




















to uneven sunlight exposure, human activities, or the operation
of vents. These events may require parameter adaptations
on certain devices to correctly capture drifts and accurately
reflect data change patterns. Therefore, it is crucial to monitor
drifts in coordination with the other IoT devices deployed
in the greenhouse, which helps identify uneven or localized
fluctuations within the entire greenhouse environment. In the
time series, by fine-tuning the parameters, identifying and
repositioning change points, our method successfully avoids
false alarms that typically occur in full-range, non-focused
monitoring and detection, thereby further enhancing the data
filtering efficiency.

From a network performance perspective, the proposed
approach focuses on filtering out feature specific drifts while
keeping only common drifts that correspond to meaningful
environmental changes. This strategy significantly reduces the
size of transmitted payloads. In particular, when no common
drifts are detected, the payload is reduced by approximately
50%, which directly translates into shorter packet time-on-air
and, consequently, a lower probability of collisions when mul-
tiple devices transmit simultaneously using the same spreading
factor. This reduction in transmitted data also leads to more
efficient bandwidth utilization and contributes to extending the
battery lifetime of the devices. Over the evaluated periods, the
proposed method resulted in the transmission of only 965 bytes
of data during the two weeks of March, compared to 11.8 kB
with the baseline approach. Similarly, during the two weeks
of July, 4.7 kB were transmitted instead of 11.8 kB. These
results highlight the effectiveness of the proposed approach in
reducing communication overhead while preserving relevant
environmental information from a single device, and motivate
future implementations of these on-line filtering methodolo-
gies in edge [oT devices.

In future work, it is also essential to automate this process
over a wider range of time. To achieve this, not only should the
thresholds be dynamically adjusted according to the incoming
data, the estimation of change point positions also needs to
be refined and validated through a feedback loop, rather than
relying on experimental selections.

VII. CONCLUSION

In greenhouse-based CEA systems, there is a growing need
for deploying multiple types of IoT devices to enable full-
range monitoring and control, ranging from surrounding cli-
mate conditions to crop-level sensing. However, the continuous
data transmission translates in battery depletion for the IoT
devices, in addition to waste of network bandwidth, when
compiting with parallel data streams (e.g., from cameras,
etc.). To address this challenge, this paper proposes an effi-
cient, event-triggered data-filtering scheme that enables prompt
recognition of actionable insights while minimizing redundant
data among correlated features. Through correlation-driven
statistical process control, the detected common drifts allow
to reflect key representative environmental changes in the
greenhouse. By identifying distinct fluctuation patterns before
and after the event, our work contributes to the extraction of

highly-relevant data features over time, while enabling further
data reduction. Simulation results show that the total data
filtering ratio approaches 60.5%, while the missed detection
and false alarm ratios are considerably decreased.
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