and low service latency with improved quality

of service. For example, in case of AR/VR applications, the MTP(Motion to Photon)

latency should be less than 20 ms for immersive experience [38]. Most of the data

generated can be stored at the edge, utilized by edge applications and then be either sent

to the cloud for persistent storage or be discarded. This temporary buffering strategy

can decrease the traffic congestion on the wide area backhaul link and at the same

30
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time give data owners more control to choose what data should be stored on the public

cloud. However, there are multiple challenges one should address to ensure quality of

service to users when it comes to storing data at the edge [5, 25]. The heterogeneity of

edge storage nodes, limited elasticity, node churn, user mobility, time sensitive compute

value of data and data privacy concerns present numerous research opportunities in edge

storage. With the introduction of compliance laws like GDPR [39], it is also essential

that data (example, health and trading) generated be persistently stored within a region.

The storage nodes at the edge are heterogeneous in terms of storage capacity, net-

work bandwidth and request handling power. The limited elasticity and node churn

makes it even more challenging. The placement of data under these environment condi-

tions to provide best quality of service for application users by minimizing the average

latency is not a trivial task. For easiness, we will call data generation source as Pro-

ducers, data consuming applications as Consumers and edge storage servers as Hosts.

The data generated by producers can be subscribed by multiple consumers, also a single

consumer can subscribe to multiple producer data. Depending on an increase in demand

by consumers and the available storage capacity, new replica storage servers may have

to be created on the fly to continue service. Many of the existing data placement strate-

gies take into consideration latency, geolocation, data popularity and spatial awareness

along with system constraints to select a storage server for data placement. iFogStor [40]

proposes an exact solution based on integer programming for data placement. However,

to scale the solution, they proposed two heuristics with single replication to minimize

the overall service latency. Having a single replica may not always be suitable for ap-

plications with a lot of consumers and can cause multiple read failures with increased

latency. [41] extends the iFogStor strategy to allow multiple replicas across different

edge nodes. We also place a similar multi-replica constraint in our problem formula-

tion. Furthermore, works such as [18] projects servers based on geolocation and data

popularity. However, this approach fails to consider network latency, which is not always

proportional to physical distance in complex edge environments.

To address these limitations, this work proposes three key improvements that have

a significant impact on the quality of service: 1 Given the limited resources per edge

server, we should consider the ingress and egress request handling capacity per server. If

we go over the limit, then it will become a bottleneck leading to an increase in latency



32

(Producer/Consumer load constraint in Section ). 2 Identifying application specific

characteristics like colocation of producers and consumers or density of producers and

consumers at a location can help identify edge storage servers that will decrease the data

transfer latency (Centroid-based replica selection in Section ). 3 A combined use of

geolocation, latency and spatial awareness can prune the search space for edge storage

servers, resulting in less decision making time.

The main contributions in this paper are

• The proposal and analysis of two distinct system models for data placement: a

store-and-forward model and a streaming model.

• An optimization formulation for the data placement problem, mapping it to the

NP-Hard Generalized Assignment Problem.

• The design of a data placement framework and a comparative evaluation of three

strategies operating within it: distance-based, latency-based, and a novel spatial-

awareness-based approach.

• A comprehensive simulation-based evaluation demonstrating the performance trade-

offs of the three strategies across both system models.

Section 3.3 details the system overview along with the optimization problem for

data placement while considering multiple constraints. The spatial heuristic and addi-

tional data placement strategies are listed in Section 3.4. A comparison across the data

placement strategies in showcased in Section 3.5. We conclude our work with a brief

discussion of future work and the major findings in the paper in Section 3.7.

3.2 Motivation

The abstract Producer-Consumer-Host model can be mapped directly to a variety of

emerging edge applications, each with distinct data flow patterns that motivate our two

system models.

• Autonomous Vehicles and AR Gaming (Streaming Model): In a vehicular

network, a lead vehicle (a Producer) might stream real-time LiDAR or video data
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to a Roadside Unit (a Host). This data is then immediately forwarded to trail-

ing vehicles (Consumers) to enable cooperative maneuvering or hazard detection.

Similarly, in an AR online game, a player’s real-time actions and location (Pro-

ducer) are streamed via an edge server (Host) to other nearby players (Consumers)

to maintain a synchronized game state. In both cases, the critical performance

metric is the end-to-end latency, as the value of the data diminishes rapidly with

time.

• Industrial IoT and Smart Farming (Store-and-Forward Model): On a

factory floor, sensors on machinery (Producers) continuously generate data about

machine health and operational status. This data is stored on an on-premise edge

server (Host). Various applications, such as a predictive maintenance dashboard

or a safety alert system (Consumers), can then query this stored data as needed.

Here, the data has persistent value, and the key performance metric is the data

retrieval latency for the consuming applications. The initial latency from the

sensor to the server is less critical and can be amortized over many reads.

These scenarios highlight that a ”one-size-fits-all” data placement strategy is insuf-

ficient. The optimal placement of data depends fundamentally on whether the applica-

tion is latency-sensitive (streaming) or delay-tolerant (store-and-forward), motivating

the distinct system models and strategies explored in this chapter.

3.3 System Overview

Figure 3.1, shows the system architecture that we consider. There are a set of data

generators (producers), a set of edge storage nodes (hosts) and a set of application tasks

(consumers) in the system. Producers generate data, store/stream it to a host, from

where a consumer will collect the data. Gateways allow connection of producers to the

internet and vice versa. A producer’s data can be subscribed by multiple consumers and

a consumer can subscribe to multiple producer data. The host nodes vary in storage

capacity and ingress and egress request handling capacity. Host nodes with higher

resource capacities are considered to have low latency to other nodes. A producer can

directly communicate with a host once it is identified as a suitable location for data

storage.
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Figure 3.1: System architecture

3.3.1 System model

With this architecture, there can be two types of system models: Store-and-forward and

Streaming.

• Store-and-forward model: In this model, the producer sends data to the host,

where it is stored and then sent to any subscribed consumers. Once the data is

available at the edge, any application can retrieve the data at any point of time.

The edge applications that use the data are usually delay tolerant, for example, a

car insurance company perusing through accident videos for validating insurance

claims, or a city planning system that wants to rearrange the traffic over coming

days based on the current day data. The quality of service here is determined by

the data retrieval latency observed by the consumer. The latency of data transfer

from the producer is amortized in this case.

• Streaming model: In this model, the producer will send the data to the host

from where it is immediately transferred to the subscribed consumers. The data

will be cached for a short period of time to account for any missing data during

streaming. The edge applications in this case are latency-sensitive, for example,

a augmented reality based robotic surgery handled by multiple surgeons requires

the same data to be streamed to all involved doctors to avoid any life threatening
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situations. The quality of service here is determined by end-to-end latency ob-

served by the consumer. The data transfer latency from producer to host should

be considered.

3.3.2 Problem Formulation

Given sets of Producers (P ), Hosts (H) and Consumers (C) with sizes p, h and c

respectively. Each producer pi sends data of size datasizepi to atmost r hosts to meet

the demands of subscribed consumers. The value of r may vary from producer to

producer, however, here we take r = replicathreshold for all producers. A consumer

(ck) can subscribe to more than one producer. For simplicity, we assumed the data

transfer unit is b bytes. Each host has a storage capacity of caphj
, a producer load

threshold ploadhj
(number of concurrent producer connections) and a consumer load

threshold cloadhj
. Each consumer maintains a binary subscription list csub of size

(1 × p), where, csubki = 1, if ck subscribes to pi, otherwise csubki = 0. The binary

matrix, phc of size (p × h × c) is used to represent the paths from a producer to a

consumer via a host. If phcijk = 1, there exists a path from producer (pi) to consumer

(ck) via host (hj), otherwise phcijk = 0.

• Load constraint : A producer pi or a consumer cj can use a host hj only if the

addition of new connection is within the producer or consumer load threshold re-

spectively. If plthj
is the producer load threshold and clthj

is the consumer load

threshold for host hj , then

p∑
i=1

(

c∑
k=1

phcijk > 0) ≤ plthj
(1)

c∑
k=1

(

p∑
i=1

phcijk > 0) ≤ clthj
(2)

• Storage constraint : A host (hj) can store data from a producer (pi) only if

datasizepi is less than the available storage capacity caphj
of the host.

p∑
i=1

datasizepi ∗ (
c∑

k=1

phcijk > 0) ≤ caphj
(3)
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• Single path constraint : There exist a single path from a producer pi to a consumer

ck via a host hj , provided ck is subscribed to pi, i.e., csubki = 1.

h∑
j=1

(phcijk ∗ csubki) = 1 (4)

• Replica count constraint : The maximum number of replicas alloted to a producer

(pi) is bounded by a replica threshold. For simplicity, we are taking the same

threshold rt across all producers.

h∑
j=1

(

c∑
k=1

phcijk > 0) ≤ rt (5)

Given the above constraints, we need to ensure that selected path (phcijk) for data

transfer from producer (pi) to consumer (ck) via host (hj) has a low latency. If the

latency of transferring b units of data between pi and hj is latij and that between hj

and ck is latjk, then the total latency is given by

lat phcijk = (latij + latjk) ∗
datasizepi

b
∗ phcijk (6)

For store-and-forward system model, the effect of latij will be amortized.

Objective

The objective of our data placement algorithm is to find the hosts where data from

the producers can be stored for consumption by consumers, while providing minimum

average latency. This means filling the binary matrix phc by minimizing (6) for all
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producers, hosts and consumers.

Minimize

∑p
i=1

∑h
j=1

∑c
k=1 lat phcijk∑p

i=1

∑h
j=1

∑c
k=1 phcijk

subject to

p∑
i=1

(

c∑
k=1

phcijk > 0) ≤ plthj

c∑
k=1

(

p∑
i=1

phcijk > 0) ≤ clthj

p∑
i=1

datasizepi ∗ (
c∑

k=1

phcijk > 0) ≤ caphj

h∑
j=1

(phcijk ∗ csubki) = 1

h∑
j=1

(

c∑
k=1

phcijk > 0) ≤ rt

(7)

3.3.3 Optimization Solution

The objective (7) can be represented as a Mixed-Integer Non-Linear Programming

(MINLP) problem. IBM CPLEX Solver is used to model and solve the placement

problem. As it was mentioned, being an NP-Hard problem, as the number of actors in

the system increases the execution time also increases which is not suitable for latency-

sensitive applications. Hence, we propose a data placement framework that uses three

strategies to scale the solution in the next section.

3.4 Data Placement Strategies

In section 3.3, the system model and the MINLP model were discussed. Being NP-

Hard [40], we cannot solve the optimization problem in polynomial time as the number

of host nodes increase. We present three strategies which take into consideration all the

required factor discussed in section 3.3 to provide a approximate solution.

1. Distance based selection: The selection of nearest edge servers to the source
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of data generation allows to ensure data is stored within a specific locality. Appli-

cations where it is known that both producers and consumers are co-located will

benefit from distance based selection.

2. Latency based selection: Distance based selection may not always provide you

with lowest latency route to an edge server. In this strategy, the selection of edge

servers is based on the latency of a producer to an edge server or host. The host

that can provide satisfactory latency (within latency threshold) is selected for data

storage.

3. Spaital heuristic based selection: In a dense edge environment with thou-

sands of edge servers, using distance and latency based selection may incur higher

decision making latency. This overhead can be mitigated by effectively pruning

the search space.. In this strategy, we prune the search space associated with a

producer using a spatial data structure (RTree) that groups hosts based on geo-

locality. Once a specific group is identified, the best host with low latency to

producer is selected for data storage.

Before discussing the details of the algorithm, we first explore the matchmaker (Fig.

3.2), which is the decision making element associated with a group of producers, con-

sumers and hosts. While the data transfer is decentralized (producer-to-host, host-to-

consumer), a centralized matchmaker is employed to maintain a global view of resource

availability (load, capacity) and network conditions, enabling more optimal and globally-

aware placement decisions than a purely local approach would allow. It resides on one

of the edge servers which may have storage. The matchmaker has two main modules:

Network and replica. The Network module sends periodic requests to producers and

consumers to fetch the dynamically changing network latency and geo-location infor-

mation. The Replica module decides how many replicas are required for producer data,

depending on the demand and availability of resources.

3.4.1 System Workflow

The system workflow, illustrated in Figure 3.3, follows a registration and discovery

pattern. First, Producers register with the matchmaker, providing their location and
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Figure 3.2: Matchmaker, the deicison making component

Figure 3.3: System workflow

data requirements 1 . The matchmaker then identifies and returns a list of suitable

Hosts 2 . The Producer establishes a direct connection to a Host to begin storing its

data 3 . Subsequently, a Consumer registers, providing its own location and a list

of Producer data it wishes to subscribe to 5 . The matchmaker cross-references this

subscription with its record of Host locations and provides the Consumer with the

optimal Host to connect to for data retrieval 6 .

The matchmaker runs one of the above strategies in HostSelect (algorithm 1) in

two cases. a Producer enters the system for the first time and b Dynamic replication

caused by exceed load on a host node.

For distance and latency based strategies (algorithm 2), the matchmaker first or-

ders host nodes based on their distance or latency line 3 . The best nreplica nodes are

then selected by taking into account the storage capacity and load line 4 . As multi-

ple decisions are taken at the same time, line 4 will be executed in a loop until the

required number of replicas are found. In cases where all the resources are exhausted,

the producers are denied service and will have to wait for a new host to join or existing

hosts to become free. The information of the selected hosts are then shared back to the
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Algorithm 1 Host node selection for Producer

1: procedure ProducerHostSelect(pinfo, nreplica)
2: {id, loc, sz} ← {pinfo.id, pinfo.loc, pinfo.datasize}
3: pinfo.hinfos ← HostSelect(id, loc, sz, nreplica)
4: return pinfo.hinfos

Algorithm 2 Distance/Latency based

1: procedure HostSelect(id, loc, sz, nreplica)
2: nodes ← GetHostNodes()
3: ordered nodes ← SortByDistanceOrLatency(id, loc, nodes)
4: host nodes ← SelectViableNodes(sz, nreplica)
5: return host nodes

producer to start the data transfer. The time complexity associated with host selection

is O(nlogn), where n is the number of host nodes under consideration.

The SelectViableNodes function iterates through the sorted list of potential hosts,

selecting the first nreplica nodes that satisfy the producer’s data size requirement (sz )

and have not exceeded their current load and storage capacity thresholds.

As for the spatial heuristic (algorithm 3), the matchmaker identifies potential host

nodes within the minimum bounding rectangle (MBR) of the producer based on latency,

storage capacity and load line 2 (Fig. 3.4.(a)). There is a chance that within the MBR

of the producer, all the host nodes are full. In such a case we extend the search to the

next MBR which is having the least MinDist [42]. MinDist is the least distance of a

point to any of the nearby MBRs. In most of our experiments, we were able to see that,

the required host node will be found by this step line 4 (Fig. 3.4.(b)). However, if that

is not the case, then we extend the search outwards in a concentric circle manner to

search for a potential host node, in an incremental fashion line 6 (Fig. 3.4.(c)). Once

the potential hosts are identified, they are then ordered based on increasing order of

latency to producers and the top nreplica nodes with sufficient storage and load are

selected and returned to the producer line 9 . If we are not able to find host nodes,

then the entire procedure is repeated taking into account the churn and load change

of host nodes. The matchmaker stores the replica information. The time complexity

for spatial heuristic host selection is O(logM (n)), where M is the maximum number

of children per node in RTree and n is the number of host nodes under consideration.
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Algorithm 3 Spatial Heuristic

1: procedure HostSelect(id, loc, sz, nreplica)
2: nodes ← SD.GetHostNodes(id, loc, sz) ▷ SD is the RTree structure
3: if nodes.empty() then
4: nodes ← SD.SearchMinDist(id, loc, sz)
5: while nodes.empty() do
6: nodes ← SD.ConcentricSearch(id, loc, sz)

7: host nodes ← SortByLatencyAndSelectViableNodes(nodes, nreplica)
8: return host nodes

Figure 3.4: Host search (a) Search in MBR of Producer, (b) Search in MinDist MBR,
(c) Search in Concentric Circles with producer as center

An RTree is chosen for this purpose due to its efficiency in indexing multi-dimensional

spatial data, allowing for fast nearest-neighbor and range queries, which are essential

for our geo-locality-based pruning.

