
Sustainable Computing: Informatics and Systems 50 (2026) 101353 

A
2
n

 

Contents lists available at ScienceDirect

Sustainable Computing: Informatics and Systems

journal homepage: www.elsevier.com/locate/suscom  

Deep learning-driven sensing for sustainable Internet of Things
Lorenzo Calisti, Chiara Contoli, Emanuele Lattanzi ∗

Department of Pure and Applied Sciences, University of Urbino, Piazza della Repubblica 13, Urbino, 61029, Italy

A R T I C L E  I N F O

Dataset link: https://github.com/IoTUniurb/de
ep-learning-based-data-collection/tree/main/d
atasets

Keywords:
Tiny machine learning
Deep-learning
Prediction-based data collection
Sustainable computing

 A B S T R A C T

The rapid proliferation of the Internet of Things has transformed various domains of everyday life, from 
familiar household items like smart light bulbs to healthcare resources, including medical devices, wearable 
technologies, smart devices, and ultimately, smart cities. However, the increasing use of these devices has 
raised concerns about their energy consumption, which poses a significant challenge to their sustainability. 
This study presents a novel, deep-learning-based sensing framework for energy-efficient data collection. Using 
predictive models to forecast sensor readings, the framework adapts to environmental changes and optimizes 
the time spent sensing and transmitting data. This leads to significant energy savings while preserving data 
quality. Extensive simulations, combined with experiments conducted on a case study based on three popular 
IoT hardware platforms, demonstrate the approach’s effectiveness, achieving up to 89% energy savings in 
the active states, compared to traditional monitoring methods, while maintaining high data accuracy and 
system performance. This research contributes to the sustainable growth of IoT ecosystems, promoting more 
energy-efficient and environmentally responsible systems for the future.
1. Introduction

The Internet of Things (IoT) is reshaping modern society by embed-
ding intelligence into everyday objects and environments. From house-
hold appliances and wearable technologies to industrial machinery and 
smart urban infrastructure, billions of interconnected devices are now 
continuously sensing, processing, and transmitting data in real time [1,
2]. Their rapid expansion is revolutionizing healthcare, transportation, 
agriculture, and energy management sectors, fostering unprecedented 
levels of automation and data-driven decision-making [3–5].

As of 2024, it is estimated that there are over 16 billion active 
IoT devices in operation worldwide, with projections reaching over 30 
billion by 2030 [6]. Recent studies suggest that, in the near future, IoT 
devices will consume tens of terawatt-hours (TWh) of energy annually, 
with projections reaching approximately 46 TWh per year by 2025. 
This figure is significant, roughly equivalent to the annual electricity 
consumption of a small country [7]. Forecasts based on more recent 
models estimate that energy consumption by IoT devices could reach 
approximately 112–131 TWh/year by 2025, and if trends continue, IoT 
could account for as much as 25% of global energy consumption by 
2030, depending on how efficiently the industry implements low-power 
design and renewable energy integration. [8]. Despite the quantitative 
differences between the various predictive models, it is evident that 
energy consumption related to IoT devices is set to increase in the 
coming years. It is therefore essential to design hardware and software 
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solutions that reduce energy consumption in order to ensure greater 
sustainability for the IoT ecosystem.

The IoT network generally has a distributed architecture. Numerous 
edge devices communicate with each other and with intermediate 
nodes, called fog nodes, to send data to a few central cloud servers. 
This configuration enables efficient information management, reducing 
latency and enhancing system responsiveness. However, the need for 
continuous data collection creates a high energy demand for edge 
devices, which can be problematic, especially when resources are lim-
ited [9,10]. These devices consume energy for sensing, data processing, 
and, especially, wireless communication, the latter of which is often the 
largest contributor to their energy footprint [11,12].

Traditional approaches to mitigating IoT energy consumption focus 
on several aspects of device operation. Techniques such as duty cycling 
(periodically turning off radios), adaptive sampling rates, and low-
power communication protocols have yielded promising results [13,
14]. However, these methods often have limitations. They may rely 
on static configurations, lack adaptability to dynamic environmental 
changes, compromise data accuracy or timeliness to save energy, or 
fail to optimize the combined energy costs of sensing and transmission. 
There is still an urgent need for intelligent, adaptive frameworks that 
can significantly reduce energy expenditure without compromising 
essential system performance or data fidelity.

Recent advances in Deep Learning (DL) present a range of promising 
solutions to this challenge. DL models, particularly Recurrent Neural 
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Networks (RNNs) like Long Short-Term Memory networks (LSTMs) and 
Gated Recurrent Units (GRUs), and Temporal Convolutional Networks 
(TCNs), have demonstrated remarkable capabilities in learning com-
plex temporal patterns and forecasting sensor data streams with high 
accuracy [15–17]. This predictive capability presents a transformative 
opportunity: by forecasting near-future sensor readings, devices could 
potentially reduce the frequency of physical sensing operations, activat-
ing sensors only when necessary to correct significant deviations from 
predictions or to gather data crucial for model retraining.

Integrating predictive models with IoT devices enables the antici-
pation of future environmental conditions and the dynamic adjustment 
of data collection strategies. Among such methods, Prediction-Based 
Data Collection (PBDC) has gained prominence for reducing data trans-
missions without compromising the original sampling frequency [18,
19].

In PBDC, an identical forecasting model is deployed on the edge 
device and the cloud. Upon acquiring a new sample, the system eval-
uates whether the observed value falls within a predefined tolerance 
range of the predicted value. If the prediction is accurate within this 
threshold, the sample is not transmitted; otherwise, it is sent to the 
server for processing. This approach effectively conserves energy and 
optimizes bandwidth by limiting data transmission to instances where 
significant deviations occur.

