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Abstract. The Internet of Things (IoT) generates continuous data streams
at the network edge, creating significant bandwidth and processing chal-
lenges for edge-cloud systems. Transmitting all telemetry to the cloud
increases network load, while pure edge processing may miss globally
significant events. This paper proposes EDASC (Event-Driven Adap-
tive Stream Control), an architecture that dynamically adapts stream
fidelity by reacting to significant events in real time. EDASC operates in
low-fidelity mode during routine conditions and escalates to high-fidelity
transmission when critical events are detected. This design preserves se-
mantic observability under bandwidth constraints and bounds escalation
delay by the sampling period, ensuring predictable reaction time with-
out continuous high-rate transmission. Experimental results show that
EDASC reduces network usage by approximately 30% compared with
static high-fidelity streaming while maintaining timely escalation under
critical conditions.
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1 Introduction

The rapid expansion of the Internet of Things (IoT) has led to billions of con-
nected devices continuously generating data streams [10]. Recent estimates indi-
cate that the number of IoT devices worldwide is poised to be over three times
the global population by 2023, resulting in massive volumes of streaming data
in need of processing [4].

This explosion of data presents new challenges for computing infrastructures.
On one hand, cloud data centers offer substantial computational power for pro-
cessing streams, but relying solely on distant clouds can introduce high latency
and network congestion [17]. In fact, transmitting all raw sensor data to a central
cloud can overwhelm network links and incur significant delays, especially under
dynamic and bursty workloads: [18]. On the other hand, edge computing pushes
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processing closer to data sources, which can drastically cut down response times
and reduce bandwidth usage [9]. However, edge devices have limited resources,
and not all processing can be handled locally at all times [16]. A key question
arises: how can we best split or migrate stream processing between edge and
cloud to meet application demands while avoiding unnecessary data transfer?

This challenge becomes particularly critical in edge-cloud environments, where
continuous high-fidelity streaming may overload network links and cloud re-
sources if not carefully controlled [5]. One promising approach is to make stream
management event-driven. In many IoT scenarios, most sensor readings are rou-
tine, and only certain events (anomalies, thresholds, or context changes) carry
critical information. If the system can detect these important events in real
time, it can adapt by reallocating resources or changing data flows on-the-fly
to prioritize the events. For instance, in healthcare monitoring scenarios, con-
tinuous physiological data streams such as electrocardiograms (ECG) must also
be processed under strict latency and bandwidth constraints [6]. By focusing
computing and network resources on periods of interest, such an event-driven
adaptive strategy can achieve a balance between efficiency and responsiveness.

In many real-world IoT deployments, telemetry streams are transmitted
continuously at high fidelity regardless of contextual relevance [19]. This prac-
tice generates unnecessary network traffic, increases cloud processing costs, and
limits the scalability of edge-cloud infrastructures. Without adaptive control,
large-scale IoT deployments risk saturating network links and cloud analytics
pipelines, limiting scalability and delaying the processing of critical events.

To address this challenge, we propose EDASC (Event-Driven Adap-
tive Stream Control), an event-driven multi-fidelity stream-control architec-
ture that dynamically adapts stream fidelity across the edge-cloud continuum.
EDASC combines continuous monitoring for event detection at the edge with a
coordination mechanism to adapt streaming behavior when events occur. Under
normal conditions, EDASC keeps data processing and storage primarily at the
edge to minimize bandwidth usage. When a significant event is detected, EDASC
automatically escalates the stream: for instance, by forwarding high-fidelity data
to the cloud, allocating additional processing resources, or altering the deploy-
ment of analytics services, as needed by the situation. Through this adaptive
process, EDASC aims to ensure that critical information gets timely and pow-
erful processing (potentially in the cloud) without continuously burdening the
network with all data. This work makes the following contributions:

– We propose EDASC, an event-driven multi-fidelity stream-control architec-
ture with an explicit policy (L0/L1/L2 modes, cooldown, and burst holding)
for bandwidth-aware edge-cloud governance.