The consumer is alloted a host to connect to depending on the subscription list pro-

vided at the registration. Algorithm 4 shows the pseudocode for host selection process

from the consumer side. Based on the subscription list provided, the matchmaker will

identify all the replicas for each producer. Then based on latency and load, a replica

is allocated to the consumer line 4-5 . There is a chance that all the existing replicas

are already alloted to other consumers. This can lead to dynamic replication by calling

HostSelect with nreplica=1 lines 6-11 . Once a host is identified and the data transfer

from the producer starts, the information is shared back to the consumer lines 13 .
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Algorithm 4 Host node selection for Consumer

1: procedure ConsumerHostSelect(prods, subinfo)
2: hinfo ← {}
3: for prod id ∈ subinfo do
4: prod ← prods[prod id]
5: hinfo ← GetSubHost(prod) ▷ Sort by latency and then select by load
6: while hinfo.empty() do
7: {id, loc, sz} ← {prod.id, prod.loc, prod.datasize}
8: new replica ← HostSelect(id, loc, sz, 1)
9: prod.hinfo.append(new replica)

10: hinfo.append(new replica)

11: return hinfo

3.5 Evaluation

3.5.1 Experimental Setup

The simulation experiments are run on a Linux machine with 64GB RAM and 24 cores

for the simulation. We select 5ms-10ms, 10ms-15ms, and 15ms-20ms ranges for high-

capacity storage, medium-capacity storage, and low-capacity storage host nodes. The

location associated with producers, hosts, and consumers was taken from the Social

IoT real-time dataset [43]. The storage capacity of host nodes ranges from 32GB to

1TB, generally correlated with network quality (i.e., lower latency nodes typically have

higher capacity). Each host has defined load thresholds: the producer load limit ranges

from 15 to 25 concurrent connections, and the consumer load limit ranges from 25 to 55

connections, generally scaling with the node’s capacity. Producers can generate data in

the range of 1GB-32GB. The consumer arrival follows Poisson distribution with a mean

inter-arrival time of 5ms. Each producer will send chunks of size 1024 bytes to hosts

until it reaches the data size to be generated. The RTree parameters M (maximum

number of children within a node) and m (minimum number of children within a node)

are set to 40 and 20, respectively.
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Figure 3.5: Average end-to-end latency. The number of hosts and producers is set to
50 and 100, respectively. Distance-based looks only at location information, leading to
the selection of nodes with high latency. In contrast, latency-based and spatial-based
consider latency resulting in low end-to-end latency.

3.5.2 Simulation experiments

End-to-end latency

End-to-end latency provides a measure of the quality of service. In this experiment,

we simulate 50 hosts, 100 producers, and a varying number of consumers (200-800). It

can be seen in Figure. 3.5, the average end-to-end latency remains almost the same

across all the difference (host, producer, consumer) configurations. This is because the

number of times dynamic replication occurs is much less than the number of chunks

transferred. A detailed look at the replica overhead is shown in section 3.5.2. The

distance-based strategy takes more time as it does not consider the selected host’s

latency. There is also the chance that the host node has less resource capacity, leading to

more replications. In contrast, both latency-based and spatial-based strategies prioritize

low-latency connections. Latency-based selects the host with the globally lowest latency

meeting constraints, while spatial-based selects the lowest latency host within its pruned

search space. In this sparse environment (50 hosts), both approaches effectively identify

high-quality hosts, leading to similar average end-to-end latency. We will look at a

scenario where spatial-based will outperform latency-based in section 3.5.2.
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Figure 3.6: Average replica count per producer. The number of hosts and producers is
set to 50 and 100 respectively. In the given environmental setting, distance-based may
end up selecting hosts with less resource capacity. This selection leads to the creation
of more replicas.

Average replica count per producer

For the same simulation scenario discussed above, the average count of replicas per

producer is shown in Figure 3.6. It can be seen that latency-based and spatial-based

outperform distance-based in all the configurations. Distance-based does not consider

host load or capacity during initial selection, making it more likely to choose nodes that

quickly become saturated, thus triggering more frequent dynamic replications. Spatial-

based shows a similar replica count to latency-based. However, there is a chance that

spatial selects host nodes with comparatively fewer resources. This selection leads to

more replicas, as shown in the configuration (50,100,800).

Average replication overhead per consumer

The average replication overhead, defined as the time from a consumer’s request for a

new replica until it receives the first data chunk, surprisingly shows little variation across

the strategies in this sparse setting (Figure 3.7). This includes Matchmaker decision

time, producer-host connection setup, and initial data transfer. Figure 3.8, showing

the distribution of overheads, provides the insight. The distance-based strategy ex-

hibits a wide distribution, reflecting its tendency to select both high-latency (leading to

slow setup/transfer) and occasionally low-latency hosts. In contrast, latency-based and

spatial-based strategies initially select low-latency hosts, resulting in faster overheads
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Figure 3.7: Average replication overhead per consumer. The number of hosts and
producers is set to 50 and 100, respectively. Given the low host count, and the high
number of chunks transferred, the average overhead across all the strategies is observed
to be the same.

(peaks at lower values). However, as these optimal hosts become saturated, subsequent

replications are forced onto less ideal hosts, increasing their overhead and shifting parts

of their distribution rightward. In this specific configuration (50 hosts), the averaging

effect across these different distributions leads to comparable mean overhead values.

Average consumer replica selection time

This experiment isolates the average replica selection time at the Matchmaker, simu-

lating a dense environment with 5000 hosts. As shown in Figure 3.9, the spatial-based

strategy exhibits significantly lower decision times compared to both latency-based and

distance-based approaches. This directly demonstrates the benefit of the R-Tree based

search space pruning, which avoids the O(n log n) sorting required by the other meth-

ods. While this Matchmaker overhead component was not the dominant factor in the

overall replication overhead in the sparse (50-host) environment, it becomes a critical

performance bottleneck in denser deployments, highlighting the scalability advantage of

the spatial heuristic.

The simulation results conclusively show that application-aware strategies (latency-

based and spatial-based) significantly outperform the naive distance-based approach

in terms of end-to-end latency and replica efficiency. While latency-based offers near-

optimal host selection, its decision-making overhead scales poorly. The spatial-based
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Figure 3.8: Replica overhead distribution. The replica overhead is distributed across all
bins in distance-based, leading to similar overhead as latency-based and spatial-based.

Figure 3.9: Average consumer replica selection time overhead. The number of hosts and
producers is set to 5000 and 50, respectively. The replica selection overhead increases
at the Matchmaker with the number of consumers concurrently requesting replicas.
Spatial-based can focus on the pruned search space resulting in less time.
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strategy emerges as the most scalable solution, effectively balancing near-optimal host

selection with significantly lower decision-making time due to its search space pruning,

making it particularly well-suited for dense edge environments.

3.6 Related Work

Over the past five years, multiple approaches have been proposed for data placement at

the edge. iFogStor [40] models the data placement as GAP [44], an NP-Hard problem.

Its main goal is to identify a single replica storage node where data from the producer be

kept to minimize the overall latency between producers and consumers. As the solution

cannot scale, a heuristic based on geographical zoning is proposed. The single replication

of data may not always be suitable as there can be increased requests resulting in

network and storage throttling. Also, if there is an inter-regional flow of data, the zone-

specific solution may be sub-optimal. To solve this problem, iFogStorG [45] proposed

a divide and conquer approach. It divided the entire edge infrastructure into several

disconnected and balanced parts to ensure minimized data flow across parts. Within

each identified part, the iFogStor approach was run to get the local decision and then

combined to get suitable global placement. Here, only a single replica is associated with

a producer making it unsuitable for high request scenarios. To resolve the single replica

issue, iFogStorM [41] was proposed. The model adds a constraint to have more than one

replica per producer. Similar to iFogStor, iFogStorM cannot be solved in polynomial

time. Hence the authors proposed the MultiCopyStorage heuristic, which greedily allows

a consumer to select the low latency node among the replicas. It also curbs the replica

count when increasing the count does not significantly impact the overall latency. One

issue with this technique is that the number of replicas may be too high in an already

restricted edge environment. Also, focussing on replicas too far away from consumer may

not be required as edge application users are mostly colocated (autonomous vehicles,

AR/VR games). [46] introduces iFogStorS for small infrastructures that uses shortest

path between producers and consumers; and iFogStorP for large infrastructures that

uses P-median [47] to place P replicas. Compared to MultiCopyStorage which in parallel

sends updates from producer to replicas, iFogStorS/P sends data to one replica, which

in turn updates others.
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Scientific workflows usually have very large generated datasets stored across multiple

cloud data centers leading to high transmission delay. [48] proposes a genetic, self-

adaptive, discrete particle swarm optimization data placement strategy (GA-DPSO)

that utilizes both the cloud and the edge. The approach does not consider the highly

heterogeneous feature of edge nodes. [49] takes into consideration the storage capacity

at each edge site and the data transmission cost across cloud nodes to make a placement

decision. They propose a discrete particle swarm optimization with differential evolution

to identify the locations where shared data across multiple scientific workflows can be

placed to minimize the transmission time.

In [50], the switches and data indices of unstructured data are associated with co-

ordinates in a virtual space. The data index is stored on servers that is connected to a

switch which is closest in the virtual space. In [51], inspired by [50], the data is placed

at the center of a dense network in a virtual space to ensure shorter distance to all

the areas in a region followed by popularity based replica placement. [52] jointly places

tasks and data, where each block of data is assigned a popularity value to help make

decision on data placement.

FogStore [36], a key-value store, places a set of replicas within the vicinity of the

clients and another set of replicas away from the clients to ensure fault-tolerance. It

provides differential consistency for data depending on situation-awareness of applcia-

tions. DataFog [35] is a data management platform for IoT which uses spatial proximity

to identify the location of replicas. Similar to FogStore, it also keep a few replicas in

remote locations for fault tolerance. EdgeKV [53] is a decentralized storage system for

general purpose tasks with fault-tolerance, reliability guarantees and strong consistency.

Distributed Hash tables are used in EdgeKV to identify locations to store data across

different edge nodes.

Data placement is a well researched topic in distributed systems [54–63]. They

mainly focus on reducing the network latency, reducing proximity of dedicated servers

to clients, data popularity, adapting to dynamic workloads, partitioning of data to adapt

to server sizes and dynamically configuring replicas based on application requirements.

Many of the existing distributed databases [34, 64, 65] use consistent hashing to store

data across different nodes in a load balanced manner.
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3.7 Conclusion

This chapter addressed the critical problem of efficient data placement in heterogeneous

edge environments, aiming to minimize latency for data-intensive applications. Recog-

nizing the limitations of centralized cloud storage and the unique constraints of the edge,

we first defined two distinct operational models, Store-and-forward and Streaming, re-

flecting different application needs. We then formulated the data placement challenge

as a MINLP optimization problem, explicitly incorporating crucial factors like server

location, network latency, load thresholds (producer and consumer), and storage capac-

ity.

Acknowledging the NP-Hard nature of the optimal solution , we designed and eval-

uated a data placement framework featuring three heuristic strategies: distance-based,

latency-based, and a novel spatial-awareness-based approach using R-Tree pruning. Our

simulation results yielded clear insights into their performance trade-offs:

1 Both latency-based and spatial-based strategies significantly outperformed the

naive distance-based approach in terms of end-to-end latency and replica efficiency,

demonstrating the necessity of considering network performance and resource ca-

pacity.

2 In sparse edge environments, latency-based and spatial-based strategies showed

comparable performance, effectively identifying low-latency hosts.

3 However, in simulated dense edge environments, the spatial-based strategy proved

significantly more scalable. Its R-Tree pruning mechanism drastically reduced

the Matchmaker’s decision-making time compared to the latency-based approach,

offering a crucial advantage when handling numerous concurrent requests.

This work underscores the importance of application and environment-aware data

placement. While latency-based selection provides near-optimal results in sparser set-

tings, the spatial heuristic offers a compelling balance of performance and scalability,

particularly for future dense edge deployments.
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3.7.1 Chapter Takeaways

⇒ Latency Matters More Than Distance: Simple distance-based data placement is

often suboptimal in edge environments due to network heterogeneity; latency-

aware strategies yield significantly better application performance.

⇒ Load Constraints are Crucial : Data placement decisions must account for server

load (ingress/egress) and storage capacity to avoid bottlenecks and minimize ex-

cessive dynamic replication.

⇒ Scalability Requires Search Space Pruning : While selecting the absolute lowest-

latency server (Latency-based) is effective, the decision-making overhead becomes

prohibitive in dense environments. Spatial heuristics offer a scalable alternative

by efficiently pruning the search space.

⇒ Context Dictates Strategy : The optimal data placement strategy depends on the

edge environment’s density. Latency-based may suffice for sparse deployments,

while spatial-awareness is critical for scalability in dense scenarios.



Chapter 4

ASTRA: Associaton, Spatial

proximity and Temporal

Relevance based Adaptive

prefetching for Edge AR

4.1 Introduction

Mobile augmented reality (MAR) is rapidly evolving pervasive tool with applications

spanning diverse sectors such as gaming, entertainment, education, industry and health-

care. AR enhances user perception by overlaying digital content onto the real world,

creating immersive experiences. However, delivering quality AR experiences presents

unique challenges, mainly due to the stringent demands of high bandwidth, ultra-low

latency and real-time responsiveness. These requirements make existing cloud infras-

tructures unsuitable for timely AR service delivery, necessitating the need for innovative

solutions.

Edge computing has emerged as a promising computing paradigm to address these

challenges by bringing computation and storage resources closer to the end-user at the

network edge. The reduced distance, increase of bandwidth and high speed infrastruc-

tures such as 5G(6G), significantly lowers the latency and improves the performance

51
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of MAR applications. Complementing edge computing, prefetching techniques antici-

pate users needs and proactively fetch AR artifacts to the edge/end-user device from

the cloud. This proactiveness further mitigates latency, enhances user experience and

optimizes edge resource utilization.

Several recent research efforts focus on leveraging the predictability of user movement

within both virtual and physical environments to enhance AR content delivery. By

anticipating where a user is likely to look or move next, prefetching strategies [66–68]

proactively retrieve relevant AR artifacts onto edge servers, thereby reducing interaction

latency. While anticipating user movement via viewport [69] or Field of View (FoV) [70]

or gaze [71] offers a valuable approach, these strategies face challenges under significant

edge server resource constraints. Given that edge servers operate under significant

resource constraints, prefetching strategies must incorporate mechanisms to avoid server

overload. For instance, within a predicted viewport/FoV, fetching all potentially visible

AR artifacts may be unnecessary and inefficient, as users typically interact with only a

subset of available content. This highlights the challenge and opportunity in determining

precisely which artifacts possess sufficient relevance to warrant prefetching under these

constraints.

Beyond user movement, AR prefetching strategies can be enhanced by incorporating

a broader range of contextual cues. Such comprehensive contextual awareness extends

beyond tracking where the user is looking or moving, rather the wider circumstances of

their interaction. The relevant factors include the specific task the user is performing,

their history of past interactions, and potentially the dynamics within collaborative AR

scenarios [70, 72]. Leveraging these richer contextual elements allows prefetching deci-

sions to become more accurately tailored to the user’s anticipated needs. Ultimately,

combining this detailed contextual understanding with AR artifact relevance enables se-

lective content prioritization, a crucial capability for making AR applications feasible

under strict edge resource constraints.

This paper investigates optimizing edge prefetching in AR applications by analyz-

ing user-object interaction patterns and AR-specific properties. Given the context-

dependent nature of AR interactions, we argue that effective prefetching strategies

should prioritize objects likely to enter the user’s field of view (FoV). We hypothe-

size that predictable patterns in user access behavior can be leveraged to anticipate



53

future interactions and prefetch relevant virtual objects at the edge, thereby improving

rendering performance and enhancing the overall AR experience.

We present ASTRA, a novel prefetching framework tailored for mobile augmented

reality edge caches by integrating object associations derived from user interaction pat-

terns with spatial awareness based on the user’s physical location and field of view .