This paper addresses the critical challenge of energy sustainability 
in IoT systems by introducing a novel deep learning-based predictive 
sensing framework for end-to-end energy optimization. Our solution 
dynamically adapts the data sensing and transmission activities of 
IoT devices according to DL forecasts of sensor data and real-time 
environmental dynamics. In particular, we present two complementary 
strategies, namely Deep Learning-Based Data Collection (DLBDC) and 
Deep Learning-Driven Sensing (DLDS). DLBDC reduces the number of 
transmitted packets, while DLDS extends the duration of deep sleep 
states by lowering the frequency with which nodes wake up.

We provide formal models for both strategies and develop a simu-
lation environment to evaluate their behavior under diverse operating 
conditions. We also thoroughly characterize their implementation on 
three real, constrained devices. Experimental results, conducted on 
a case study of three popular IoT hardware platforms, demonstrate 
that our framework yields substantial energy savings, up to 36% with 
DLBDC and up to 89% with DLDS. These results surpass the perfor-
mance of state-of-the-art baselines while maintaining data accuracy 
within controlled bounds.

This work makes a significant contribution toward sustainable IoT 
ecosystems, advancing the development of more energy-efficient and 
environmentally responsible ubiquitous computing systems.

The remainder of this paper is organized as follows: Section 2 
reviews existing literature on energy optimization in IoT through data 
collection strategies. Section 3 presents the problem formulation and 
introduces the proposed deep learning-based framework for adaptive 
sensing and data acquisition. Section 4 describes the experimental 
setup, detailing the environmental datasets, the simulation environ-
ment, the accuracy metrics adopted for evaluation, the state-of-the-art 
baseline methods used for comparison, and the case study conducted on 
real devices. Section 5 reports and discusses the experimental findings. 
Finally, Section 6 outlines the current limitations of the framework and 
discusses directions for future developments, while Section 7 concludes 
the paper.

2. Related work

Energy consumption in the IoT ecosystem is a well-known concern 
that necessitates the development of energy-efficient solutions to ensure 
sustainability. According to the literature, particularly that which per-
tains to wireless sensor networks, data transmission is among the most 
energy-intensive tasks [20]. This has prompted the research community 
2 
to explore strategies aimed at reducing the volume and frequency of 
data transmission.

Over the last two decades, time series forecasting has received 
increasing attention as an approach to reducing communication in 
monitoring systems. For instance, in 2006, Tulone and Madden used an 
autoregressive model to predict local sensor readings, thereby improv-
ing data collection performance and reducing communication among 
sensors in the network [21]. Gedik et al. proposed an adaptive sampling 
approach in which a subset of nodes collects data directly, while 
another subset of nodes is dynamically selected as non-samplers and 
predicts the values using probabilistic models that are locally and 
periodically constructed [22]. In 2023, Giordano et al. proposed an 
energy-aware adaptive sampling rate algorithm designed for deploy-
ment in battery-powered IoT devices. Their algorithm, based on a Finite 
State Machine (FSM), maximizes sensor sampling rates without risking 
battery depletion [23]. Similarly, Ben-Aboud et al. implemented two 
adaptive sampling techniques: a lightweight algorithm that computes 
the distance between two consecutive sample values, and an optimized 
uniform sampling method that tries to maximizes the sampling in-
terval while maintaining an acceptable data quality [24]. Law et al. 
proposed another approach that leverages the concept of adaptive 
sampling to reduce power drain [25]. In their work, the authors de-
signed an algorithm to skips sampling when data loss is estimated 
to be low (i.e., when the forecasts might not deviate significantly 
from the readings without actually acquiring them). Skipping some 
samples has also been used to minimize the energy consumption of 
a wearable sensor systems for diagnostic purposes [26]. In particular, 
the authors collected electrocardiography, electromyography, acoustic 
cardiography, and acoustic myography data without compromising the 
accuracy of the physiological measurements. Other authors focused on 
IoT tasks offloading instead. Rahmani et al. developed an A3C-AHP 
offloading framework solution to optimize task offloading for multiple 
IoT users in blockchain-enabled environments [27]. Moghaddasi et al. 
propose an algorithm that uses an advanced Deep Reinforcement neural 
network to optimize task offloading in Device-to-Device (D2D), Device-
to-Edge (D2E), and Device-to-Cloud (D2C) communications [28]. They 
use Deep Learning to discern patterns, evaluate potential offloading 
decisions, and adapt in real time to dynamic environments.

The approaches mentioned above are also known as model-driven 
data acquisition [29] and have in common the fact that nodes can 
avoid communicating all sensed data as long as the prediction does not 
exceed a certain threshold [30]. A slightly different approach was used 
in [19], where Płaczek proposed a prediction algorithm that determines 
future sensor reading value intervals based on observed increases and 
decreases rates in historical data. Płaczek’s approach considers the 
length of the sleep mode, i.e., the amount of time that the sensor 
node remains dormant before transmitting the next sensor reading. 
Han et al. also utilized the concept of the interval in their work, as 
described in [31]. In this study, the authors built a simulator consisting 
of a server, a database, and a number of sensors to implement their 
adaptive data collection mechanism. Other approaches combine data 
compression-based mechanisms, such as Principal Component Analysis 
(PCA), with autoregressive prediction mechanisms, such as Autoregres-
sive Integrated Moving Average (ARIMA), to reduce the transmission 
overhead [32,33]. Besides autoregressive mechanisms, one can lever-
age deep learning models. For instance, Putra et al. employed a deep 
learning multilayer perceptron to predict future sensor data and op-
timize the energy efficiency of industrial IoT networks [34]. Table  1 
summarizes the referenced works, highlighting their main contributions 
and shortcomings and noting whether they were evaluated on real 
embedded hardware.