– We separate the control plane (edge-side event detection and mode selec-
tion) from the observability plane (monitoring and dashboard), improving
modularity and avoiding UI-driven feedback effects.

– We implement an end-to-end prototype and evaluate it in a vineyard sce-
nario, demonstrating bandwidth reduction over a fixed high-fidelity baseline
while bounding escalation delay by the sampling period.
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The remainder of this paper is organized as follows. Section 2 reviews relevant
related works. Section 3 details the EDASC architecture and adaptive control
mechanism. Section 4 presents a use-case while Section 5 details the experimental
evaluation and results. Then, in Section 6, the main concerns of the proposal
are discussed. Finally, Section 7 concludes the paper with remarks and future
directions.

2 Related Work

Managing IoT data streams spanning edge and cloud has attracted extensive re-
search in recent years [7]. A variety of approaches have been explored, including
event detection schemes, adaptive streaming algorithms, and resource manage-
ment in the edge-cloud continuum [8]. We briefly review the most relevant works
and position EDASC with respect to them.

Real-time event detection in continuous IoT streams is essential for event-
driven systems and must cope with evolving data distributions and concept
drift [3]. Raut et al. 2023 propose an adaptive clustering-based scheme (AEDS-
IoT) that updates its model online to capture changing event patterns [15],
illustrating the benefits of incremental learning for stream analysis. EDASC
shares the goal of identifying significant events but differs in focus: rather than
improving event-detection accuracy itself, it leverages detected events to drive
adaptive stream control, orchestrating where and at what fidelity data should
be processed across the edge-cloud continuum.

Adaptive streaming techniques have been widely explored in multimedia and
IoT systems to optimize QoS and QoE [11]. Recent works apply deep reinforce-
ment learning to dynamically adjust bitrate, computation offloading, or resource
allocation in edge-cloud environments [4,12], demonstrating the potential of AI-
driven adaptation under varying network conditions. In contrast, EDASC adopts
a lightweight, rule-based event-driven strategy. Rather than learning optimal
policies from data, it relies on domain-informed event triggers (e.g., threshold
rules or anomaly signals) to enact immediate adaptations. While learning-based
approaches can optimize long-term performance, they typically require substan-
tial training data and periodic retraining [3]. EDASC prioritizes deployability,
predictability, and low runtime overhead in resource-constrained IoT settings.

Managing computation across the edge-cloud continuum has received signif-
icant attention in recent years [2, 14]. Dustdar et al. describe distributed con-
tinuum architectures that orchestrate heterogeneous resources across edge and
cloud environments [4]. Similarly, Ntumba et al. propose adaptive scheduling
mechanisms for continuous data stream analytics spanning edge, fog, and cloud
tiers, optimizing resource usage under latency constraints [12].

Unlike these approaches, EDASC focuses on lightweight event-driven control
policies that dynamically adjust stream fidelity rather than optimizing static
placement or relying on heavy learning models, making it a complementary ap-
proach. Rather than optimizing operator placement or solving resource alloca-
tion problems, it introduces event-driven runtime adaptation at the data-stream
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level, combining event-driven architecture with adaptive stream control in an
edge-cloud environment. Previous work has largely focused either on improving
streaming quality or on continuously optimizing resource allocation. In contrast,
EDASC uses events to trigger adaptations, enabling a responsive and resource-
efficient streaming system.

3 Proposed Approach

We now present the design of the EDASC framework. The goal of EDASC is to
split intelligently and scale stream processing between the edge and the cloud
based on detected events, thereby combining immediate event-driven decision-
making at the edge with optional cloud-side analysis when higher-fidelity data
is required. We first outline the overall system architecture and then explain the
adaptive stream control mechanism that responds to events.