This approach goes beyond traditional prefetching strategies by employing a association

factor that considers both the frequency and recency of object co-access, alongside a lazy

fetching strategy that prioritizes prefetching only when the user is in close proximity to

the virtual objects . Furthermore, ASTRA incorporates an adaptive tuning algorithm

for minimum support in association rule generation to minimize the computation over-

head, making it a distinct and effective solution for enhancing user experience in AR

applications by ensuring timely virtual object availability.

The novel contribution in this paper are:

• ASTRA, an edge prefetching framework for MAR that prioritizes object prefetch-

ing from cloud-to-edge based on Field of View (FoV), contextual information,

temporal relevance and spatial proximity.

• An efficient prefetching mechanism combining association rule mining and spatial

awareness for low overhead decisions, coupled with a proximity triggered lazy

fetching approach to conserve edge resources.

• An adaptive minimum support tuning mechanism to maintain optimal perfor-

mance over time by adjusting to evolving user behavior.

• Comprehensive simulation results, using both synthetic and real-world traces,

demonstrating that ASTRA significantly improves hit rates (up to 35%) and

reduces end-to-end latency (up to 11%) compared to baseline strategies, with

adaptive tuning providing further hit rate gains (up to 10%).

The subsequent sections of this paper will delve into a detailed explanation of the

motivation, the ASTRA framework, a comprehensive presentation and discussion of

the results obtained, and finally, a conclusion outlining the key findings and potential

directions for future research.
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Figure 4.1: Retail and Tourism application scenarios

4.2 Motivation

Mobile augmented reality is increasingly deployed across diverse domains to improve

user experience, from cultural heritage exploration and industrial operations to every-

day retail engagement, by seamlessly blending digital information with the physical

world. For MAR it is essential to provide contextually relevant information precisely

when and where it is needed and it is contingent upon real-time delivery of digital

assets. However, the significant latency in retrieving and rendering this content, can

severely degrade user immersion and task efficiency, presenting a major obstacle to

widespread adoption. While edge computing architectures aim to reduce network de-

lays by locating resources closer to the user, achieving the perception of instantaneous

interaction often demands proactive strategies. Prefetching, the anticipatory loading of

required data, emerges as a critical technique. Yet, the core challenge persists: how to

accurately predict future user needs to make intelligent prefetching decisions, especially

given the resource limitations of edge servers? This section explores motivating appli-

cation scenarios (Figure 4.1) where optimizing prefetching is paramount for realizing

the full potential of AR, highlighting the specific need for context-aware strategies.

• Museums & Tourism: In scenarios like museums or navigation, user movement is
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inherently spatial. The historical data could be used to derive associations be-

tween points of interest. By prefetching AR content (like audio guides, historical

context, or navigation arrows) only for associated exhibits or landmarks that are

also physically nearby, we prioritize the most probable next interaction. This

targeted approach ensures the limited edge storage is used for immediately rele-

vant assets, enhancing the user’s exploration smoothly without wasting space on

associated items they aren’t close enough to view yet.

• Manufacturing & Maintenance: During industrial tasks, procedures follow a se-

quence of interactions (associations), frequently involving components located near

each other. Prefetching AR instructions, diagrams, or safety warnings requires

careful resource management. Focusing prefetching efforts on steps/components

that are both historically the next logical action and physically proximate to the

technician’s current focus makes optimal use of constrained edge storage. It deliv-

ers the most crucial, immediately needed AR guidance without caching data for

steps further down the line or unrelated nearby equipment.

• Retail & Home Improvement: When using AR for shopping or design, users often

evaluate items in relation to their physical surroundings or nearby complementary

products. The historical data reveals strong associations between items (e.g., sofas

and coffee tables, dresses and specific accessories). Combining this with proximity

drastically narrows down the possible number of AR objects to prefetch. This

ensures the edge cache holds high-probability, actionable options pertinent to the

user’s immediate context.

Across these diverse application scenarios, the common characteristics underscore

the need for intelligent AR prefetching. User interaction is fundamentally context-

dependent, often following predictable sequences driven by spatial layouts (Museums),

procedural steps (Manufacturing), or logical relationships between objects (Retail). Si-

multaneously, the effectiveness of AR hinges on low latency delivery of relevant infor-

mation, a challenge given the potentially vast amount of available digital content and

the constrained resources of edge servers. Simply prefetching everything associated is

infeasible. Therefore, a strategy that not only leverages historical associations to predict

user intent but also intelligently filters to fetch only the most relevant associated objects
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is crucial for efficiency. Furthermore, given that AR inherently blends the digital with

the physical, incorporating user proximity as a key factor ensures that the limited edge

cache prioritizes assets for objects within the user’s immediate vicinity. This combined

approach, leveraging historical associations filtered by spatial proximity and temporal

relevance, core components of the ASTRA framework presented in this chapter, is essen-

tial to optimize edge resource utilization and deliver the responsive, seamless experience

users expect from AR applications.

4.3 ASTRA Prefetching Framework

4.3.1 System Architecture Overview

This section proposes the ASTRA prefetching system, designed for application scenarios

mentioned in Section 4.2. The primary goal is to minimize latency when displaying AR

content by proactively caching relevant assets on a nearby edge server. Our approach

combines historical item interaction associations with real-time user proximity. It also

considers the relevance of object associations and their recency to enrich the contextual

information to optimize prefetching decisions. The architecture follows a Client-Edge-

Cloud model as shown in Figure 4.2.

The main components in MAR architecture considered for ASTRA prefetching are

• AR Client: Runs on the user’s mobile device or AR Head mounted devices. It

continuously captures video frames, estimates device’s 6DoF pose (SLAM), tracks

identified objects position relative to the device’s pose and renders 3D assets. The

AR client transfers compressed keyframes, objects of interest (any interacted item)

and location/pose. We consider binary glTF (glb) [73] 3D file formats of virtual

objects which consists of the 3D model’s geometry, textures and animations.

• Edge Server: It does object detection and recognition, estimates initial pose for

newly identified objects, hosts the Prefetching Engine, manages the limited edge

cache, fetches virtual objects from cloud and handles communication with clients.

• Cloud Backend: Stores the complete AR Asset Repository and the Association

Engine, which processes historical data offline/periodically. Using algorithms like
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Figure 4.2: MAR architecture

Apriori or FP-Growth, it generates association rules. These rules quantify the

likelihood of items being purchased or viewed together. The generated ruleset is

periodically pushed to Edge Server’s Prefetching Engine.

4.3.2 ASTRA Prefetching Engine

The Prefetching Engine runs on the Edge Server, leveraging association rulesets and user

context to proactively cache AR assets. When the AR client sends keyframes, objects

of interest and user location, the server first attempts recognition and pose estimation.

The server checks the cache to see Aif R assets corresponding to objects of interests are

available. If there is a miss, the engine uses association rules and the current session’s

interaction history to identify potentially relevant associated objects. These candidates

are filtered first by an association factor (measuring association recency/relevance) and

then by proximity (measuring physical closeness to the user). Let at(o) represent the

association count of AR asset o at time t. Let ψt(o) the association factor of o at time

t. Let λ be the smoothing value. It is represented by 2/(1 + window) where window is the
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window frame of previous object interactions which are relevant. Then,

ψt(o) = (λ · at(o)) + ((1− λ) · ψt−1(o)) (4.1)

The window value could be modified according to the amount of contextual information

required.

Assets for the original objects of interest (if not already cached) and for associated

objects passing both score thresholds are then fetched from the cloud and stored in

the edge cache. Assets for the original objects of interest requested by the client are

fetched immediately (if not cached), while assets for associated objects passing the filters

are prefetched in the background to avoid delaying the primary response. Associated

objects that are contextually relevant but currently too distant (failing the proximity

check) are placed in a lazy prefetch buffer. These may be fetched later if the user moves

closer to their location while they remain relevant (high association factor).

Finally, the edge server returns the poses of recognized objects and the assets for

the requested objects of interest (from cache or just fetched) to the AR client. The

proactively cached assets for associated items ensure faster loading upon subsequent

encounters.

4.3.3 Minimum support tuning

The association rules are currently generated on the Cloud server and periodically dis-

tributed to the Prefetching Engine on the Edge. This centralized, periodic approach

struggles to adapt to dynamic user workloads, risking the use of stale rules and in-

creased cache miss rates between updates. To enhance responsiveness and adaptability,

we propose relocating rule generation to execute directly on the Edge Server alongside

the Prefetching Engine. Running as a background process to minimize interference

with primary tasks, this allows rule generation to leverage local user interaction pat-

terns for more timely and relevant prefetching decisions. The process of generating new

association rules, which incorporates an adaptive minimum support tuning heuristic, is

initiated by the Prefetching engine under one of two conditions: 1) upon the completion

of a predefined number, T , of transactions since system initialization or 2) when the

observed cache hit rate degrades below a specified performance threshold.
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The association rule mining process uses three key metrics: The support measures

the frequency of an itemset (a collection of items) in the dataset, calculated as the

fraction of transactions containing it. A minimum support (β) threshold identifies

frequent itemsets in a transaction set. From these, rules of the form A =⇒ B (milk

=⇒ bread) are generated if they meet a minimum confidence (γ) threshold. The

confidence represents the conditional probability P (B/A). To assess if the co-occurrence

is more than mere chance, lift (ξ) is calculated as Support(A ∪B)/Support(A).Support(B). A

lift value greater than 1 indicates a positive correlation, suggesting the rule is potentially

interesting. Selecting an appropriate value is critical: too high and valuable patterns

are missed, too low and the process becomes computationally expensive, often yielding

numerous insignificant rules. The challenge lies in finding a β range that efficiently

produces rules which are not only frequent (support) and reliable (confidence) but also

interesting (lift > 1). The following heuristic aims to identify such a β range iteratively:

1. Initial Support Range: Define an initial search range for the β parameter. The

lower bound is set to the average support across all individual items in the dataset

[74]. The upper bound is set to the maximum support observed for any single item.

2. Discrete Support Range: Select N equidistant candidate β values within the es-

tablished range [βlower, βupper].

3. Iterative Rule Generation and Evaluation: Iterate through the N candidate β

values, starting from the smallest value and increasing towards the highest. For

each candidate βi

(a) Generate frequent itemsets fqItemsi

(b) If |fqItemsi| > 0, generate association rules arulesi from fqitemsi using a

predefined, fixed γ threshold.

(c) Filter the generated rules, retaining only those with lift, ξ > 1, say arules′i

(d) If |arules′i| = 0, terminate the iterative process, as there are no more signifi-

cant rules being generated.

(e) Compute average lift (ξavgi) and median lift (ξmediani
) for arules′i, if rules

are present.
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(f) Compare ξavgi and ξmediani
with previous iteration values (ξavgi−1 and ξmediani−1

,

terminate the iterative process if either difference is greater than a thresh-

old. This condition aims to halt the search when the quality (strength of

association) of the discovered rules begins to decline notably.

(g) Record the range of β values processed successfully before any termination

condition was met. Let the lowest and highest such values encountered be

βmin and βmax.

4. Upon completion of the iteration, define the final candidate range as [βmin, βmax].

Divide this range into K equidistant points. These K values are proposed as the

candidate β thresholds for generating potentially relevant association rules.

Finally, generate the associations rule sets for each of theK minimum support values

for a fixed minimum confidence and store them.

For the dynamic deployment of the K generated association rule sets, an adaptive

strategy prioritizing precision and stability is adopted. Initially, the Prefetching engine

is configured to utilize the rule set derived from the βmax. This approach leverages

rules based on the most frequent, and presumably most reliable, co-occurrence pat-

terns. It mitigates the risk of cache pollution associated with rules derived from less

frequent or potentially spurious patterns. In the event of cache hit degradation, the

engine adaptively transitions to the rule set generated with the next highest minimum

support threshold. This process repeats iteratively, allowing the system to progres-

sively incorporate rules representing less frequent patterns. Once, we reach βmin and

the cache degradation still exists, then the Prefetch engine generates new association

rulesets based on the last T transactions.

4.4 Evaluation

4.4.1 Experimental Setup

The ASTRA Prefetching framework is implemented in C++ and uses SimCpp20 [75]

for discrete event simulation. The association rule generation is implemented in Python

using mlxtend library [76]. Our experimental testbed utilizes a 64GB Intel Xeon E5-

2620 with 24 cores. Evaluation is performed on four synthetic datasets and a real-world
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retail dataset [77].

4.4.2 AR Workload Simulator Design

To simulate multi-user augmented reality interactions in mentioned scenarios (Section

4.2), for which public datasets are unavailable, we constructed a workload simulator.

This simulator integrates four key modules to generate realistic user behavior patterns:

• Environment Generation: A 2D map is first created from 3D map data [78].

Within this map, structures like buildings and obstacles are represented as closed

polygons, defining the intervening areas as accessible paths for users.

• Transaction Synthesis: The Transaction Generator defines ’N’ items within cate-

gories (like dairy, vegetables), forms random ’L’ sized itemsets and analyzes them

to find category relationships for later item placement. It then generates synthetic

datasets (DS30-DS75), simulating user lists with varying initial itemset frequen-

cies (e.g., 30% for DS30). To enhance realism, random noise items are added to

transactions, which may affect final itemset support.

• Item Placement: The Item Placement module positions items within the 2D envi-

ronment along predefined polygon boundaries. Items are placed 5-7 units apart,

following the category order determined by the Transaction Generator to mimic

real-world item access.

• User Path Simulation: This module creates realistic user paths, starting with a

Voronoi-based path network derived from item locations and random points in

empty spaces. Each simulated user receives a transaction. Their path originates

from a common entry/exit point and connects the necessary Voronoi segments

to sequentially visit all items in their transaction. To simulate pauses, random

’keyframes’ with small associated delays are added along the path.

These generated user paths are used within the main simulation. User arrivals at the en-

vironment’s entry point are modeled using a Poisson distribution. Although the itemset

fraction increases from DS30 to DS75, these synthetic datasets should be treated inde-

pendently, as the specific combination of itemsets and noise items alters the transaction
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structure in each case. In addition to the synthetic data, our experiments incorporate

a grocery transaction dataset from [77].

4.4.3 Baselines

We consider two categories of baselines:

1. Caching baselines: We first integrate ASTRA with common caching policies (Least

Recently Used(LRU), Least Frequently Used (LFU), First In First Out (FIFO),

Popularity(POP)) to understand the impact of our prefetching algorithm. Then

we select one of them as the underlying cache mechanism to compare with current

prefetching algorithms.

2. Prefetching baselines: There are two main types of prefetching algorithms mostly

used in MAR in the literature:

• Path-based prefetching: It employs a spatial partitioning technique, dividing

the environment into uniform cells, and predicts future user locations based

on recent movement patterns [67].

• Intent-based prefetching: It utilizes a basic Markov model to predict the next

object to be prefetched. The model has a warm up time before starting to

identify relevant prefetches. [72]

4.4.4 Simulation parameters

Interactive AR at 30 FPS requires end-to-end latency below 33.3 ms to prevent lag. Our

simulation experiments utilize measurements from Jaguar [1], with parameters specified

in Table 4.1. Client-side processing involves downscaling frames to 10 KB before

transmission and rendering 3D augmentations upon reception [1]. We model network

bandwidths using typical values: 20 Mbps upload / 400 Mbps download for the client

(5G-like [79]) and 1 Gbps for the edge-to-cloud link (AWS Direct Connect [80]). Based

on analyzing the Objaverse dataset [81], where 70% of 100K objects are under 5MB,

we set the object (glb) file size range to 1-5MB for our experiments.
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Table 4.1: Latency measures from Jaguar [1]

Task Execution time (ms)

Pre-processing on client 6.59 ± 1.21

Data transfer to edge 3.9 ± 1.64

Feature extraction, object recognition and matching 14.87 ± 2.04

Post processing on client 2.68 ± 1.32

Figure 4.3: Best hit rate achieved by ASTRA in comparison to baseline cache policies

4.4.5 Impact of ASTRA on Caching Policies

This simulation experiment evaluates the ASTRA prefetching strategy integrated with

baseline cache algorithms (without minimum support tuning). It uses 1000 users, 100

items, and a cache sized at 10% of total AR asset storage. The key ASTRA parameters

(window=25, association threshold=1, proximity threshold=30) were empirically deter-

mined and held constant unless stated otherwise. Figure 4.3 shows ASTRA’s peak cache

hit rates across synthetic datasets with varying minimum support/confidence (30-75%)

configurations.