Our methodology is inspired by the work in [30]. However, un-
like the existing literature, we propose two novel approaches: Deep 
Learning-Based Data Collection (DLBDC) and Deep Learning-Driven 
Sensing (DLDS). The former is a novel approach that employs a deep 
learning forecasting model to predict future sensor values, thereby 



L. Calisti et al. Sustainable Computing: Informatics and Systems 50 (2026) 101353 
Table 1
An overview of relevant studies.
 Author(s) Key contributions Shortcomings Hardware  
 Płaczek [19] Reduces sampling and transmissions by 

dynamically selecting a target node based on 
sensor readings prediction.

Sensitive to communication delays. Yes  

 Tulone et al. [21] Uses autoregressive models built at each sensor 
to predict local readings. Nodes transmit these 
local models to a sink node. Low 
computational cost and memory needs.

Requires geographic clustering. No  

 Gedik et al. [22] Proposes adaptive sampling via dynamic 
samplers and probabilistic models.

Centralized prediction overhead. No  

 Giordano et al. [23] Designs Finite State Machine-based adaptive 
sampling to improve sustainability.

Reaches 0.85x optimal performance. Yes  

 Ben-Aboud et al. [24] Adjusts sampling intervals via normalized 
sample distance. Lightweight and accurate.

Depends on historical data patterns. Yes  

 Law et al. [25] Reduces sampling up to 49% using adaptive 
analysis.

Upper limit capped at 50%. No  

 Lalouani et al. [26] Proposes a replicated LSTM on the sensor and 
gateway to cut communication cost.

Requires reliable synchronization. Yes  

 Rahmani et al. [27] Reduces energy/latency via task offloading in 
blockchain MEC-IoT.

High computation overhead. No  

 Moghaddasi et al. [28] Applies Rainbow Deep Q-Network for task 
offloading in D2D–Edge–Cloud.

Needs high-quality training data. No  

 Pötsch et al. [29] Uses Derivative-Based Prediction (DBP) to 
suppress up to 99% transmissions of 
temperature data.

Prediction performance is sensitive to data 
patterns.

Yes  

 Raza et al. [30] Uses Derivative-Based Prediction (DBP) to 
suppress up to 99.7% transmissions of raw 
data.

Loss of a model introduces large errors. Yes  

 Han et al. [31] Minimizes power consumption in distributed 
sensing via statistical models.

Requires gateway-side computation. No  

 Hussein et al. [32] Uses compression-based distributed prediction 
for IoT.

Assumes linear data relationships. No  

 Pandey et al. [33] Minimizes unnecessary data transmissions in 
IoT WSN.

Requires complete datasets. No  

 Putra et al. [34] Uses DL-based prediction for industrial IoT 
efficiency.

Computationally complex. No  
further reducing data transmission. The latter investigates an additional 
dimension of power optimization by extending the device’s deep sleep 
period, reducing the frequency of node wake-ups, without impairing 
the system’s monitoring capabilities. Most of the works mentioned 
above focus on prediction accuracy and simulate the environment, 
either neglecting or evaluating theoretically, the energy consumption. 
In this study, we propose two formal models of the aforementioned 
strategies and assess their implementation on three real constrained 
popular devices: the Espressif ESP32 [35], the NXP MCXN647 [36], 
and the Raspberry Pi Pico 2 W [37]. In particular, the objective is 
to measure the real energy and power consumption of each device, 
in addition to the Mean Absolute Percentage Error (MAPE) across 
different datasets. Our research aims to show the feasibility of these 
techniques and improve the efficiency of IoT devices to enable their 
sustainable proliferation, thus paving the way for more energy-efficient 
and environmentally responsible ubiquitous computing systems.

3. Proposed approach

This section presents the proposed deep-learning-driven data collec-
tion and sensing strategies by providing the problem formulation and 
a deep analysis of their theoretical energy performance.

3.1. Problem formulation

The IoT network adopts a distributed architectural paradigm, in 
which many edge devices communicate bidirectionally with one an-
3 
Fig. 1. State diagram of a traditional IoT monitoring task.

other and intermediary nodes, commonly referred to as fog nodes, 
before ultimately transmitting data to centralized cloud servers.

In general, an IoT task that runs on an edge device and involves 
monitoring can be modeled as a finite state machine that considers 
different operational states, as shown in Fig.  1.

In particular, for a task characterized by a period T𝑡𝑎𝑠𝑘 (i.e., the 
time interval between successive activations of the task), we can figure 
out a chain of five different states. When the timer expires, the IoT 
node wakes from a sleep state with low power consumption. It goes 



L. Calisti et al. Sustainable Computing: Informatics and Systems 50 (2026) 101353 
through a transient state (wake-up), accounting for the reactivation of 
the microcontroller unit and of the input/output peripherals. When 
ready, it starts a new measure using the internal sensors (sense) and, 
possibly, processes the data (proc) which are, finally, transmitted to the 
cloud (tx) before returning to sleep. Each state is characterized by an 
energy expenditure and time that strictly depend on the edge hardware 
platform. In general, we can summarize the overall energy consumption 
(E𝑡𝑎𝑠𝑘) as composed of the following contributions: 
E𝑡𝑎𝑠𝑘 = 𝑊𝑈 + 𝑠𝑒𝑛𝑠 + 𝑝𝑟𝑜𝑐 + 𝑡𝑥