3.1 System Architecture

Figure 1 presents the high-level EDASC architecture. This architecture is struc-
tured into three logical layers: the IoT sensing layer, the edge control layer where
event detection and adaptive stream decisions occur, and the cloud layer used
for optional high-fidelity analytics when critical events are detected. These layers
are detailed as follows:

– IoT Sensing Layer. IoT devices generate raw data streams (e.g., environ-
mental sensors, cameras, or wearables) and forward them to nearby edge
nodes. In EDASC, devices act primarily as data sources, while intelligence
for event detection resides at the edge.

– Edge Control Layer. Edge nodes host local stream processing and event
detection components. An Event Detector analyzes incoming data for sig-
nificant triggers using threshold rules, CEP (Complex Event Processing)
mechanisms, or lightweight models. An Edge Stream Processor performs rou-
tine filtering, aggregation, or compression during normal operation. When
no relevant events are detected, only summarized or periodic updates are
transmitted.
• Event-Driven Controller. A logical EDASC controller coordinates

adaptive actions across layers. It subscribes to edge event notifications
(via a publish-subscribe mechanism) and enforces application-specific
policies. Upon detecting an event, the controller may adjust stream fi-
delity, sampling rates, or cloud resource allocation. Once conditions nor-
malize, the system returns to its baseline state.

– Cloud Analytics Layer. The cloud provides computationally intensive an-
alytics, long-term storage, and cross-site correlation. Full data streams are
not continuously transmitted; instead, high-fidelity data or offloaded com-
putation is triggered only when events require deeper analysis.

This architecture enables bandwidth-aware, event-triggered adaptation across
the edge-cloud continuum while maintaining modularity and scalability.
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Fig. 1. EDASC architecture organized into three logical layers: IoT devices generating
telemetry streams, edge nodes performing event detection and adaptive stream control,
and cloud services used for optional high-fidelity processing during critical events.

3.2 Adaptive Stream Control Mechanism

When an event of interest is detected, EDASC adapts the stream configuration
through an event-to-action control cycle coordinated by the EDASC controller.
The mechanism determines both how and where data should be processed based
on event criticality and predefined policies.

Events are defined using domain-specific rules or detection mechanisms de-
ployed at the edge, and each event type is associated with a priority level. Event
severity influences the selected adaptation strategy, allowing critical conditions
to trigger aggressive responses (e.g., high-fidelity transmission or cloud involve-
ment), while less severe events result in lighter local adaptations. These policies
are configurable and loaded into the controller at runtime.

Upon receiving an event notification, the controller selects and enforces the
corresponding adaptation policy. Actions may include adjusting stream fidelity
or sampling rate, temporarily offloading computation to the cloud, reallocating
edge resources, or activating logging and notification mechanisms, with multi-
ple actions potentially combined depending on application requirements. These
adaptations are transient: the controller continuously monitors event resolution
or timeout conditions and subsequently restores the stream to its baseline con-
figuration, releasing any additional resources allocated during the event. This
mechanism prevents prolonged resource consumption outside periods of interest
and avoids oscillatory behavior through the use of cooldown intervals.
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Algorithm 1 summarizes the controller logic for a single stream source. In
practice, EDASC handles multiple concurrent streams and prioritizes events ac-
cording to their severity.

Algorithm 1: Pseudo-code of EDASC event-driven adaptation
Data: Continuous stream S from edge device; event policy P
Result: Adaptive control of stream S

1 Function HandleEvent(event):
2 policy ← P [event.type]
3 if policy.action is enhance_stream then
4 Increase data quality / rate of S
5 Forward S to cloud for detailed processing
6 else if policy.action is offload_task then
7 Migrate specified analytics task from edge to cloud
8 else if policy.action is edge_only then
9 Edge handles event locally (no cloud interaction)

// Additional actions like notifications can be handled here
10 Log event occurrence and actions taken

// Main loop: monitor stream and handle events
11 while system is running do
12 e← wait for next event from Event Detector of S
13 HandleEvent(e)

// Optionally, wait until event e resolves or timeouts
14 Revert stream S to normal state

Therefore, EDASC implements a multi-speed streaming model in which low-
overhead operation is maintained during routine conditions, while high-fidelity,
resource-intensive processing is activated only when events justify it.