Figure 4.3 and Table 4.2 demonstrate that ASTRA significantly improves hit rates

over baseline methods, with gains up to 35%. The improvement is notably lower when

combined with the LFU policy. This occurs because LFU prioritizes evicting low fre-

quency items. ASTRA’s prefetched items enter with minimal frequency and are thus

prone to premature eviction before potential use. Other policies like LRU, FIFO, and

POP do not inherently suffer from this issue.

LFU’s reliance on historical access counts makes it slow to adapt when item pop-

ularity changes. Both LRU (based on access recency) and windowed POP (based on

recent frequency) respond better to temporal shifts. Because windowed POP evaluates
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Table 4.2: Percentage hit rate improvement of ASTRA over baseline

Dataset
Cache

LRU LFU FIFO POP

DS30 23.67 0.51 29.35 13.79

DS45 29.19 6.96 34.64 14.15

DS60 26.71 14.92 32.7 21.03

DS75 29.07 12.61 32.89 18.77

recent frequency, it adapts more quickly than LRU to sudden popularity increases. We

therefore selected the windowed POP algorithm for subsequent experiments due to its

responsiveness to recent access patterns.

4.4.6 Comparison to Current Prefetchers

In the following experiments, we compare POP, Path and Intent based approaches to

ASTRA.

Cache hit rate: Figure 4.4 compares the cache hit rates of ASTRA against baseline

Figure 4.4: Cache hit rate of ASTRA compared to prefetching algorithms. ASTRA
improves hit rate by 122%, 17% and 21% compared to PATH, INTENT and POP
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methods: Path-based prefetching (PATH), Intent-based prefetching (INTENT), and the

POP cache, across the four synthetic datasets. PATH performs adequately only when

the spatial distribution of objects is sparse. In denser environments, its trajectory-based

approach tends to pollute the cache with objects unlikely to be accessed, leading to hit

rates lower than the POP cache baseline. INTENT’s predictions rely heavily on the im-

mediately preceding user interactions, often neglecting broader historical context and

resulting in suboptimal predictive accuracy. In contrast, ASTRA consistently achieves

higher hit rates by integrating contextual user information with a lazy prefetching mech-

anism, where AR assets are fetched only upon entering user proximity with association

relevance. Quantitatively ASTRA improves the average hit rate by 122%, 17%, and

21% relative to PATH, INTENT, and POP, respectively.

Figure 4.5: End-to-end latency CDF. 35% of the requests are delivered with 33.3ms
by ASTRA compared to the 29.7%, 29.2% and 14.5% by INTENT, POP and PATH
respectively.

End to end latency and prefetch overhead : Figure 4.5 presents the end-to-end latency

CDFs for the prefetching strategies. ASTRA meets the 33.3 ms AR latency requirement
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for 35% of requests, surpassing INTENT (29.7%), POP (29.2%), and PATH (14.5%).

It also achieves the highest local satisfaction rate (serving 53% of views without cloud

interaction), compared to 44% for INTENT, 42% for POP, and 19.5% for PATH. This

enhanced local service directly results from ASTRA’s superior cache hit rate.

Figure 4.6: Average end-to-end latency. ASTRA achieves 14%, 32% and 11% lower
end-to-end latency compared to POP, PATH and INTENT respectively.

Figure 4.6 shows the average end-to-end latency for each prefetching strategy. AS-

TRA achieves the lowest average latency, directly resulting from its favorable latency

distribution, which completes more requests within shorter time bounds (e.g., 60% un-

der 50ms). Specifically, ASTRA reduces average end-to-end latency by 14% compared

to POP, 32% compared to PATH, and 11% compared to INTENT.

We calculated the prefetch overhead in MBs across PATH, INTENT and ASTRA

for the above experiment. PATH incurred 260 times more data transfer (1190689 MB)

than ASTRA (4533 MB) due to aggressively prefetching all assets at predicted locations.

As we mentioned earlier, PATH based prefetching is suitable in situation where there
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Figure 4.7: ASTRA Parameter analysis: Row 1 and 2 corresponds to DS30 and DS75
datasets respectively. For each parameter shown, it can be seen that for DS30, the
change in hit rate is more evident compared to DS75. As the support for the itemsets
are high in DS75, the effect of association is diminished. However, proximity helps to
reduce the cache pollution with objects currently far away from users.

is object density in a region is low. INTENT had slightly less overhead than ASTRA

(3,661 MB, 0.8x) by predicting only the next asset. ASTRA prioritizes fetching AR

assets immediately required in the current FoV for rendering from the cloud (on a

miss). The associated assets are prefetched in the background to reduce the latency.

While INTENT incurs marginally less overhead by prefetching only a single object,

ASTRA’s slightly higher overhead (prefetching potentially multiple associated items)

yields substantially better cache hit rates and lower end-to-end latency, representing a

favorable trade-off.

4.4.7 Parameter analysis

Minimum support: This experiment investigates the impact of minimum support on

ASTRA’s performance across all cache policies. We varied the minimum support thresh-

old from 30% to 75% while keeping other parameters constant (minimum confidence at

30%). Figure 4.7(a) shows the hit rate variation for DS30 and DS75, with similar trends

observed for DS45 and DS60. This behavior is consistent across different minimum con-

fidence values. As a critical parameter in association rule mining, higher minimum



68

support thresholds result in fewer frequent itemsets and consequently, fewer association

rules, potentially leading to lower hit rates.

Minimum confidence: This experiment analyzes the influence of minimum confidence

on ASTRA’s performance. We varied the minimum confidence threshold from 30%

to 75% while keeping other parameters constant (minimum support at 30%). Figure

4.7(b) shows this effect on DS30 and DS75, with similar trends observed for DS45

and DS60 across different minimum support values. As a key parameter in association

mining, increasing the minimum confidence threshold initially improves or maintains

hit rates before causing a decline. This trend reflects the trade-off between rule quality

and quantity. Higher thresholds reduce the number of rules, improving quality but

potentially excluding relevant associations.

Association factor: This experiment examines the impact of the association factor

on ASTRA’s cache hit rates. With minimum support and minimum confidence fixed

at 30% and 30% respectively, the association factor was varied from 0.5 to 7. Figure

4.7(c) illustrates the results. As dataset support increases (i.e., associated objects are

accessed more frequently), the influence of the association factor on identifying relevant

objects diminishes. For DS30, the highest hit rate is achieved with an association

factor of 1, demonstrating a clear impact. However, for DS75, where frequent itemsets

have higher support, the association factor has a less pronounced effect. This suggests

that the association factor plays a more critical role in scenarios with lower object

access frequencies. Similar observation could be seen in other plots except for proximity

threshold.

Proximity threshold: Figure 4.7(d) illustrates the influence of the proximity threshold

on cache hit rates for ASTRA-integrated baselines. We varied the proximity threshold

from 10 to 90 unit distance while fixing the minimum support at 30%, minimum con-

fidence at 30%, and association factor threshold at 1. The proximity threshold has a

significant impact on hit rates. A very low threshold might neglect relevant objects

located slightly further away, potentially missing prefetching opportunities. Conversely,

an excessively high threshold could lead to prefetching irrelevant objects that are not

close enough for immediate user interaction, wasting cache resources. However, it could
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be noted that the curves remain constant after certain threshold. This could be at-

tributed to the underlying POP strategy evicting unpopular associated objects. There-

fore, selecting an appropriate proximity threshold is crucial for optimizing ASTRA’s

effectiveness. Similar results are observed for DS45 and DS60.

4.4.8 Minimum support tuning

From Section 4.4.7, it is evident that the parameters associated with the ASTRA

prefetching algorithms should be tuned to get the best result. Tuning each parame-

ter to get the optimal result is not a trivial task. So we proposed a heuristic algorithm

to tune the minimum support value, which is the entry point to association rule gener-

ation, in section 4.3.3. For the following experiments, we set the association factor to 1

and proximity threshold to 30.

Synthetic workload

In this section, we will analyze the cache hit rate performance and end-to-end latency

using a mixed synthetic workload and and real world workload.

The mixed synthetic workload is a sequential combination of DS30, DS45, DS60

and DS75 (4000 users). As each dataset has a different itemset that is popular, it is

representative of changing workload behavior in the real world.

Cache hit rate: ASTRA without tuning (ASTRA) and ASTRA with tuning (ASTRA-

TUNE) use the association rules for DS30 workload initially. The degradation threshold

for ASTRA-TUNE is set to 1%. The number of candidate minimum support values for

rule generation is 5. It can be seen from Figure 4.8 that ASTRA-Tune detects the change

in hit rate and generates new association rules based on 1000 previous transactions or

switches to a lower support association rule (red dashed lines). Also, if the association

rule is not switched for a period of time (500 transactions), we make a forced select, to

see the impact on hit rate. The x-axis represents the FoVs completed across all users.

From the figure, it is visible that the ASTRA-Tune is able to improve hit rate most of

the time compared to ASTRA. It achieves a maximum gain of 10% over ASTRA and

11% over POP.

End to end latency and overhead: Figure 4.9 shows the CDF for end-to-end latency.

ASTRA-TUNE satisfies 33.6% of requests under 33.3ms surpassing the 26.5% and 26%
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Figure 4.8: Cache hit rate for synthetic workload. ASTRA with tuning achieves higher
hit rate amidst change in workload.

of ASTRA and POP respectively. Also, 49% of the requests are satisfied by ASTRA-

TUNE under 50ms. The ability of ASTRA-TUNE to adapt to workload changes allows

it to improve the end-to-end latency. As for the prefetch overhead, ASTRA-TUNE, has

3.5X (51905 MB) higher data fetching from cloud compared to ASTRA (13870 MB).

ASTRA either ends up defaulting back to POP cache policy or fetches assets only when

association based on old rules are found, resulting in the lower prefetch overhead.

Real workload

In this section, we will use a real world grocery trace consisting of 9835 transactions.

There are 169 unique items in the dataset. The

Cache hit rate: ASTRA and ASTRA-TUNE use the association rules generated

with 10% minimum support and 5% minimum confidence for the first 1000 transactions

initially. The rest of the transaction is used for the experiment. It can be seen that

ASTRA-TUNE achieves a maximum hit rate improvement of 10% and 17% when com-

pared to ASTRA and POP respectively. Initially, because of tuning, ASTRA’s hit rate

improves (first black dashed line) and then it undergoes rule selection and rule gener-

ation when there is a steep dip in the hit rate. Afterwards, the rule selection occurs

periodically as explained earlier without a degradation to hit rate.

End-to-end latency and overhead: ASTRA-TUNE deliver 22.4% of the requests

under 33.3ms compared to 17.6% and 17.5% of ASTRAand POP respectively. Also,
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Figure 4.9: End-to-end latency CDF for synthetic workload.

Figure 4.10: Cache hit rate for real workload
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Figure 4.11: End-to-end latency CDF for real workload

ASTRA-TUNE completes 36% of the request under 50ms. As for the prefetch overhead,

ASTRA-TUNE has 7.8X (39791 MB) higher data fetching compared to ASTRA (5092

MB).

4.5 Related Work

Mobile augmented reality (MAR) applications [82] enhance user perception by integrat-

ing virtual objects into their view. These applications typically employ a distributed

architecture across mobile devices, edge servers, and the cloud [83–85]. Efficiently par-

titioning compute- and data-intensive operations across these tiers is crucial. While

MAR applications initially relied on local storage on mobile devices for rapid retrieval

and rendering of virtual objects [86], on-demand fetching from the cloud has become

prevalent with increasing application complexity [87–90]. However, this approach faces

challenges in delivering immersive experiences due to increasing object sizes and high

cloud latency.

Edge caching has emerged as a promising solution for AR applications [91, 92], re-

ducing latency and offering greater storage capacity compared to mobile devices. Ex-

isting research explores various edge caching strategies. Cachier [93] employs a latency-

minimizing model that balances load distribution between cloud and edge, considering
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network conditions and request locality. Agar [94] uses dynamic programming to iden-

tify popular data chunks for caching. CEDC-O [95] formulates edge data caching as an

optimization problem considering caching cost, migration cost, and quality-of-service

penalties. While CARS [96] and SEAR [97] utilize Device-to-Device (D2D) communi-

cation for sharing cached virtual objects, they lack prefetching mechanisms.

Several recent research efforts focus on leveraging the predictability of user movement

within both virtual and physical environments to enhance AR content delivery. By

anticipating where a user is likely to look or move next, prefetching strategies [66–68]

proactively retrieve relevant AR artifacts onto edge servers, thereby reducing interaction

latency. Methods utilizing predicted changes in the user’s viewport [69] or Field of View

(FoV) [70] or gaze [71] are approaches for guiding this prefetching process.

Other research efforts focus on caching content for different media types at the

edge. Works like [98–100] explore caching tiles of 360◦ videos to enable processing reuse.

Space [101] and Leap [102] investigate prefetching video segments for users at the edge.

EdgeBuffer [103] leverages user mobility patterns across access points to prefetch data

to anticipated locations.

Association rule mining (ARM) [104, 105] has established itself as a valuable tech-

nique for prefetching data in various domains, including e-commerce recommendation

systems, fraud detection, and social network analysis. For instance, Mithril [106] lever-

ages historical patterns of cache requests within cloud applications to derive item asso-

ciation rules using a variant of ARM called sporadic-ARM. Similarly, web prefetching,

which involves caching web objects in anticipation of user requests, is a well-researched

area [107]. However, the potential of ARM for prefetching in augmented reality (AR)

applications remains largely unexplored.

4.6 Conclusion

This chapter addressed the challenge of reducing latency in compute- and data-intensive

Mobile Augmented Reality (MAR) applications by optimizing edge caching. We pro-

posed ASTRA, a novel prefetching policy for edge AR caches that leverages object

associations (mined from user interactions), temporal relevance (via an association fac-

tor), and spatial proximity (user location relative to objects) to proactively fetch virtual
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objects from the cloud to the edge. Through extensive evaluation using both synthetic

and real-world workloads, we demonstrate that ASTRA significantly improves cache

hit rates compared to current prefetching algorithms, achieving cache hit rate gains of

up to 35% and reducing average end-to-end latency by up to 14% compared to base-

line prefetching algorithms. Furthermore, the proposed adaptive tuning algorithm for

association rule minimum support demonstrated its ability to handle dynamic work-

loads, further improving ASTRA’s cache hit rate by an additional 10%. These findings

highlight the potential of context-aware, application-specific prefetching to substantially

enhance user experience in demanding edge applications like MAR.

4.6.1 Chapter Takeawys

⇒ Context is Key for AR Prefetching : Generic or purely movement-based prefetch-

ing is insufficient for MAR. Leveraging application-specific context, such as object

associations derived from user interactions and spatial proximity, significantly im-

proves prediction accuracy and cache performance.

⇒ Balancing Recency and Frequency Matters: Incorporating temporal relevance (re-

cency) alongside association frequency (support/confidence) allows the prefetcher

to adapt more quickly to short-term trends in user behavior.

⇒ Proximity Enables Resource Efficiency : A lazy fetching strategy triggered by user

proximity prevents unnecessary cache pollution and bandwidth consumption by

only fetching associated objects when they are likely to enter the user’s immediate

field of view.

⇒ Adaptivity Handles Dynamic Workloads: Pre-computed or periodically updated

association rules can become stale. An adaptive tuning mechanism that adjusts

rule generation parameters (like minimum support) based on observed perfor-

mance is crucial for maintaining high hit rates under changing user behavior pat-

terns.