+ (T𝑡𝑎𝑠𝑘 − 𝜏𝑊𝑈 − 𝜏𝑠𝑒𝑛𝑠 − 𝜏𝑝𝑟𝑜𝑐 − 𝜏𝑡𝑥) ⋅ 𝑠𝑙𝑒𝑒𝑝
(1)

Where 𝑊𝑈 , 𝑠𝑒𝑛𝑠, 𝑝𝑟𝑜𝑐 , and 𝑡𝑥 are, respectively, the energy accounted 
for node wake-up, data sensing, processing, and transmission (hereafter 
referred as Active Energy). In turn, the energy consumed in the sleep 
state is due to the power consumption in the sleep state 𝑠𝑙𝑒𝑒𝑝 multiplied 
by the task period T𝑡𝑎𝑠𝑘 subtracted of the 𝜏𝑊𝑈 , 𝜏𝑠𝑒𝑛𝑠, 𝜏𝑝𝑟𝑜𝑐 , and 𝜏𝑡𝑥
which are, respectively, the time spent during wake-up, data sensing, 
processing, and transmission.

For most microcontrollers used in IoT applications, power consump-
tion during active operation is substantially higher than in low-power 
sleep modes. These modes leverage quiescent states, such as deep sleep 
or hibernation, to minimize overall energy usage. Among active states, 
wireless data transmission is generally the most energy-intensive task 
due to the activation of transceiver components. In some instances, 
these components can account for most of the device’s energy con-
sumption. Therefore, reducing data transmission significantly saves 
energy and benefits the application’s sustainability. Additionally, power 
optimization can be achieved by significantly increasing the time spent 
in low-power states at the expense of active ones.

3.2. Prediction-based data collection strategies

Typically, an IoT task involves the continuous monitoring of param-
eters such as environmental conditions, and it can tolerate a limited 
degree of inaccuracy in the reported data. Unlike scenarios where the 
cloud server expects exact measurements in every report, the correct-
ness of these applications is not compromised if the reported values 
closely approximate the actual values. Deviations from exact data are 
permissible if the magnitude of the error remains within acceptable 
bounds [18]. The main challenge is achieving an optimal balance 
between data accuracy and energy efficiency, which is essential for 
effectively using IoT technologies in real-time monitoring applications.

Deep Learning-Based Data Collection (DLBDC) and Deep Learning-
Driven Sensing (DLDS) are two methodologies aimed at reducing 
power consumption in IoT devices. We proposed them, inspired by 
the Prediction-Based Data Collection (PBDC) methodology presented 
by Raza et al. in 2012 [30].

PBDC is a widely adopted strategy that adjusts the number of trans-
mitted data samples dynamically without altering the original sampling 
frequency. In this approach, the same predictive model is deployed 
on both the edge device and the cloud server simultaneously. When 
a new data sample is acquired, the IoT node evaluates its deviation 
from the model’s predicted value based on a predefined tolerance 
threshold. If the deviation is within the acceptable range, transmission 
of the data is suppressed. Otherwise, the sample is forwarded to the 
server. By transmitting only samples that significantly diverge from the 
model’s forecast, PBDC utilizes bandwidth more efficiently, reduces en-
ergy consumption, and minimizes superfluous data transmissions while 
preserving data fidelity. Furthermore, since transmission is triggered 
by data diverging from the forecast, the method is robust against 
unpredictable trends, sudden changes, and anomalies.

The proposed DLBDC is a novel approach that uses a deep learning 
forecasting model to predict future sensor values, reducing the need for 
frequent data transmissions even further. In contrast, DLDS explores 
an additional dimension of power optimization by prolonging deep 
sleep periods by reducing the frequency of node wake-ups without 
compromising the system’s monitoring effectiveness.
4 
3.3. Deep learning-based data collection

The proposed DLBDC technique leverages a Deep Learning-based 
forecasting model running simultaneously on the edge devices and the 
cloud server. This approach enables the system to predict expected sen-
sor values and selectively transmit only the necessary data, optimizing 
communication efficiency without compromising the overall reliability 
of the collected information.

Fig.  2 refers to the finite-state machine representing the DLBDC task. 
To better illustrate the technique, we consider the case of a single edge 
node running a task characterized by a sampling period T𝑡𝑎𝑠𝑘 on top of 
which a forecasting deep-learning model runs to predict the measured 
value. Let 𝑉𝑡 be the value measured by the device at time 𝑡 and 𝑉𝑡 the 
corresponding value predicted at time 𝑡 using a buffer of length 𝑤𝑠
containing data sampled a times [𝑡−𝑤𝑠, 𝑡−⋯, 𝑡−2, 𝑡−1]. For a tolerance 𝜖
accepted by the cloud server, a prediction is considered ‘‘approved’’ if 
its value falls within the range: 
𝑉𝑡 ∈ [𝑉𝑡 − 𝜖, 𝑉𝑡 + 𝜖] (2)

In practice, if |𝑉𝑡 − 𝑉𝑡| < 𝜖, the estimated value at time 𝑡 is con-
sidered a good approximation of the actual value. In this case, no 
transmission is needed, and the cloud server can, in turn, predict 
the value using the same deep-learning model, substituting 𝑉𝑡 for 𝑉𝑡. 
Employing a shared forecasting model and maintaining an identical 
copy of the values in the history buffer on both the cloud and the 
edge device makes this transmission saving possible. This enables the 
cloud server to predict values in the same manner as the edge node. 
Conversely, sending the measured data is necessary only when the 
value is outside the tolerance range (i.e., |𝑉𝑡 − 𝑉𝑡| >= 𝜖).

The assumption that makes this approach convenient is that, in most 
cases, if the monitored quantity does not change too rapidly or shows a 
well-defined trend, the data will be predicted with sufficient precision 
to fall within the acceptable range.