4 Use Case: Adaptive Smart Vineyard Monitoring

Viticulture provides a representative scenario for adaptive edge-cloud stream
governance due to its sensitivity to microclimatic stress and the need for localized
monitoring. Environmental stability dominates most operational periods, but
abrupt stress transitions (e.g., soil moisture depletion or elevated VPD) require
rapid escalation. Figure 2 illustrates the monitoring dashboard of the scenario.

Modern vineyards deploy distributed IoT sensing infrastructures collecting
heterogeneous variables, including air temperature, relative humidity, solar radi-
ation, wind speed, soil volumetric water, leaf temperature, and wetness [13]. In
conventional deployments, raw telemetry is transmitted continuously, incurring
unnecessary bandwidth usage during stable periods. EDASC instead regulates
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Fig. 2. Use-case dashboard for vineyard monitoring.

stream fidelity based on agronomic risk conditions while preserving semantic
observability. The implementation and the dataset are available in 3.

To enable reproducible evaluation, we rely on the Agricultural Irrigation
Control Dataset by Abdalgader [1], a publicly available IoT telemetry dataset
hosted on Mendeley Data. The dataset contains multivariate environmental and
irrigation-related measurements, including temperature, humidity, and soil mois-
ture variables relevant to stress-aware monitoring. The variables used in this
study are directly derived from this dataset and mapped to the vineyard mon-
itoring context while preserving their statistical distribution and temporal dy-
namics. This approach avoids synthetic signal generation and ensures that the
evaluation is grounded in realistic environmental variability.

At the edge, EDASC computes rolling-window features that preserve se-
mantic context under reduced bandwidth, including mean environmental indica-
tors, extremal stress values (e.g., VWC minimum, VPD maximum), and simple
temporal gradients. Events are inferred locally using agronomic thresholds and
regime-shift cues, producing three severity levels: NORMAL, WARNING, and
CRITICAL. Based on detected events, EDASC transitions between three oper-
ational modes: L0 (low-fidelity features only), L1 (raw samples plus features),
and L2 (full-fidelity burst streaming). A cooldown mechanism prevents oscil-
latory switching. This transforms the telemetry pipeline into a context-aware

3 https://github.com/dflores0806/edasc-vineyard-monitoring
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elastic data plane in which resource utilization scales with environmental risk
intensity rather than elapsed time.

An observability dashboard exposes mode transitions and derived indicators
in real time without influencing control decisions, preserving a clear separation
between control and monitoring planes.

5 Experimental Evaluation

The evaluation uses the vineyard telemetry stream derived from the dataset de-
scribed in Section 4, comprising 3,663 samples at 1 Hz (one hour). Experiments
were executed with a 30-second rolling window, cooldown enforcement, and
burst-based escalation. Although the evaluation uses a controlled one-hour trace,
the scenario includes multiple environmental transitions and stress episodes, pro-
viding representative conditions for assessing adaptive stream behavior.

We report escalation delay as the time between the first WARNING/CRITI-
CAL detection and the first higher-fidelity transmission. Since mode promotion
occurs within the same control cycle, escalation delay is upper-bounded by the
sampling period (1 s at 1 Hz) plus network transport time. Replay observations
confirm L2 activation within one sampling interval, yielding a mean delay of
1.0-1.2 s depending on cooldown configuration.

Across the full execution, EDASC emitted 2,682 messages (2,036,309 bytes)
out of 3,663 samples. Mode distribution was 33.5% L0, 11.3% L1, and 55.1%
L2, with 176 transitions. Event classification resulted in 2,011 NORMAL, 943
WARNING, and 699 CRITICAL detections, confirming dynamic environmental
variation (Figure 3).