Chapter 5

Viveka: Adaptive sampling and

selection of Sensors in

Smartwatches for Human

Activity Recognition

5.1 Introduction

The proliferation of Internet of Things (IoT) from ubiquitous smart cities to precision

agriculture demonstrates how these multi-sensor systems are deeply embedded in our

daily life. They drive applications ranging from daily fitness tracking [108] and ani-

mal migration monitoring [109] to high stakes scenarios such as cargo crew wellness

assessment [110], military personnel health monitoring during active missions [111] and

predictive maintenance in industrial manufacturing facilities [112]. In all these domains,

the trend is towards increasing number of sensors, for instance in Body Sensor Networks

(BSNs) or Industrial IoT (IIoT) clusters, to capture high fidelity data.

The potential of these multi-sensor systems are impeded by the limited battery/

strict energy budgets, which has not kept pace with the growth of sensor capabilities

and processing demands. Figure 5.1 shows the battery life in days (1-14) for known

commercial smart wearables. Continuous high fidelity sensing is the worst case scenario

75
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Figure 5.1: Battery of commercial smart wearables.

for power consumption, leading to rapid battery depletion and frequent data gaps during

recharge cycles. These gaps could result in critical event misses relevant to the applica-

tion at hand. Furthermore, the deluge of data from always-on sensors overwhelms an

already limited on-device storage on the sensors systems.

To mitigate these constraints, existing research on energy optimization focus on

two isolated strategies: Sensor selection and Adaptive sampling. In Sensor selection, a

subset of sensors from a global set are identified to reduce active hardware components

[113–118]. As for Adaptive Sampling, the frequency of data collection per sensor is varied

to lower the computation and sensing load [119–123]. While both these approaches

are effective, combining them could reap the compounding benefits. Existing joint

optimization strategies typically rely on instance-wise reinforcement learning agents

[124], early-exit neural architectures [120] or static model pruning [125]. However, these

approaches often introduce significant operational penalties, including energy-inefficient

sensor thrashing (sensors toggling ON/OFF), unpredictable computational overhead or

an inability to adapt to instantaneous context changes.

In this paper, we propose Viveka, a context-aware framework that achieves high

energy savings by aggressively pruning data generation at the source. Operating on

the insight that the sensing requiements are dictated by the user’s context, Viveka uses

signal processing techniques to create a dynamic sensing signature for every unique

context. First, Viveka employs Permutation-based Feature Importance to identify the
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minimal sensor set required for each context. Second, it utilizes spectral energy analysis

to tailor the sampling fidelity to the biomechanical rigor of the movement, ensuring

high rates are only used when the context demands it. This results in a granular lookup

table that allows the device to dynamically adapt its hardware configuration to the

user’s context.

We validate Viveka using Human Activity Recognition (HAR) [126] on smart wear-

ables as a primary tested. HAR presents a challenging usecase due to the stochastic

nature of human motion and the size/power constraints of wearable hardware. How-

ever, the principles of Viveka is generalizable to any energy constrained, multi-sensor

IoT environment.

The main contributions of this paper are as follows:

• We formulate the joint optimization of sensor selection and sampling rates as an

NP-Hard energy minimization problem constrained by classification error.

• We propose Viveka, a framework that solves this by dynamically mapping hard-

ware configurations to the user’s semantic context, shifting from a one-size-fits-all

sensing policy to an adaptive regime.

• We introduce a two-stage heuristic that uses Permutation-based Feature Impor-

tance (PFI) to identify context-specific sensor sets and spectral energy analysis to

determine the lowest viable sampling rate per activity.

• We perform an extensive evaluation on two real-world datasets, demonstrating

that Viveka achieves 63-70% energy savings and 75-78% data reduction compared

to standard baselines, while maintaining classification accuracy within 3-5% of the

theoretical upper bound.

• We acknowledge that Viveka’s reliance on offline analysis assumes relatively stable

contexts, which may required periodic tuning in highly dynamic environments.

Currently we use a fallback mechanism to ensure robustness. To support further

exploration, we will release the artifacts upon acceptance.



78

5.2 Motivation

In this section, we explore various wearable applications that benefit from extended

battery life and the application-specific insights that can be leveraged to achieve it.

5.2.1 Motivating Applications

The need for extended battery life is essential to realize the full potential of wearable

technology. Consider the following applications where extended battery life is critical:

• Daily Fitness and Wellness Tracking: The consumer wellness market repre-

sents the most widespread use of wearable technology. Devices that track daily

fitness, sleep quality and stress levels rely on consistent, long-term use to provide

meaningful insights. The user experience is directly tied to the device’s conve-

nience and a primary point of friction is the need for frequent charging. A user

who must charge their watch every day may forget to put it back on, resulting in

incomplete data for activity goals and a total loss of sleep tracking for that night.

To become a seamless part of a user’s life, these devices must demand minimal

attention. Extended battery life is therefore a key feature that directly impacts

user retention and the overall effectiveness of the wellness platform [127].

• Continuous Chronic Disease Monitoring: In healthcare, wearables are trans-

forming the management of chronic conditions such as cardiovascular disease, dia-

betes and epilepsy. These devices enable continuous, real-time monitoring of vital

signs like heart rate, blood glucose levels and motion data, allowing for early de-

tection of adverse events and providing a rich dataset for personalized treatment

plans. For these applications to be effective, patient adherence is critical and data

continuity from the wearable is paramount. Frequent charging requirements cre-

ate a significant burden, especially for elderly patients and lead to gaps in data

where a critical event, like an arrhythmia or a seizure, could be missed. An ex-

tended battery life that allows a device to operate for weeks or months without

intervention makes the system more practical, less obtrusive, and more reliable

for safeguarding patient health [128].
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• Crew Readiness Monitoring in Critical Missions: Monitoring the opera-

tional readiness of personnel in austere environments, such as on oil rigs or during

military missions, is critical for safety and mission success. In these remote and

demanding settings, frequent charging is not just inconvenient but also introduces

a significant point of failure. A device with a depleted battery cannot provide vi-

tal alerts on fatigue or stress, directly compromising crew safety. To be effective,

these wearables must operate for extended periods with minimal user interven-

tion. This necessitates advanced, on-board energy management systems that can

balance data collection with power preservation to ensure reliability [110].

Across these applications, activity recognition is a common thread. In all three

cases, the primary goal is to capture and analyze activity patterns to extract meaningful

insights. However, the energy constraints of wearable devices make this goal challenging

to achieve. To address this challenge, researchers have proposed various techniques to

optimize energy consumption while maintaining the accuracy of the activity recognition

system, including the sensor selection and adaptive sampling rate methods discussed

previously.

5.2.2 Sensor energy-accuracy trade offs

The effectiveness of sensor selection arises from the significant variance in power con-

sumption across different sensors. Consider a typical set of commercial sensors used in

a smartwatch [129], with specifications taken from their datasheets: the BMI270 (ac-

celerometer and gyroscope), BMM350 (magnetometer) and BMP858 (pressure sensor).

As shown in Figure 5.2, the current consumption for these sensors operating at a com-

parable low-power sampling rate (near 50 Hz) varies dramatically. The gyroscope is the

most power-hungry, followed by the magnetometer, pressure sensor and accelerometer.

In this scenario, if the gyroscope’s data could be omitted for certain activities without a

significant loss in HAR accuracy, the current consumption for sensing could be reduced

by approximately 70%. This highlights the need to identify the optimal set of sensors

required for each activity to maximize energy savings.

To gain better insight into the relationship between activities and sensors, we con-

ducted an experiment where a Long Short-Term Memory (LSTM) model was trained on
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Figure 5.2: Current consumption of sensors at 50Hz

the WISDM [130] dataset. The WISDM dataset consists of data from smartphones and

smartwatches across multiple users for 18 activities. Since our focus is on wearables,

only the smartwatch data was used for training. The data consists of accelerometer and

gyroscope data sampled at 20 Hz. We then applied Permutation Feature Importance

(PFI) [131] to analyze the contribution of each sensor feature to each activity classifi-

cation. Figure 5.3 shows the accuracy drop when a feature is permuted, indicating the

relative importance of each sensor for each activity. The x-axis represents the sensor

features (accelerometer: acc x, acc y, acc z; gyroscope: gyro x, gyro y, gyro z) and the

y-axis represents the activities (A to S). The results show that the importance of each

sensor varies by activity. For example, activity A is dependent on both accelerometer

and gyroscope data, while activity D is mostly dependent on accelerometer data. This

insight can be utilized at runtime to decide which sensors to activate for a given activity,

thereby reducing energy consumption.

The sensor sampling rate also provides an opportunity for energy savings, as it can

often be reduced without a major impact on performance. To demonstrate this, we

extended our previous experiment using the same LSTM model trained on the 20 Hz

WISDM dataset. During testing, we downsampled the data to mimic 10 Hz sensing by

selecting every other data point. We then interpolated this data back to 20 Hz before

feeding it to the model. This resulted in the overall test accuracy dropping by only

3.66%, from 84.11% to 80.44%. Figure 5.4 shows the permutation-based accuracy drop

for the 10 Hz data. When compared to the original 20 Hz results, there is only a slight
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0.2326 0.2061 0.0515 0.3886 0.3803 0.7144
0.2121 0.0379 0.0242 -0.0053 0.3371 0.5424
0.1750 0.0962 0.1227 0.2356 0.2311 0.2735
0.1864 0.3057 0.2860 0.1125 0.0536 0.0611
0.1260 0.1562 0.2355 0.0317 0.0543 0.0702
0.0530 0.1265 0.0295 0.0152 0.0326 0.0023
0.1072 0.0823 0.0196 0.0770 0.0589 0.1230
0.1796 0.1140 0.2121 0.1992 0.2000 0.2279
0.0330 0.0073 0.0330 0.0542 -0.0132 -0.0059
0.1664 0.1140 0.2273 0.1923 0.1825 0.1420
0.3018 0.2911 0.1822 0.2377 0.0875 0.2071
0.1299 0.0834 0.0649 0.0930 0.0768 0.1151
0.2112 0.1291 0.0381 0.1306 0.0716 0.0896
0.0901 0.0960 0.0725 0.1165 0.0901 0.1890
0.0328 0.0246 0.0030 0.0918 0.1821 0.1604
0.0538 0.1371 0.1591 0.0545 0.0470 0.0311
0.0689 0.1409 0.1311 0.0053 0.0765 0.0470
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Figure 5.3: PFI for the WISDM dataset at 20Hz
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0.2720 0.2462 0.0780 0.4159 0.4068 0.6795
0.2879 0.0674 0.0432 0.0015 0.3591 0.5462
0.1348 0.0689 0.1205 0.2348 0.1833 0.2341
0.1925 0.3185 0.2891 0.0906 0.0551 0.0604
0.1306 0.1660 0.2189 0.0211 0.0415 0.0513
0.0652 0.1508 0.0598 0.0356 0.0538 0.0174
0.0581 0.0747 -0.0030 0.0823 0.0249 0.1487
0.1721 0.1185 0.1970 0.2008 0.2053 0.2355
0.0081 -0.0081 0.0447 0.0410 -0.0337 -0.0154
0.1378 0.0860 0.1825 0.1741 0.1476 0.1280
0.3025 0.3117 0.1957 0.2598 0.0954 0.2028
0.1151 0.0849 0.0598 0.0760 0.0841 0.0967
0.1978 0.1127 0.0328 0.1336 0.0634 0.0843
0.0696 0.0769 0.0491 0.0762 0.0623 0.1788
0.0604 0.0597 0.0254 0.1448 0.3493 0.2701
0.0780 0.1750 0.1780 0.0591 0.0758 0.0356
0.1462 0.2394 0.1561 0.0364 0.1242 0.0735
0.0403 0.0425 0.1030 -0.0022 -0.0000 0.0604 0.0
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Figure 5.4: PFI for the WISDM dataset at 10Hz
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Figure 5.5: System architecture

change in the accuracy drop for most activities, with the notable exception of gyro z for

activity A. In addition, it could be also see that the drop in accuracy slightly increases

in 10 Hz. This is due to the interpolation process resulting in smoother data. This

shows that even at a lower sampling rate, the model can still achieve high accuracy,

highlighting the potential of adaptive sampling to reduce energy consumption while

maintaining classification performance.

5.3 Preliminary Investigation: Validating Activity-Aware

Adaptation

Before developing the full Viveka framework, a preliminary investigation was conducted

to validate the core concepts of activity-aware adaptive sampling and sensor selection

using simpler heuristics. This initial study served as a crucial proof-of-concept, demon-

strating the potential for significant energy savings in HAR tasks on wearables.

5.3.1 Methodology

This preliminary system employed a wearable-hub architecture (Figure 5.5, Figure 5.6).

Key aspects included:

1. Activity-Triggered Adaptive Sampling: The wearable adjusted its sampling rate

from a predefined discrete set ([1, 2, 5, 10, 25, 50] Hz). The rate increased upon

detection of an activity change (inferred by an LSTM model on the hub) and de-

creased during periods of stable activity, aiming to capture transitions accurately

while saving power during steady states.
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Figure 5.6: Modules within smartwatch and hub

2. Offline Power-Based Sensor Selection: An offline analysis was performed using his-

torical data. Sensors were ranked by power consumption (Figure 5.7). A zeroing-

out method was used to iteratively remove the highest-power sensors, retraining

the HAR model and evaluating the impact on accuracy. Sensors whose removal

caused minimal accuracy degradation were identified for potential deactivation

during runtime.

Figure 5.7: Current consumption of sensors for a single user of MHEALTH dataset. BLE
followed by gyroscope consumes majority of the current during continuous sensing.
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(a) Inference accuracy for HARTH. Vari-
ance and Activity aware sampling achieve
similar accuracy as baseline frequency for
most users.

(b) Sensing energy consumption improve-
ment for HARTH. The number of samples
in Activity-Aware is much less than Vari-
ance, resulting in much low sensing energy
consumption.

Figure 5.8: HARTH results

3. Hub-Based Processing: Sensor data reconstruction (linear interpolation), feature

extraction, and HAR inference (LSTM) were performed on a nearby hub, with

feedback sent to the wearable via BLE. BLE was duty-cycled to conserve trans-

mission energy.

5.3.2 Key Findings

Evaluation using simulations on the HARTH and MHEALTH datasets yielded promising

results:

1. Adaptive Sampling Efficacy (HARTH): The activity-aware adaptive sampling strat-

egy achieved an average 18.6X reduction in sensing energy compared to continu-

ous 50Hz sampling, significantly outperforming a variance-based adaptive method

(7.3X). This substantial saving was achieved with minimal impact on HAR accu-

racy (Figure 5.8a, Figure 5.8b).

2. Sensor Selection Viability (MHEALTH): Removing high-power sensors (gyroscopes)

identified through the offline analysis resulted in an average 5.1X reduction in sens-

ing energy on the MHEALTH dataset, again with negligible loss in HAR accuracy

(Figure 5.9a, Figure 5.9b).
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(a) Inference accuracy for MHEALTH. Re-
moving the gyroscopes has little impact for
the inference result of MHEALTH

(b) Sensing energy consumption improve-
ment for MHEALTH. With the removal
of gyroscopes, the energy consumption im-
proved in the range 3.9-7.2X compared to
baseline frequency.

Figure 5.9: HARTH results

3. Combined Energy Savings: When combining adaptive sampling, sensor selection

(gyroscope removal), and BLE duty-cycling, the system demonstrated an overall

average energy saving of 4.1X compared to a baseline of continuous 50Hz sampling

with always-on BLE (Figure 5.10).

5.3.3 Implications

This preliminary study successfully demonstrated that leveraging activity context for

both sampling rate adaptation and sensor selection offers significant potential for extend-

ing wearable battery life. The 4X overall energy saving, achieved without substantial

accuracy loss, validated the core hypothesis and motivated further research into more

sophisticated, dynamic, and integrated co-optimization strategies. However, this initial

approach also highlighted key limitations, namely:

1. Hub Dependency and Communication Overhead: The adaptive sampling mecha-

nism relies entirely on activity inference performed on an external hub. This ne-

cessitates continuous BLE data transmission and feedback, consuming significant

energy and proving unreliable in scenarios with intermittent connectivity. A truly

autonomous and robust wearable system requires more on-device intelligence.
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Figure 5.10: Total improvement in energy consumption. The total enery improvement
when sensing and BLE is combined. We are able to achieve 3.1-6X improvement com-
pared to baseline frequency.