Notice that, for simplicity, we will not consider all possible prob-
lems that can arise with an unstable internet connection, such as 
transmission errors and delays. We will also assume that the trans-
mission medium does not have any of these problems, as they are 
outside the scope of this work. In general, in the DLBDC technique, 
a transmission failure would be misinterpreted by the cloud server as a 
non-transmission of a predictable sample (i.e., a value falling inside the 
tolerance of the forecasting model) while it actually is not. This would 
introduce slight inaccuracies that may appear in the measurements 
until the edge and the cloud buffers are synchronized again.

Concerning the forecasting models, it is important to underline that 
they are trained once and for all on top of a dedicated machine and 
then embedded into the device firmware without needing periodic 
over-the-air transmission.

Starting from Eq.  (1), we derive the energy model for the DLBDC 
approach as follows: 

E𝑡𝑎𝑠𝑘(𝐷𝐿𝐵𝐷𝐶) =𝑊𝑈 + 𝑠𝑒𝑛𝑠 + 𝑝𝑟𝑜𝑐 + 𝑝𝑟𝑒𝑑 + 𝑡𝑥 ⋅ (1 − 𝑆𝑅𝑡𝑥)+

[T𝑡𝑎𝑠𝑘 − 𝜏𝑊𝑈 − 𝜏𝑠𝑒𝑛𝑠 − 𝜏𝑝𝑟𝑜𝑐 − 𝜏𝑝𝑟𝑒𝑑 − 𝜏𝑡𝑥 ⋅ (1 − 𝑆𝑅𝑡𝑥)] ⋅ 𝑠𝑙𝑒𝑒𝑝

(3)

where 𝑆𝑅𝑡𝑥 represents the suppression ratio in the transmission
achieved by the forecasting model for a given value of tolerance 𝜖, 
which practically depends on the model’s strength in predicting data. 
From the energetic point of view, the contribution of the transmission 
𝑡𝑥 should be reduced by a factor represented by 𝑆𝑅𝑡𝑥 while the cost 
of the prediction phases 𝑝𝑟𝑒𝑑 should be added to the task. Moreover, 
considering the sleep time, we must subtract the contribution needed 
to make the prediction 𝜏𝑝𝑟𝑒𝑑 , as the CPU remains active to execute the 
forecasting model. In contrast, the time spent to transmit data 𝜏𝑡𝑥 must 
be reduced by the transmission suppression ratio 𝑆𝑅𝑡𝑥.

Fig.  3 shows the energy saved in transmission, concerning a tradi-
tional IoT task, which can be theoretically achieved by the proposed 



L. Calisti et al. Sustainable Computing: Informatics and Systems 50 (2026) 101353 
Fig. 2. State diagram of the IoT monitoring task with the DLBDC methodology.
Fig. 3. Theoretical transmission energy saved by the DLDBC approach when 
varying the 𝑡𝑥∕𝑝𝑟𝑒𝑑 ratio, for different values of 𝑆𝑅𝑡𝑥.

DLDBC strategy when varying the ratio between the transmission and 
the prediction energy costs (𝑡𝑥∕𝑝𝑟𝑒𝑑), for different values of 𝑆𝑅𝑡𝑥. 
Considering an energy ratio of about 10x, which is quite common in 
most microcontrollers, to obtain a significant saving (more than 20%) 
requires a transmission suppression ratio of at least 30%. Obviously, 
for further increasing suppression, the energy saving increases propor-
tionally. On the other hand, the 𝑡𝑥∕𝑝𝑟𝑒𝑑 ratio plays a fundamental 
role in the energy balance, as for values lower than 10x, the savings 
rapidly reduce, making the proposed approach quickly ineffective even 
for high suppression values. This means that, given the energy cost 
of transmission, which depends on the available hardware, the model 
used for prediction must be carefully sized to ensure a convenient 
𝑡𝑥∕𝑝𝑟𝑒𝑑 ratio. This objective is non-trivial, as more accurate models, 
capable of achieving a high transmission suppression rate (𝑆𝑅𝑡𝑥), tend 
to be computationally more complex and thus incur higher energy 
costs. Consequently, identifying an optimal trade-off between compu-
tational energy consumption and predictive performance is critical to 
the system’s overall efficiency.

Concerning the error introduced into the data stored in the cloud, 
it is important to point out that the 𝜖 parameter places an upper bound 
that ensures no data will exceed it.

3.4. Deep learning-driven sensing

The proposed DLDS technique leverages the capability of deep-
learning multistep forecasting models to predict, with good precision, 
several future points, namely 𝑡𝑠, using a history buffer of data of length 
𝑤𝑠. Fig.  4 illustrates the finite-state machine representing an IoT node 
that implements this technique.
5 
At time 𝑡, the model predicts 𝑡𝑠 future points in a single inference 
and schedules a wake-up for a time 𝑡𝑠×Ttask in the future before going 
to sleep.

When the node wakes up, it shifts the predicted buffer leftward and 
integrates its contents into the historical data buffer. Then, it acquires 
a new measurement, 𝑉𝑡. The node compares this measurement with the 
most recent predicted value in the buffer. This value was originally 
denoted as 𝑉𝑡+𝑡𝑠 prior to entering the sleep state and now corresponds 
to 𝑉𝑡.

If |𝑉𝑡 − 𝑉𝑡| < 𝜖, it means the last value of the estimated series of 
length 𝑡𝑠 is considered a good approximation of the real value. A good 
approximation does not imply that all previously predicted values also 
fall within the predefined tolerance threshold. However, considering 
that in multistep forecasting models the prediction error generally 
increases with the temporal distance from the point of observation, the 
probability that earlier estimates remain within tolerance is still high.