Bandwidth closely follows operational mode (Figure 4). L0 maintains reduced
transmission through downsampling, while L2 produces identifiable high-fidelity
bursts. Total transmitted volume was 2.04 MB.

Operating permanently in L2 would result in

781 B/s × 3663 s ≈ 2.86 MB.
Compared to this fixed high-fidelity baseline, representative of conventional

static IoT streaming, EDASC reduced transmission volume to 2.04 MB, corre-
sponding to a 28-30% bandwidth reduction while preserving bounded escalation.

Table 1. EDASC vs Fixed L2 Baseline

Scenario Total Bytes Avg. B/s Reduction

Fixed L2 ∼2.86 MB ∼781 -
EDASC 2.04 MB ∼556 28-30%

Cloud-related services were activated primarily during L1 and L2 intervals
(Figure 5), demonstrating controlled, event-triggered offloading rather than con-
tinuous cloud dependency.
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Fig. 3. Temporal distribution of NORMAL, WARNING, and CRITICAL events.

Table 2. Bandwidth usage by operational mode (payload bytes).

Mode Total Bytes Avg. Bytes/s Msgs Sent
L0 139604 113.59 248
L1 317164 767.95 413
L2 1579541 781.56 2021

6 Discussion

The results show that EDASC reduces bandwidth usage while maintaining bounded
responsiveness to critical conditions. Approximately one-third of execution re-
mained in low-fidelity mode, with escalations triggered only when contextual
thresholds were exceeded.

The evaluation relies on a synthetically generated vineyard stream grounded
in agronomically plausible ranges and domain-informed correlations (Section 4).
While this enables controlled experimentation and reproducibility, it may not
capture all sensor noise, hardware artifacts, or long-term seasonal variability.

Escalation decisions are applied within the same stream-processing cycle that
detects WARNING/CRITICAL events, bounding delay by the sampling period
(1 s at 1 Hz) plus transport time. This provides predictable responsiveness with-
out claiming application-level end-to-end latency, which depends on downstream
analytics and cloud execution.

The 176 observed mode transitions indicate reactive adaptation to environ-
mental dynamics rather than instability, with cooldown mechanisms preventing
oscillatory behavior. The resulting ∼30% reduction in transmitted data com-
pared to fixed high-fidelity streaming highlights the practical benefits of risk-
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aware multi-fidelity control. Cloud-side analytics are included as an optional ex-
tension point; although invocation patterns are shown for transparency, detailed
analysis of latency, cost, or energy consumption is left for future work.

In the current prototype, adaptation policies rely on predefined event thresh-
olds and rule-based transitions between fidelity modes. However, the perceived
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criticality of an event may depend on broader contextual factors, including net-
work conditions, device constraints, or domain-specific operational priorities.
Future work will therefore explore context-aware policy mechanisms capable of
incorporating additional system and environmental signals, potentially enabling
more intelligent adaptive behaviors.

Although evaluated in a vineyard monitoring scenario, the proposed multi-
fidelity control model is domain-agnostic and applicable to event-driven IoT sys-
tems where semantic relevance varies over time and resource constraints require
adaptive stream governance.

7 Conclusion and Future Work

This paper presented EDASC, an event-driven framework for adaptive stream
control across the edge-cloud continuum. EDASC addresses a central IoT chal-
lenge: reducing unnecessary data transfer while preserving responsiveness to sig-
nificant events. By combining edge-side event detection with policy-driven mode
adaptation, EDASC maintains low-overhead operation during routine conditions
and escalates stream fidelity only when required. Experimental results show mea-
surable bandwidth reduction compared to fixed high-fidelity streaming, while
bounding escalation delay by the sampling period.

Future work will explore richer event-detection mechanisms, including multi-
sensor correlation and learning-based detectors, as well as context-aware policy
optimization. Larger-scale deployments under heterogeneous network conditions
will also be investigated to assess scalability and controller overhead, along with
security mechanisms for protecting event signaling and adaptation commands.
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