2. Static, Offline Sensor Selection: The sensor selection process is performed offline

based on historical data and power profiling. This results in a static configura-

tion that cannot adapt to dynamic changes in context or sensor relevance during

runtime. The optimal sensor subset for an activity might change based on envi-

ronmental factors or even the current sampling rate, which this offline approach

cannot capture.

3. Lack of Integrated Co-Optimization: The preliminary work addressed adaptive

sampling and sensor selection largely as separate problems. However, these two

aspects are deeply interdependent; the optimal sampling rate might change de-

pending on which sensors are active, and the most informative sensors might

differ at various sampling rates. Treating them independently leads to suboptimal

energy-accuracy trade-offs.

4. Reliance on Simple Heuristics: The adaptive sampling trigger (activity change

detection) and sensor removal method (power-based zeroing-out) are relatively

simple heuristics. While effective as a proof-of-concept, they may not fully capture

the complex relationship between sensor data, sampling rates, specific activities,

and the resulting inference accuracy.
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These limitations highlight the need for a more sophisticated, integrated, and on-

device strategy. To achieve truly optimal energy efficiency while maintaining high ac-

curacy, the system must dynamically co-optimize both the active sensor set and their

individual sampling rates in real-time, based on a deeper understanding of the specific

informational requirements of the inferred user activity. This motivates the develop-

ment of the Viveka framework, which employs advanced techniques for context-aware

co-optimization directly on the wearable device.

5.4 System Model

In this section, we describe the system model for our work. Based on this model, we

formulate the sensor and sampling rate selection as an energy minimization problem.

5.4.1 System Components

The system we consider consists of multiple sensors that reside on a single edge device,

such as a smartwatch, ring, or band. Alternatively, the system could be a body sensor

network (BSN) where sensors connect to a central gateway device. The edge device is

constrained by limited battery capacity, processing power (CPU/GPU), and storage.

It is powered by a battery of limited capacity, necessitating periodic recharging. Data

collected from the sensors is processed and stored on the device for a period before

being transmitted to a nearby edge server (e.g., a smartphone, tablet, or hub) via low-

energy communication protocols such as Bluetooth Low Energy (BLE). Upon receiving

the data, the edge server reconstructs the original signal using techniques like linear

interpolation. This reconstructed data is then fed to a model for activity recognition

and the results are utilized by upstream applications. Figure 5.11 shows a high-level

overview of the system.

5.4.2 Problem Formulation

We will now formulate the sensor selection and adaptive sampling as an optimization

problem based on the system model.

Consider the following parameters for the formulation:

• S: The set of available sensors.
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Figure 5.11: System Model

• Rs: The discrete set of sampling rates for sensor s ∈ S, indexed by j. To account

for sensor selection, we explicitly include the zero rate (sensor OFF). Thus, Rs =

{rs,0, rs,1, . . . , rs,|Rs|−1}, where rs,0 = 0 represents the inactive state and rs,j > 0

for j > 0 represents active sampling rates.

• E(s, r): The power consumption of sensor s operating at sampling rate r. We

assume E(s, 0) = 0.

• X : The set of all feasible configurations. A configuration vector x ∈ X represents

the sampling rate selection for all sensors, denoted as x = [x1, x2, · · · , x|S|], where
xs ∈ Rs is the rate chosen for sensor s. The size of this search space is given by

|X | =
∏

s∈S |Rs|. If all sensors have N rates, this simplifies to N |S|, indicating

exponential growth with respect to the number of sensors.

• C(x): The expected classification error of the inference model when data is col-

lected using configuration x.

• Cthreshold: The maximum tolerable classification error for the application to re-

main viable.
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Energy and Decision Variables

The total energy consumption for a configuration x is the sum of the energy costs of

the selected rates for each sensor:

Etotal(x) =
∑
s∈S

E(s, xs) (5.1)

To formulate the optimization problem as an Integer Linear Program (ILP), we

introduce binary decision variables δs,j to represent the selection of specific rates:

δs,j =

1 if sensor s is assigned sampling rate rs,j

0 otherwise
(5.2)

These binary variables map to the configuration x such that xs =
∑

j rs,j · δs,j .
Consequently, the energy function can be rewritten in terms of δ:

Etotal(x) =
∑
s∈S

∑
j

E(s, rs,j) · δs,j (5.3)

Optimization Problem (APSSE)

We will call the optimization as Accuracy Preserving Selection and Sampling for Energy

efficiency (APSSE) problem.

Minimize:
∑
s∈S

∑
j

E(s, rs,j) · δs,j (5.4)

Subject to: C(x) ≤ Cthreshold (5.5)∑
j

δs,j = 1, ∀s ∈ S (5.6)

δs,j ∈ {0, 1}, ∀s ∈ S, ∀j (5.7)

The summations over j iterate through all valid rate indices {0, . . . , |Rs| − 1} for sensor
s. The constraint in (5.5) depends on the configuration x, which is determined by the

decision variable δ as described above. Constraint (5.5) ensures the solution meets the
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Figure 5.12: Viveka framework

accuracy requirement. Constraint (5.6) enforces that every sensor must be in exactly

one state (which includes the state of being OFF/0Hz).

In Appendix A, we prove APSSE is NP-Hard. The computational complexity of the

APSSE is exponential, O(N |S|), where N is the number of discrete sampling rates per

sensor. For a system with large number of sensors, an exact solver will require a long

time to converge, rendering it completely unsuitable for online, per-activity adaptation,

thereby necessitating the heuristic approach proposed in the next section.

5.5 Viveka

In this section, we propose Viveka, a novel, context-aware framework that selects sensors

and corresponding sampling rates based on the context to reduce the energy consump-

tion associated with sensing. Since the APSSE joint optimization is NP-Hard, Viveka

employs a two stage heuristic: first, it determines the minimal set of sensors required

per activity. Second, it identifies the sample rate required per sensor in the minimal set

while ensuring minimal impact on overall task accuracy.

Figure 5.12 showcases the Viveka framework and its main modules. Our primary

contributions lie within the Sensor Selection and Adaptive Sampling modules.
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5.5.1 Sensor Selection

The strategy (Algorithm 5) employs an offline analysis to determine the most impor-

tant sensor set for each distinct activity using Permutation-based Feature Importance

(PFI). In our system, we have two pre-trained models: A light-weight model is used

for real-time activity inference on the wearable device, while the model on edge server

is used for more complex processing. The goal of the light-weight model is to provide

an understanding of the current context and we do not expect perfect accuracy. For

example, it may report someone is doing an activity similar to running or jogging. To

ensure a comprehensive selection, PFI is calculated independently for the two models.

Algorithm 5 Offline Generation of the Sensor Selection Map (ΠS)

1: Input: Training data D, models Mwearable & Medge, activities A, sensors S, PFI
threshold θPFI

2: Output: Policy map ΠS mapping each activity to its optimal sensor set.

3: ▷ Initialize the policy map

4: ΠS ← new empty Map()

5: for each activity A ∈ A do

6: ▷ Filter data for the current activity

7: DA ← {d ∈ D | label(d) = A}
8: ▷ Identify important sensors from both models using PFI

9: Sw ← {s ∈ S | PFI(Mwearable, DA, s) ≥ θPFI}
10: Se ← {s ∈ S | PFI(Medge, DA, s) ≥ θPFI}
11: ▷ Store the union of important sensors

12: ΠS [A]← Sw ∪ Se

13: return ΠS

In PFI, the features corresponding to a sensor are permuted and fed to the model

to measure the impact on accuracy. A significant drop in model accuracy indicates that

the sensor’s features are highly important. For each activity, we identify the sensors

that are important for both models to ensure that no critical information is lost when

the data is processed on the edge server. The selection of these sensors is based on a
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PFI threshold (θPFI). The final set of essential sensors for a given activity is the union

of the important sensors identified from both models, creating a policy (ΠS) that is

effective across the entire system.

5.5.2 Per sensor Sampling rate Selection

Following the identification of essential sensors (ΠS) for each activity, the strategy

determines the optimal sampling rate for each of these sensors individually (Algorithm

6). This is accomplished by applying the Nyquist-Shannon sampling theorem in an

energy-aware context.

Algorithm 6 Offline Generation of the Optimal Sampling Rate Map (ΠR)

1: Input: Training data D, Sensor map ΠS , Activities A, FFT energy threshold θFFT

2: Output: Optimal sampling rate map ΠR.

3: ▷ Initialize the rate policy map

4: ΠR ← new empty Map()

5: for each activity A ∈ A do

6: ▷ Get important sensors for the activity

7: SA ← ΠS [A]

8: ▷ Initialize a map for the current activity’s rates

9: Rmap,A ← new empty Map()

10: for each sensor s ∈ SA do

11: ▷ Find max frequency and calculate Nyquist rate

12: fmax ← FFT(Signal(D, A, s, θFFT ))

13: Rmap,A[s]← 2× fmax

14: ΠR[A]← Rmap,A

15: return ΠR

For a specific activity, the signal data from each essential sensor is transformed

into the frequency domain using a Fast Fourier Transform (FFT). The analysis then

identifies the maximum frequency component needed to capture a predefined portion of

the signal’s total energy, as determined by an energy threshold (θFFT ). According to
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the Nyquist-Shannon theorem, the minimum sampling rate required to reconstruct the

signal without losing this information is twice this maximum frequency. The strategy

then selects the lowest available discrete sampling rate from a predefined list (e.g., [1,

2, 5, 10, 25, 50] Hz) that meets or exceeds this calculated minimum (Rmap,A[s]). This

per-sensor optimization results in an efficient policy (ΠR) where, for the same activity,

a high-frequency sensor like an accelerometer may be sampled at 50 Hz while a slower-

changing sensor like a magnetometer is sampled at only 10 Hz, significantly reducing

overall data volume and energy consumption. The tuning of the FFT energy threshold

(θFFT ) allows for a trade-off between data quality and energy consumption.

5.5.3 Real time application of Sensor Selection and Sampling

During real-time operation, the system combines knowledge from its offline analysis with

live data to make dynamic sensing decisions (Algorithm 7). The wearable model period-

ically infers the user’s current activity (Apred) based on a window of sensor data. This

inference frequency is governed by the Decision Interval (Tinterval), a tunable parameter

balancing responsiveness and computation. An activity is confirmed if its prediction

confidence exceeds a strict confidence threshold (θconf ).

The system maintains a short-term history (H) of these predictions to assess the

stability of the current activity. If the last few predictions are consistent, the system

assumes a stable activity and enforces the specific pre-computed policy (ΠS ,ΠR) for that

activity. If the system is unstable and multiple activities are detected at the moment,

then we use a fallback confidence threshold (βconf ) to select a subset of activities and

the policies corresponding to those activities are enforced.

Finally, if the system in unstable and no activity predictions are above βconf , the

system enters a high-fidelity safe mode (Csafe). In this mode, it activates a default set

of sensors at an average sample rate to ensure the new activity is accurately identi-

fied. This default set is determined beforehand by applying PFI to the entire training

dataset. Conversely, once predictions stabilize for a predefined duration, the system

consults the pre-computed policy map. It then retrieves and applies the specific set of

essential sensors (ΠS) and their optimized sampling rates (ΠR) corresponding to the

stable activity. This policy remains active until the next transition is detected. This

dual-mode approach ensures maximum data quality during periods of uncertainty and
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maximum energy efficiency during periods of stability.

Algorithm 7 Real-Time Adaptive Sensing

1: Input: Policies ΠS , ΠR; Thresholds θconf , βconf ; Safe Config Csafe; Wearable model

Mw

2: ▷ Initialization

3: H ← new Queue() ▷ History buffer

4: Ccurrent ← Csafe

5: while true do

6: ▷ Wait for next Decision Interval

7: Wait(Tinterval)

8: Dwindow ← CollectData(Ccurrent)

9: probs←Mw.Predict(Dwindow)

10: Atop ← argmax(probs)

11: ▷ Update History

12: H.Enqueue(Atop)

13: if IsStable(H) and probs[Atop] ≥ θconf then

14: ▷ Stable State: Apply specific optimal policy

15: Ccurrent ← Config(ΠS [Atop],ΠR[Atop])

16: else

17: ▷ Unstable: Check for Fallback Candidates

18: Candidates← {c ∈ A | probs[c] ≥ βconf}
19: if Candidates ̸= ∅ then
20: ▷ Fallback State: Union of likely policies

21: Sunion ←
⋃

c∈CandidatesΠS [c]

22: Runion ← AverageRateMap(Candidates,ΠR)

23: Ccurrent ← Config(Sunion, Runion)

24: else

25: ▷ Unknown State: Revert to Safe Mode

26: Ccurrent ← Csafe

27: Apply(Ccurrent)
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5.5.4 Server-Side Inference

Data collected by the wearable according to the dynamically adapted policy is period-

ically transferred to an edge server for final, high-accuracy activity inference using the

more powerful edge model (Figure 5.12). This data transmission, orchestrated via Blue-

tooth Low Energy (BLE), can be triggered at regular intervals or when the on-device

memory buffer approaches its capacity. The energy-efficient sensing strategies offer a

dual benefit: in addition to reducing sensor power consumption, they also decrease the

data payload that must be transmitted, which in turn lowers the total energy cost of

communication. Upon receiving the sparsely-sampled data, the edge server first per-

forms a reconstruction step, upsampling the signal from each sensor back to the original

base sampling rate via signal interpolation. This reconstructed data is then fed into the

edge model for final activity classification.

5.6 Evaluation

5.6.1 Experiment Setup

This section details the methodology used to evaluate Viveka. The experiments are

designed to answer the following questions:

• How significant are the energy savings achieved by our method compared to state-

of-the-art approaches?

• What is the trade-off between the achieved energy savings and the resulting HAR

performance?

Implementation Details: The simulation framework is developed in Python. We uti-

lized the scikit-learn library for data preprocessing and employed TensorFlow and Ten-

sorFlow Lite (TFLite) to train and optimize models for on-device inference on resource-

constrained hardware. All models were trained on a desktop system running Ubuntu

24.04.3 LTS, equipped with a 13th Gen Intel Core i7-13700HX processor, 16 GB of

RAM, and an NVIDIA GeForce RTX 4060 GPU.

Dataset : Our evaluation uses two real world datasets (Table 5.1):



96

• MHEALTH [132, 133]: It comprises recordings from 10 volunteers performing 12

physical activities and features data from inertial sensors (accelerometer, gyro-

scope, magnetometer) placed on the subject’s chest, right wrist and left ankle.

A two-lead ECG sensor was also placed on the chest. The dataset contains data

from eight sensors in total, all of which were sampled at 50 Hz.

• PAMAP2 [134]: It consists of recordings from 9 volunteers performing 18 activities

wearing sensors on hand, chest and ankle (accelerometer, gyroscope, magnetome-

ter) and a heat rate monitor. There are 13 sensor features in the dataset sampled

at 100Hz.

Table 5.1: Multi-model sensor datasets

Dataset Users Sensor Placement Sensors (Axes) Rate

MHEALTH 10 Chest, R. Wrist, L. Ankle Acc, Gyro, Mag, ECG (8) 50 Hz
PAMAP2 9 Hand, Chest, Ankle Acc, Gyro, Mag, HR (13) 100 Hz

HAR Models and Training Protocol : We employed the TinierHAR model [135] for

our experiments. For all datasets, sensor data was segmented using a 4-second sliding

window with a 50% overlap. The dataset was partitioned into training (80%) and

testing (20%) sets using a temporal split to ensure the model’s ability to generalize to

new, unseen data. The model on the smart wearable is a lightweight version of the more

complex TinierHAR model executed on the edge server. On the wearable, inference is

performed periodically based on a decision interval and the impact of this execution

frequency on performance and energy is systematically evaluated in our results.

5.6.2 Baseline

To rigorously evaluate our proposed method, Viveka, we compare it against multiple

baselines that span a wide spectrum of approaches. These baselines are systematically

designed to represent the state-of-the-art and to isolate the individual contributions of

our system’s core components: sensor selection (global vs. activity-aware) and sampling

rate adaptation (static vs. dynamic).