In practice, if 𝑉𝑡 is within the tolerance threshold, then another 𝑡𝑠 fu-
ture points are predicted, and the node returns to sleep without sending 
any data. Conversely, if the last predicted value exceeds the tolerance 
threshold, the measured value 𝑉𝑡 must be sent to the cloud. However, 
this condition may imply that the entire buffer has deviated beyond the 
acceptable tolerance. Unfortunately, the previously untransmitted real 
values are irrecoverable because they were never acquired. The only 
viable action in such cases is to realign the buffer with new data, thereby 
synchronizing the model with the actual distribution and enhancing the 
accuracy of future predictions.

The realignment methodology can include filling the data buffer 
with newly acquired values or inserting the latest data to resume 
forecasting immediately.

In this work, we employ an intermediate strategy in which we 
perform a linear interpolation over the existing values in the buffer 
using the newly acquired value, denoted by 𝑉𝑡. This corrects the overall 
trend. This approach eliminates the need to keep the node active for 
additional 𝑤𝑠 cycles to fully repopulate the buffer. It also prevents 
abrupt discontinuities that would result from simply appending the 
latest value. From an energy standpoint, the realignment contribution 
can be neglected due to its reduced computational complexity.

In general, the energy consumption of the overall task is strongly 
affected by the value of 𝑡𝑠, which directly determines the duration 
of the sleep state and, consequently, the activation frequency. For 
instance, for a task with period equal to Ttask , the active states are 
actually executed only T ∕𝑡𝑠 times. Consequently, the energy model 
task
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Fig. 4. State diagram of the IoT monitoring task with the DLDS methodology.
Fig. 5. Theoretical overall energy saved by DLDS approach when varying the 
number of predicted samples (𝑡𝑠), for different values of T𝑡𝑎𝑠𝑘.

for the DLDS approach becomes: 

E𝑡𝑎𝑠𝑘(𝐷𝐿𝐷𝑆) =
𝑊𝑈 + 𝑠𝑒𝑛𝑠 + 𝑝𝑟𝑜𝑐 + 𝑝𝑟𝑒𝑑 + (𝑡𝑥 + 𝑟𝑒) ⋅ (1 − 𝑆𝑅𝑡𝑥)

𝑡𝑠
+

[T𝑡𝑎𝑠𝑘 −
𝜏𝑊𝑈 + 𝜏𝑠𝑒𝑛𝑠 + 𝜏𝑝𝑟𝑜𝑐 + 𝜏𝑝𝑟𝑒𝑑 + (𝜏𝑡𝑥 + 𝜏𝑟𝑒) ⋅ (1 − 𝑆𝑅𝑡𝑥)

𝑡𝑠
] ⋅ 𝑠𝑙𝑒𝑒𝑝

(4)

where 𝑟𝑒 and 𝜏𝑟𝑒 are the energy consumption and the length of stay in 
the realign state, respectively. Moreover, neglecting the contribution of 
the realign state allows us to rewrite the previous equation as: 

E𝑡𝑎𝑠𝑘(𝐷𝐿𝐷𝑆) =
𝑊𝑈 + 𝑠𝑒𝑛𝑠 + 𝑝𝑟𝑜𝑐 + 𝑝𝑟𝑒𝑑 + 𝑡𝑥 ⋅ (1 − 𝑆𝑅𝑡𝑥)

𝑡𝑠
+

[T𝑡𝑎𝑠𝑘 −
𝜏𝑊𝑈 + 𝜏𝑠𝑒𝑛𝑠 + 𝜏𝑝𝑟𝑜𝑐 + 𝜏𝑝𝑟𝑒𝑑 + 𝜏𝑡𝑥 ⋅ (1 − 𝑆𝑅𝑡𝑥)

𝑡𝑠
] ⋅ 𝑠𝑙𝑒𝑒𝑝

(5)

which, for 𝑡𝑠 = 1, is identical to the model described by Eq.  (3) for the 
DLBDC methodology.

Fig.  5 plots the overall energy saved by the IoT device using the 
DLDS strategy when varying the number of predicted samples (𝑡𝑠) for 
different task periods (T𝑡𝑎𝑠𝑘), concerning a traditional IoT task. This 
plot was obtained using Eq.  (5) under the assumption that the power 
consumption of the active task is 100 times greater than that of the 
sleep state, i.e., 𝑡𝑥∕𝑝𝑟𝑒𝑑 = 10, and 𝑆𝑅𝑡𝑥 = 0.7. The task periods 
are expressed in minutes. Interestingly, most of the energy savings 
are achieved regardless of the value of T𝑡𝑎𝑠𝑘 by predicting just two or 
three future samples. This is a crucial consideration, as it is reasonable 
to assume that reconstruction error increases with the number of 
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consecutively predicted points. Consequently, predicting values too far 
into the future may offer limited benefit and compromise overall data 
fidelity. The amount of energy saved also depends on the task period. 
In scenarios with extended sleep durations, the energy contribution 
of active states becomes negligible, limiting the potential for further 
energy reduction.

Finally, it is important to point out that, unlike in the DLBDC 
methodology described in Section 3.3, for the DLDS, the 𝜖 parameter 
does not place an upper bound on the actual error in reconstructing 
the data due to the lack of knowledge of the error on the unacquired 
values. Therefore, careful tuning of the model parameters, specifically 
the number of time steps (𝑡𝑠), is crucial to ensuring predictive accuracy 
and reliable data reconstruction.

3.5. Algorithms implementation

Algorithm 1 presents the pseudo-code for the DLBDC technique, 
illustrating its implementation on an edge node. The algorithm uses the 
tolerance threshold 𝜖 as input, which defines the acceptable margin of 
error for the monitoring task. Internally, it maintains a circular buffer 
of size 𝑤𝑠, containing the most recent measurements, and a predicted 
value 𝑉𝑡 generated during the previous iteration.
Algorithm 1 Pseudo-code of the DLBDC algorithm running on the edge 
node.
Ensure: buffer ⊳ Buffer of size 𝑤𝑠
Ensure: 𝑉𝑡 ⊳ Predicted value at time 𝑡
Require: 𝜖 ⊳ Tolerance threshold

1: while true do
2:  𝑉𝑡 ← 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑆𝑒𝑛𝑠𝑜𝑟()
3:  if |𝑉𝑡 − 𝑉𝑡| < 𝜖 then
4:  // No need to send
5:  𝑢𝑝𝑑𝑎𝑡𝑒𝐵𝑢𝑓𝑓𝑒𝑟(𝑏𝑢𝑓𝑓𝑒𝑟, 𝑉𝑡)
6:  else
7:  𝑠𝑒𝑛𝑑𝑇 𝑜𝑆𝑒𝑟𝑣𝑒𝑟(𝑉𝑡)
8:  𝑢𝑝𝑑𝑎𝑡𝑒𝐵𝑢𝑓𝑓𝑒𝑟(𝑏𝑢𝑓𝑓𝑒𝑟, 𝑉𝑡)
9:  end if
10:  𝑉𝑡 ← 𝑝𝑟𝑒𝑑𝑖𝑐𝑡(𝑏𝑢𝑓𝑓𝑒𝑟)
11:  𝑑𝑒𝑒𝑝𝑆𝑙𝑒𝑒𝑝(𝑇𝑡𝑎𝑠𝑘)
12: end while

At each iteration, the edge node samples its sensor to obtain the 
value of 𝑉𝑡. If this value deviates from the predicted value 𝑉𝑡 by more 
than the tolerance 𝜖, the actual measurement is transmitted to the 
server. Otherwise, no transmission occurs.
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Regardless of whether data is sent, the circular buffer is updated 
through the 𝑢𝑝𝑑𝑎𝑡𝑒𝐵𝑢𝑓𝑓𝑒𝑟 function, which removes the oldest en-
try and appends either 𝑉𝑡 or 𝑉𝑡, following a First-In-First-Out (FIFO) 
strategy. Then, a new prediction 𝑉𝑡 is computed based on the up-
dated buffer. After completing these operations, the device enters a 
deep-sleep state until the next scheduled iteration.

Conversely, Algorithm 2 delineates the pseudo-code of the DLDS 
technique executed on the edge node. As in DLBDC, the algorithm takes 
as input the tolerance threshold 𝜖 and maintains a circular buffer of size 
𝑤𝑠 to store recent measurements. A key difference is that the internal 
state also includes a list 𝑉̂  of size 𝑡𝑠, which holds the sequence of 
values predicted in the previous iteration. In this case, the value used 
for comparison is the last element of the list, 𝑉 .
Algorithm 2 Pseudo-code of the DLDS algorithm running on the edge 
node.
Ensure: buffer ⊳ Circular buffer of size 𝑤𝑠
Ensure: 𝑉̂ ⊳ List of predicted values with size 𝑡𝑠
Require: 𝜖 ⊳ Tolerance threshold
1: while true do
2:  𝑉𝑡 ← 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑆𝑒𝑛𝑠𝑜𝑟()
3:  if |𝑉 − 𝑉𝑡| < 𝜖 then
4:  // No need to send
5:  𝑢𝑝𝑑𝑎𝑡𝑒𝐵𝑢𝑓𝑓𝑒𝑟(𝑏𝑢𝑓𝑓𝑒𝑟, 𝑉̂ )
6:  else
7:  𝑠𝑒𝑛𝑑𝑇 𝑜𝑆𝑒𝑟𝑣𝑒𝑟(𝑉𝑡)
8:  𝑢𝑝𝑑𝑎𝑡𝑒𝐵𝑢𝑓𝑓𝑒𝑟(𝑏𝑢𝑓𝑓𝑒𝑟, 𝑉̂ )
9:  𝑟𝑒𝑎𝑙𝑖𝑔𝑛𝐵𝑢𝑓𝑓𝑒𝑟(𝑏𝑢𝑓𝑓𝑒𝑟, 𝑉𝑡)
10:  end if
11:  𝑉̂ ← 𝑝𝑟𝑒𝑑𝑖𝑐𝑡(𝑏𝑢𝑓𝑓𝑒𝑟)
12:  𝑑𝑒𝑒𝑝𝑆𝑙𝑒𝑒𝑝(𝑡𝑠 × 𝑇𝑡𝑎𝑠𝑘)
13: end while

At each iteration, the node samples the sensor to obtain 𝑉𝑡. Then, the 
node checks whether its value deviates from 𝑉  more than the tolerance 
𝜖. If the actual measurement lies outside this range (i.e., |𝑉 − 𝑉𝑡| <
𝜖), the actual measurement is transmitted to the server; otherwise, 
no transmission occurs. When no transmission has occurred, all the 
predicted values 𝑉̂  are inserted into the circular buffer. Otherwise, the 
real value 𝑉𝑡 is sent to the server, and the appropriate realign technique 
is applied by calling the function 𝑟𝑒𝑎𝑙𝑖𝑔𝑛𝐵𝑢𝑓𝑓𝑒𝑟. Lastly, the buffer is 
used to predict the next 𝑉̂  values, and then the node enters a deep 
sleep state for the next 𝑡𝑠 × 𝑇𝑡𝑎𝑠𝑘 iterations.