1. Oracle: The Oracle is assumed to have perfect, a priori knowledge of the user’s

true activity at all times. For any given activity, it activates only the optimal,
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predetermined set of sensors and operates them at the minimum sampling rate

required, as determined by the Nyquist-Shannon theorem. This baseline is not a

practical competitor but serves to contextualize performance by establishing the

best achievable result.

2. All Sensors On (AllSensorsOn): This baseline represents a standard, non-

adaptive approach. All available sensors are continuously active, operating at the

maximum static sampling frequency. It serves as an upper bound for data sensing

and energy consumption.

3. Variance-based Sampling (VS): In this baseline, all sensors remain active, but

their sampling rates are adapted based on signal variance similar to [121]. The

rate is increased during periods of high variance (indicating activity changes) and

decreased during periods of low variance.

4. Global Sensor Selection (GS): Only the globally most important subset of

sensors, identified by PFI, is activated. This fixed set of sensors operates at the

maximum static sampling rate throughout the evaluation which mimics [113,115].

5. Global Sensor Selection with Variance-based Sampling (GS-VS): This

baseline combines global selection with variance-based sampling. The globally

important sensor subset is always active, but its sampling rates are dynamically

adjusted based on signal variance [113,136].

6. Activity-based Sensor Selection (AS): Based on the inferred activity, a spe-

cific subset of sensors is activated. All sensors in this active set operate at a fixed,

maximum sampling rate. It is a modified version of [124] with fixed sampling

rates.

7. Activity-based Sampling Rate (AR): In this approach, all sensors are active.

Upon inferring an activity change, the sampling rates for all sensors are increased

uniformly. When the activity stabilizes, the rates are gradually decreased [136].

8. Activity-aware Sensor Selection with Variance-based Sampling (AS-

VS): This approach activates an activity-specific set of sensors and then further
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optimizes power by adapting their sampling rates uniformly based on real-time

signal variance. It is a modified version of [124] with sampling rate variation.

9. Viveka: Our proposed approach, where sensors are selected based on the in-

ferred activity and their sampling rates are individually adjusted according to the

spectral energy analysis.

Table 5.2: Sensors for experiment

Sensor type Commercial sen-
sor

AccelerometerBMI160 [137]
Gyroscope LSM6DSO [138]
MagnetometerBMM350 [139]
ECG MAX30003 [140]
Temperature NST112 [141]
BLE nRF52840 [142]

5.6.3 Evaluation Metrics

We analyze the performance of the proposed method against the baselines using metrics

for classification (F1-score), data overhead (data reduction, normalized data collection)

and energy consumption (energy savings, normalized energy consumption).

• Classification Performance: The primary metric for HAR performance is the

F1-score, which is the harmonic mean of precision and recall. Precision measures

the accuracy of positive predictions, while recall measures the ability to capture all

actual positive instances. We chose the F1-score due to its robustness in handling

the class imbalances often present in real-world activity datasets. It is calculated

as:

F1-score = 2× Precision× Recall

Precision + Recall
(5.8)

We compare the F1-score of our method with the baselines to quantify any impact

on classification accuracy resulting from our data reduction techniques.
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• Data Reduction: We quantify data reduction by comparing the total volume of

data collected by our approach to that of the All Sensors On baseline. The result

is then presented as a normalized value relative to the baseline.

• Energy Consumption: We use an energy model that provides a holistic estimate

of power consumption by aggregating three key components: sensing, computa-

tion, and communication. The total energy, Etotal, is defined as:

Etotal = Esense + Ecompute + Ecomm (5.9)

Each component is modeled as follows:

– Sensing Energy (Esense): This component is calculated using power con-

sumption values from the datasheets of commercially available sensors, as

detailed in Table 5.2. Our model accounts not only for the energy con-

sumed during active sampling but also for the transactional energy costs of

state transitions (i.e., enabling/disabling sensors and changing their sampling

rates).

– Computation Energy (Ecompute): The energy cost of a single HAR model

inference is measured empirically. We executed the model for 10,000 consec-

utive iterations on our target smartwatch (TicWatch Pro 5) and measured

the average energy draw using the Android Power Profiler. The energy con-

sumptions are ≈ 15.2 mJ and ≈ 47.2 mJ per inference for MHEALTH and

PAMAP2 respectively.

– Communication Energy (Ecomm): The energy required for data trans-

mission is modeled based on specifications from the datasheet for the Nordic

Semiconductor nRF52 series Bluetooth Low Energy (BLE) chipset, a com-

mon component in modern wearables.

5.6.4 Overall Impact of Viveka

In this evaluation, we compare the proposed Viveka framework against the state-of-

the-art sensor selection strategies (Figure 5.13). The results shown in Figure 5.13

corresponding to the best parameter values { PFI threshold, FFT Energy threshold,
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Decision interval, Prediction confidence threshold, Fallback confidence threshold} for

Viveka: MHEALTH {0.005, 0.80, 2s, 0.80, 0.25} and PAMAP2 {0.01, 0.99, 4s, 0.80,
0.25}.

For MHEALTH, Viveka attains an F1-score of 0.86, which is equivalent to the high-

accuracy static baselines, while simultaneously reducing energy consumption by 70.2%

and data generation by 77.8%. In PAMAP2, despite the dataset’s complexity, Viveka

achieves an F1-score of 0.65 while achieving 63.5% energy savings and 75.0% data re-

duction.

Figure 5.13: Overall performance comparison of Viveka against SOTA approaches on
MHEALTH (top) and PAMAP2 (bottom). The left column reports F1-Score, while
the right column displays normalized energy and data consumption (Lower is better).
Viveka achieves the most favorable trade-off, delivering accuracy comparable to static
methods with significantly lower resource costs (< 40% of baseline).

While AS performs well on accuracy (F1=0.86 for MHEALTH), it is inefficient. For

PAMAP2, AS consumes 90% of the baseline energy, whereas Viveka achieves comparable

accuracy (F1=0.65 vs. 0.66) using only 36% of the energy. Naive dynamic strategies

often sacrifice accuracy for savings. In PAMAP2, GS-VS drops to an F1-score of 0.61.
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Viveka outperforms it in both accuracy (+4% F1) and efficiency (12% lower energy

consumption), demonstrating smarter sensor selection.

Takeaway: The Viveka framework successfully decouples sensing cost from classifi-

cation accuracy. Unlike static strategies that over provision resources (wasting energy)

or naive dynamic strategies that under provision (hurting accuracy), Viveka dynami-

cally identifies the minimal sufficient sensor set. This results in a system that matches

the fidelity of energy hungry static baselines while exceeding the efficiency of aggressive

dynamic approaches.

5.6.5 Parameter Sensitivity Analysis

To evaluate the robustness of Viveka, we performed a sensitivity analysis for each hyper-

parameter. The resulting impact on system performance is measured as the deviation

between the best and worst observed outcomes and is illustrated in Figure 5.14.

Figure 5.14: Parameter sensitivity analysis. The results highlight PFI theshold and FFT
Energy Threshold as the dominant parameters. Theother parameters are dependent
onthe stability of activities in the dataset.

Architectural Parameters: ThePFI Threshold (θPFI) and FFT Energy Thresh-

old (θFFT ) consistently exhibit the widest performance variance across both datasets.
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These parameters function as the system’s architectural constraints as they define the

active set of sensors and their sampling rate. The misconfiguration of these parameters

could lead to the most significant penalties. For instance, setting θPFI too aggressively

removes critical sensors (like the gyroscope in dynamic activities), causing an immediate

collapse in F1-score. Conversely, setting it too loosely negates energy savings by keeping

redundant sensors active.

Runtime Parameters: The runtime parameters Decision Interval (Tinterval), Pre-

diction Confidence (θconf), and Fallback Threshold (βconf), govern the system’s

dynamic behavior. Their sensitivity is inversely related to domain stability.

Based on the sensitivity analysis, we propose a hierarchical tuning strategy for de-

ploying Viveka. This approach moves from defining hardware feasibility to optimizing

runtime behavior. First, we establish the minimal hardware baseline by calibrating PFI

Threshold (θPFI) and FFT Energy Threshold (θFFT ) to determine the minimal set

of sensors and their minimum sampling rate required. Second, we tune the Decision

Interval (Tinterval) and Prediction Confidence (θconf ) to determine the optimal trade-

off between energy savings and accuracy. Finally, we calibrate the Fallback Threshold

(βconf ) to ensure the system is robust to misclassifications.

5.6.6 PFI Threshold Tuning

The Permutation Feature Importance (PFI) threshold (θPFI) acts as the primary gate-

keeper for sensor selection. In this experiment, we compare the impact of PFI threshold

tuning across the two datasets. The parameter values {FFT Energy threshold, Decision

interval, Prediction confidence threshold, Fallback confidence threshold} for Viveka:

MHEALTH {0.80, 2s, 0.80, 0.25} and PAMAP2 {0.99, 4s, 0.80, 0.25}.
Figure 5.15 show a clear inverse relationship: as the threshold increases, the sys-

tem selects fewer sensors, increasing energy savings but risking accuracy loss. For

MHEALTH, the accuracy remains stable (F1 ≈ 0.86) even with aggressive pruning

of threshold up to 0.01. As for PAMAP2, the accuracy degrades sharply beyond a

very conservative threshold (> 0.005), indicating that even weak features are critical

for distinguishing complex activities.
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Figure 5.15: Impact of the Permutation Feature Importance (PFI) threshold. Increas-
ing the threshold aggressively prunes sensors, improving efficiency (lower energy/data)
but degrading accuracy. For MHEALTH, 0.01 offers the optimal trade-off, whereas
PAMAP2 requires a threshold of 0.005 to maintain classification fidelity.

Takeaway:The PFI threshold effectively maps to the rigor of the sensor signals

within the dataset. A low-rigor system (e.g., MHEALTH) requires a significantly lower

number of sensors per activity to distinguish patterns, allowing for a higher threshold

and more aggressive energy savings. Conversely, a high-rigor system (e.g., PAMAP2)

relies on intricate inter-sensor correlations, necessitating a lower threshold to retain a

higher density of sensors for accurate classification.

5.6.7 FFT Energy Threshold Tuning

This parameter controls how much spectral information is preserved during feature

extraction. In this experiment, we compare the impact of FFT energy threshold (θFFT )

tuning across the two datasets. The parameter values {PFI Threshold, Decision interval,

Prediction confidence threshold, Fallback confidence threshold} for Viveka: MHEALTH

{0.01, 2s, 0.80, 0.25} and PAMAP2 {0.005, 4s, 0.80, 0.25}.
In MHEALTH, the F1-score is virtually flat across all thresholds, suggesting the ac-

tivities (e.g., walking, jogging) are distinct enough in the time domain that even partial

spectral energy (80%) is sufficient for classification. As for PAMAP2, the accuracy im-

proves with the threshold, peaking at 0.99. This indicates that high-intensity, complex
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activities require high-fidelity frequency data to be distinguished from noise.

Figure 5.16: Impact of FFT energy threshold. MHEALTH shows stable performance
across all thresholds, indicating distinct spectral features. In contrast, PAMAP2 ben-
efits from a higher threshold of 0.99, as retaining more spectral energy is necessary
to accurately classify its complex, high-intensity activities without significant energy
penalty.

Takeaway:Retaining high spectral energy (99%) is important for complex datasets

like PAMAP2. However, for stable activity datasets such MHEALTH, the spectral enery

retained could be lower, with minimal impact on classication accuracy.

5.6.8 Impact of Decision Interval

This parameter dictates how often the system wakes up to evaluate the current activity.

In this experiment, we compare the impact of inference decision interval (Tinterval)

tuning across the two datasets. The parameter values {PFI Threshold, FFT Energy

threshold, Prediction confidence threshold, Fallback confidence threshold} for Viveka:

MHEALTH {0.01, 0.80, 0.80, 0.25} and PAMAP2 {0.005, 0.99, 0.80, 0.25}.
Increasing the interval from 2s to 16s reduces the number of inferences, lowering the

computational load on the wearable. For MHEALTH, it favors faster reactions (2s),

while PAMAP2 actually benefits from the smoothing effect of a slightly longer window

(4s), filtering out subtle movements that might confuse the classifier.
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Figure 5.17: Impact of Decision interval. Shorter intervals (2s) maximize responsiveness
for MHEALTH, while PAMAP2 achieves peak accuracy at 4s. While longer intervals
(8s, 16s) degrade F1-score slightly due to delayed reaction times, they offer reductions
in computational load and sensor usage.

Takeaway: Minimizing the decision interval is critical for energy efficiency. A

shorter interval (e.g., 2s− 4s) ensures the sensor configuration adapts to user behavior

quickly. The extension of the interval could result in a high-power state (due to delayed

detection) exceeding the computational savings of running fewer inferences.

5.6.9 Confidence thresold tuning

This threshold (θconf ) determines when the system trusts its current lightweight sensor

set versus triggering a fallback. It is applicable to the predictions of the light weight

model running on the wearable. The parameters values {PFI Threshold, FFT Energy

threshold, Decision interval, Fallback confidence threshold} for Viveka in this experi-

ment for the datasets are: MHEALTH {0.01, 0.80, 2s, 0.25} and PAMAP2 {0.005, 0.99,
4s, 0.25}.

Increasing the threshold (0.6 → 0.8) improves F1-score by rejecting uncertain pre-

dictions. For threshold of 1.0, it forces the system to trigger fallback mechanisms too

frequently, hurting energy savings without providing a statistically significant gain in

accuracy compared to the threshold 0.8.
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Figure 5.18: Impact of Confidence threshold. Increasing the confidence requirement (up
to 0.8) generally improves F1-score by preventing the system from acting on uncertain
predictions. However, strict thresholds (1.0) reduce energy savings, as the system is
forced to trigger fallback mechanisms or activate more sensors more frequently.

Takeaway: Regardless of dataset complexity, a prediction confidence threshold of

0.80 provides the best tradeoff between accuracy and performance. It is sufficien to

filter out low-confidence errors (noise), yet lenient enough to prevent the system from

becoming overly conservative. Increasing the threshold (e.g., to 1.0) forces the system to

trigger energy expensive fallback mechanisms too frequently without much improvement

in accuracy.

5.6.10 Fallback threshold tuning

This parameter (βconf ) controls how selective the system is when it attempts to recover

from a low-confidence state using more sensors. The parameters values {PFI Threshold,
FFT Energy threshold, Decision interval, Confidence thresold} for Viveka in this ex-

periment for the datasets are: MHEALTH {0.01, 0.80, 2s, 0.80} and PAMAP2 {0.005,
0.99, 4s, 0.80}.

The graphs show that a lower threshold (≈ 0.15− 0.25) yields the highest accuracy.

For MHEALTH, given the model is detecting activities with high accuracy, there is

less fallbacks. Setting the threshold too high (> 0.35) causes a drop in F1-score for

PAMAP2. This implies that if the system rejects a fallback prediction, it often has no
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better alternative, leading to unclassified segments.

Figure 5.19: Impact of the Fallback Confidence Threshold. A lower threshold (e.g., 0.25)
allows the system to successfully classify activities using a subset of sensors during
fallback. Excessively high thresholds (> 0.35) results in a drop in F1-score due to
incorrect fallback predictions.

Takeaway: The recovery mechanism in Viveka falls towards lineancy over strict

efficiency. If the current sensor data points to multiple activities, then sensors corre-

sponding to those sensors are activated to identify the correct activity. A moderate

threshold of 0.25 ensures the system captures the activity for the two datasets.

5.6.11 Sensor Activations

In this analysis, we examine the granular sensor activations of the MHEALTH dataset,

configured with the optimal parameters identified in the previous sections. The sensor

activation map (Figure 5.20) provides a granular view of the Viveka framework’s runtime

behavior, confirming its ability to decouple sensing cost from continuous monitoring.

The transitions in the sensor heatmap (bottom) align perfectly with the activity

transitions in the ground truth ribbon (top). Even Transient periods (brief transitions

between activities) are captured with distinct sensor configurations. The system does

not merely classify steady states, it is highly responsive to state changes, correctly

identifying the start and end of specific movements without significant lag.
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The rows corresponding to Gyroscopes remain predominantly white (0 Hz) or light

green (1 Hz) across most activities. They are only activated (darker colors) during

specific complex tasks. This confirms that the most power-hungry sensors are often

redundant for recognizing common human activities. The system successfully prunes

them, relying instead on cheaper modalities (Accelerometers), thereby validating the

PFI feature selection strategy.

Figure 5.20: Sensor activations for MHEALTH. The top ribbon displays the ground
truth activity timeline, while the heatmap below illustrates the dynamic sensor selection
and sampling rate adaptation (0-50 Hz) triggered by the Viveka framework. It highlights
the system’s ability to selectively prune sensors and scale sampling rate according to
activity intensity.

There is a clear correlation between activity intensity and color saturation. High-

intensity activities (e.g., Jogging, Running) trigger dark navy blocks (50 Hz), while

low-intensity activities (e.g., Sitting, Standing) trigger light green/teal blocks (1-10

Hz). Viveka exhibits context-aware scalability. It dynamically scales the sampling rates

proportional to the activity rigor, ensuring no energy is wasted oversampling stationary

behavior.

The vertical slices of the heatmap show that for any given time step, only a fraction

of the available sensors are active (non-white). Very rarely is the entire column lit

up. Viveka achieves sparsity, proving that a full sensor suite is almost never required
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simultaneously. Each activity requires only a minimal subset of sensors.

Within continuous activity blocks, the color patterns remain consistent (solid blocks

of color rather than flickering noise). The strategy demonstrates stability. It avoids

sensor thrashing (rapidly toggling sensors On/Off), which is critical because the energy

overhead of powering up a sensor often outweighs the savings of turning it off for a split

second.

Takeaway: The visualization confirms that Viveka achieves efficiency through context-

aware semantic adaptation, replacing static sampling schedules with dynamic, stable and

minimalist sensing signatures tailored to the instantaneous activity rigor of the user.

5.6.12 Projected Impact on Real-World Hardware

To translate our experimental energy savings into user benefits, we model the impact

of Viveka on the battery life of two common wearable types: a Smartwatch and a

Smart Ring. We utilize power consumption breakdowns from recent component-level

studies [143,144] to estimate the theoretical lifespan extension.

Smartwatch: Marathon Scenario

Standard smartwatches are typically constrained by display power. However, during

long duration activity tracking (e.g., marathons), the display is inactive and the energy

profile shifts dramatically. According to [143], while the display dominates interactive

use, the CPU and sensor subsystem account for over 60% of the power drain during

background operations. We assume a baseline battery life of 18 hours (typical for flag-

ship smartwatches). In a Screen-Off/Tracking-On state, sensing and inference consume

≈ 70% of the total power budget. Viveka reduces this specific sensing load by 70.2%.

This reduction lowers the total system power consumption by ≈ 49%, theoretically

extending the single-charge tracking duration from 18 hours to 35.4 hours. This im-

plies that Viveka could enable high-fidelity smartwatches to track multi-day activities

without requiring a recharge.
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Smart Ring: Monitoring Scenario

Smart rings represent the ideal use case for Viveka, as they lack a power hungry display

and rely entirely on sensing efficiency. [144] analyze the current consumption of ring-

embedded optical sensors, demonstrating that the Analog Front End (AFE) and LED

drivers for PPG/IMU sensing constitute the dominant load (≈ 80%), far exceeding

the Bluetooth Low Energy (BLE) transmission cost when data is batched. Applying

Viveka’s context-aware pruning reduces the aggregate power draw significantly. For a

smart ring with a baseline 5 day battery life, Viveka projects an extension to ≈ 11.2

days. This doubling of lifespan addresses a critical usability pain point, potentially

allowing for nearly two weeks of operation on a tiny 15-20 mAh battery.

Table 5.3: Projected Battery Life Extension

Device Type Dominant Load Sensing Share Baseline Life Viveka Life

Smartwatch Sensors + CPU ∼70% 18 Hours 35 Hours
Smart Ring Optical/IMU AFE ∼80% 5 Days 11 Days

5.7 Related Work

Energy efficiency is a paramount concern in wearable Human Activity Recognition

(HAR), driving research into resource-aware methodologies. The literature has largely

pursued this goal through two primary avenues: sensor selection and adaptive sampling,

with the most advanced works combining the two.

Sensor Selection Strategies: Sensor selection methods aim to reduce power consump-

tion by activating only the most informative sensors. Static approaches pre-determine an

optimal sensor set using techniques like game theory [115], bio-inspired algorithms [116],

or cost optimization [113]. However, their fixed nature limits adaptability to dynamic

user states. Dynamic methods offer more flexibility by using Bayesian models to quan-

tify uncertainty (VFDS) [117] or employing specialized architectures that can internally

weigh sensor importance (DANA) [118]. The primary drawback of these advanced tech-

niques is that they often require complex, model-specific architectures, sacrificing the

modularity needed to work with general-purpose HAR models.
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Adaptive Sampling Techniques: Adaptive sampling techniques focus on reducing

data volume by modulating the sampling frequency. These can be context-aware [119],

using a lightweight model to infer the activity and adjust rates accordingly (FreqSense)

[120], or purely data-driven, reacting directly to signal properties like variance (LASA-

IoT) [121]. A key limitation is that they often apply a uniform sampling rate to all active

sensors, failing to account for the fact that different sensors have different information

content and power costs, leading to suboptimal energy savings.

Co-optimization of Selection and Sampling: Recognizing that these problems are

coupled, the most advanced research seeks to co-optimize both selection and sampling.

A prevalent paradigm is the hierarchical system, where a low-power configuration detects

a potential change, triggering a more resource-intensive mode for precise identification

[145]. While effective, these systems often act as a simple binary switch, lacking the

granularity to modulate individual sampling rates or select specific sensor subsets during

transitions. More sophisticated frameworks like CoSS [125] use reinforcement learning

to learn a joint policy. However, this approach is model-integrated, requiring specialized

training and resulting in a static configuration that cannot adapt to real-time dynamics

post-deployment.

5.8 Conclusion

The full potential of smart wearables hinges on extending their battery life, as frequent

recharging creates data gaps and user inconvenience. To address this, we presented

Viveka, a context-aware sensing framework designed to dramatically improve both en-

ergy and data efficiency. Viveka adapts to the user’s context by using permutation-based

feature importance to select the most relevant sensors and the spectral energy analysis

to determine their optimal sampling rates for the current activity. Our framework also

includes robust fallback mechanisms to ensure high accuracy is maintained, even when

on-device context detection is uncertain. Our extensive evaluation on the MHEALTH

and PAMAP2 datasets demonstrates that Viveka achieves the best tradeoff between

accuracy and energy efficiency compared to existing strategies. The framework achieves

63-70% energy savings and 75-78% data reduction compared to baseline systems, while

maintaining F1-scores within 3-5% of the theoretical Oracle. We also conducted a sen-

sitivity analysis across all the parameters used in the framework to identify the sweet
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spot and an order of tuning.

5.8.1 Chapter Takeaways

⇒ Co-optimization is Key : Treating sensor selection and adaptive sampling inde-

pendently leads to suboptimal results. Dynamically co-optimizing both based on

activity context maximizes energy and data efficiency in wearables.

⇒ Activity-Specific Sensing Policies are Effective: Different activities have distinct

sensor and sampling rate requirements. Using techniques like PFI to identify

activity-specific sensor needs and Nyquist-Shannon to determine minimum re-

quired sampling rates allows for significant resource savings.

⇒ Robustness Requires Fallbacks: Dynamic adaptation needs mechanisms (like Viveka’s

”safe mode”) to handle uncertainty during activity transitions or low-confidence

predictions, ensuring accuracy is maintained even while optimizing for energy.

⇒ Sensing Dominates Energy Consumption: For HAR on wearables, the energy con-

sumed by active sensors vastly outweighs computation and communication costs.

Effective energy-saving strategies must prioritize reducing sensor activity and data

rates. Viveka achieves substantial savings (up to 62%) by directly targeting this

dominant factor.
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Concluding and Future Work

6.1 Summary of Contributions

Data management at the network’s edge presents significant challenges related to re-

source constraints, heterogeneity, dynamic conditions and stringent application require-

ments. Effectively realizing the full potential of edge computing hinges on develop-

ing intelligent strategies to handle this data deluge efficiently. This thesis argued for

and demonstrated the efficacy of adopting application awareness as a core principle to

tackle these challenges. We developed and evaluated four distinct techniques across

the data lifecycle, targeting different application scenarios, to improve the performance,

efficiency, and responsiveness of edge systems.

The contributions provide a multi-faceted solution:

1 First, we addressed the need for persistent storage in volatile edge environments by

designing Cargo, the storage layer for the Armada framework (Chapter 2). Cargo

demonstrated the ability to provide reliable, low-latency data access through

compute-proximity based replica placement and seamless failover. It proved sig-

nificantly more effective than relying solely on cloud backups, especially when

leveraging volunteer resources.

2 Second, focusing on optimal data placement, we compared distance, latency, and

113
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spatial-awareness strategies (Chapter 3). Our findings revealed that while latency-

based selection is effective, the spatial heuristic offers superior scalability by ef-

ficiently pruning the search space, making it ideal for dense edge deployments

without sacrificing significant performance.

3 Third, for demanding applications like Mobile Augmented Reality, we developed

ASTRA, an application-aware prefetching framework (Chapter 4). By integrating

object associations, temporal relevance, and spatial proximity, ASTRA signifi-

cantly improved cache hit rates (up to 35%) and reduced end-to-end latency (up

to 14%) compared to baseline methods, with an adaptive tuning mechanism pro-

viding further gains.

4 Finally, optimizing at the data source, we proposed Viveka, an activity-aware co-

optimization framework for smart wearables (Chapter 5). Viveka demonstrated

dramatic energy savings (up to 62%) and data reduction (up to 74%) by dynam-

ically selecting relevant sensors using PFI and determining optimal, per-sensor

sampling rates via the Nyquist-Shannon theorem, all while maintaining high HAR

accuracy.

Collectively, these contributions illustrate that applying application awareness sys-

tematically, from optimizing sensor sampling on end-devices (Viveka), to intelligently

placing and prefetching data on edge servers (Data Placement Strategies, ASTRA),

within a robust framework supporting stateful applications (Armada/Cargo), yields sub-

stantial improvements in latency, resource efficiency, and overall system performance.

This work underscores that tailored, context-aware approaches are essential for unlock-

ing the capabilities of heterogeneous edge computing infrastructures.

While this thesis provides significant advancements, certain limitations frame the

scope of the work. The evaluations primarily relied on simulation and emulation, and

real-world deployments at scale would introduce further complexities. The frameworks

were tested with specific application types (AR, HAR, Face Recognition), and their

performance may vary for other workload characteristics. Assumptions regarding net-

work conditions and node behavior were made, and further investigation into highly

unpredictable or adversarial environments is warranted.
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6.2 Future Directions

Building upon the energy-saving techniques demonstrated in Viveka (Chapter 5), a

primary future direction is enhancing on-device intelligence while minimizing power

consumption. This involves developing lightweight, automated data management mod-

els using TinyML frameworks. Considering the stringent energy constraints of smart

wearables and IoT devices, research is needed to design and implement highly efficient

machine learning models capable of running directly on the device. Techniques like

model pruning, quantization and adaptive execution will be crucial for automating lo-

cal decisions regarding adaptive sensing, data filtering and potentially even computation

offloading strategies. This will further extend device operational lifetime and reduce re-

liance on continuous connectivity, critical for applications like long-term chronic disease

management and remote care.

A second major work extends the concepts of dynamic data placement and prefetch-

ing (Chapter 3, Chapter 4) towards a fully AI-Driven Autonomous Data Fabric. Current

edge systems remain largely reactive to user movement and network changes. The vision

is to create a proactive, self-organizing edge infrastructure that anticipates application

needs and environmental dynamics. This necessitates research into AI and ML tech-

niques for:

• Predictive Mobility and Hotspot Analysis: Developing models to predict user

movement patterns and anticipate future high-density ”hotspots” for specific ap-

plications.

• Proactive Data Management: Designing algorithms that use these predictions to

proactively migrate data replicas, prefetch content (extending ASTRA’s concepts),

and reconfigure placements before performance degradation occurs, ensuring guar-

anteed low-latency service.

• Autonomous Resilience: Creating mechanisms for the data fabric to self-heal and

re-route data access transparently in response to node failures or network par-

titions, enhancing reliability beyond simple replica switching. This autonomous
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fabric would provide the resilient, ultra-low-latency backbone required for next-

generation applications. These application include but not limited to truly collab-

orative AR/VR experiences across locations, real-time data sharing in autonomous

vehicle networks for enhanced safety and coordination and robust public safety or

disaster response systems where infrastructure may be compromised.

Finally, aligning with the growing need for sustainable computing, future work must

address the energy consumption and environmental impact of the edge infrastructure

itself. Given that a vast majority of data generation is shifting to the edge, it’s critical

to move beyond device-level efficiency towards system-level energy awareness. This

includes:

• Energy-Aware Scheduling: Developing novel schedulers for edge and cloud tasks

that explicitly consider dynamic energy costs, grid carbon intensity and the avail-

ability of renewable energy sources at edge locations.

• Optimizing Data Movement: Investigating data processing and transmission strate-

gies specifically designed to minimize the energy footprint across the distributed

edge-to-cloud continuum.

• Lifecycle Energy Analysis: Assessing the total energy cost, including embodied en-

ergy in hardware, for different edge deployment models. Success in this area can

lead to more cost-effective edge/cloud services and reduce the environmental im-

pact of large-scale IoT deployments in smart cities, agriculture and environmental

monitoring.
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[20] Ilija Hadžić, Yoshihisa Abe, and Hans Christian Woithe. Server placement and se-

lection for edge computing in the epc. IEEE Transactions on Services Computing,

12(5):671–684, 2018.

[21] Tero Lähderanta, Teemu Leppänen, Leena Ruha, Lauri Lovén, Erkki Harjula,

Mika Ylianttila, Jukka Riekki, and Mikko J Sillanpää. Edge computing server
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Appendix A

NP-Hardness Proof

Theorem 1. The APSSE problem formulated in equations (5.4)–(5.7) is NP-Hard.

Proof. We prove this by reduction from the Weighted Set Cover (WSC) problem,

which is known to be NP-Hard.

The Weighted Set Cover Problem: Given a universe of elements U = {u1, u2, . . . , um}
(elements to be covered) and a collection of subsets S = {S1, S2, . . . , Sn} where each

Si ⊆ U has an associated cost wi. The goal is to select a sub-collection of sets such that

their union covers all elements in U and the total cost is minimized.

Mapping to APSSE: We construct a special instance of the APSSE problem that

is isomorphic to the WSC instance:

1. Mapping Activities to Universe: Let the Universe U represent the set of activity

types required. The condition C(x) ≤ Cthreshold is equivalent to covering all

necessary activity types (i.e., achieving 100% required accuracy implies covering

all elements in U).

2. Mapping Sensors to Sets: Let each sensor s represent a set Si in the WSC problem.

3. Mapping Sampling Rates to Selection: Restrict each sensor s to have only two

rates: Rs = {rs,0, rs,1} where rs,0 = 0 and rs,1 = rhigh for simplicity.

• Choosing index j = 0 (OFF) corresponds to not selecting set Si. Cost = 0.

• Choosing index j = 1 (ON) corresponds to selecting set Si. Cost = E(s, rs,1) =

wi.
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4. Mapping Accuracy to Coverage: We define the error function C(x) such that

C(x) ≤ Cthreshold is satisfied if and only if the union of features provided by

the selected active sensors fully covers the universe U . If any element u ∈ U is

uncovered, the error remains above the threshold.

Conclusion: Finding the minimum energy configuration for APSSE in this instance

is equivalent to finding the minimum weight collection of sets that covers U . Since

Weighted Set Cover is NP-Hard and it can be reduced to a specific instance of APSSE,

the general APSSE problem is also NP-Hard.

Remark 1. The formulated APSSE problem addresses the selection of a static configu-

ration x. The problem of per-activity adaptive selection (finding a mapping from activ-

ities to configurations) is a generalization of this static case. Since the static problem

(where the mapping is constrained to be constant) is NP-Hard, the general per-activity

optimization problem is also NP-Hard.
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