As the buffer realign technique, we adopted a simple linear interpo-
lation. The idea is to approximate the intermediate values in the buffer 
by assuming they lie on a straight line between the first (i.e., the oldest) 
and the last (i.e., the most recent) element. First, we compute the slope 
(𝛥) of that line by subtracting the value of the last point from the value 
of the first point, then dividing by the number of elements between 
them. Next, for each position in the buffer, we calculate its interpolated 
value as 𝑦𝑖 = 𝑦𝑓𝑖𝑟𝑠𝑡 + 𝑖 ⋅ 𝛥 where 𝑦𝑓𝑖𝑟𝑠𝑡 is the value of the first element, 
and 𝑖 is the offset of the current element from the first one.

It is important to note that the DLBDC and DLDS algorithms are 
intentionally simple in terms of implementation and computational 
overhead. Their most demanding operations are buffer updates and 
realignments, which involve linear interpolation and basic list manipu-
lation over lists with a small number of elements. This simplicity makes 
them well-suited for execution on resource-constrained edge devices, 
enabling low latency and energy consumption.

We characterized and validated the proposed DLBDC and DLDS 
algorithms using a dedicated simulation framework, taking as input 
different datasets containing real-time series of various parameters 
collected in indoor environments. This framework allows for direct 
comparison with traditional PBDC techniques that rely on classical 
modeling approaches. This highlights the advantages and limitations 
of data-driven solutions in equivalent scenarios.

Finally, a case study was conducted using three popular IoT plat-
forms, in which the algorithms were implemented and installed to 
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Fig. 6. Diagram highlighting the architecture of the three forecasting models.

Table 2
Parameters of the Deep Learning-based forecasting models.
 ID Net type Net structure Params [k] Net size [kB] 
 #1 1LSTM_1D 10𝑈 _𝑡𝑠𝐷 ≈ 0.5 ≈ 2  
 #2 2CNN_1LSTM_1D 64𝐹 _64𝐹 _10𝑈 _𝑡𝑠𝐷 ≈ 14 ≈ 55  
 #3 2LSTM_2D 10𝑈 _10𝑈 _30𝐷_𝑡𝑠𝐷 ≈ 1.7 ≈ 7  

empirically quantify energy consumption. The complete source code of 
the simulation framework, together with the implementations of both 
algorithms and all scripts used for data preprocessing, model training, 
and experimental evaluation, is publicly available at: https://github.
com/IoTUniurb/deep-learning-based-data-collection.

3.6. Forecasting models

The core component of our sensing approach is a Deep Learning-
based forecasting model. To ensure a comprehensive test across dif-
ferent technologies, we designed three distinct forecasting model con-
figurations: Model #1, Model #2, and Model #3. Fig.  6 shows a 
diagram of the models’ architectures, while Table  2 summarizes their 
corresponding hyperparameter configurations.

Model #1 consists of a network with a single Long Short-Term 
Memory (LSTM) layer containing 10 units. Model #2 adopts a hybrid 
architecture, composed of two Convolutional Neural Network (CNN) 
layers with 64 filters each, followed by a single LSTM layer with 10 
units. Finally, Model #3 consists of two LSTM layers, each with 10 
units, followed by a dense layer with 30 neurons. It is noteworthy that 
all three model configurations end with a final dense layer, whose size 
depends on the target output demanded by each technique. Specifically, 
a single neuron for DLBDC, and 𝑡𝑠 neurons for DLDS.

Overall, all three models are lightweight and compact. Model #2 is 
the largest and most complex, with about 15,000 parameters and a size 
of about 55 kB. In contrast, Model #1 is the smallest, with roughly 500 
parameters and a size of about 2 kB. Finally, Model #3 offers a good 
trade-off, with approximately 1700 parameters and a size of about 7 
kB. These values are approximate, as the exact number of parameters 
varies slightly depending on the size of the final dense layer, which is 
determined by the value of 𝑡𝑠. However, this variation is minimal.

Model training has been conducted on different environmental 
datasets. A supervised learning approach was adopted, where the input 
data were divided into consecutive windows of size 𝑤𝑠. For each 
window, the subsequent 𝑡𝑠 values were set aside and used as the ground 

https://github.com/IoTUniurb/deep-learning-based-data-collection
https://github.com/IoTUniurb/deep-learning-based-data-collection
https://github.com/IoTUniurb/deep-learning-based-data-collection
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truth for the predicted values. For the models used in the DLBDC 
technique, 𝑡𝑠 was set to 1.

This windowing technique transforms a time series into a set of 
input/output pairs, simplifying the training process and improving 
model accuracy. During training, each input window was grouped into 
batches of size 32, which is a standard practice that reduces the training 
time required for each epoch.

4. Experimental setup

4.1. Indoor air quality datasets

We chose to evaluate the performance of the proposed strategies 
in one of the wide domains of the application of the IoT, namely, the 
Indoor Air Quality (IAQ) monitoring. IAQ is a critical research topic 
because of its direct influence on human health, cognitive performance, 
and overall well-being, particularly in enclosed spaces. People typically 
spend 80%–90% of their time indoors, often at home, but also in 
schools, offices, and other buildings. Thus, making the quality of indoor 
air a decisive factor in everyday life [38]. Poor IAQ is increasingly 
recognized as a significant public health concern, with air pollution 
contributing to millions of premature deaths worldwide [39].

The dataset used in our experiments was constructed ad hoc, and 
measured four environmental variables from the classrooms of the 
Computer Science and Technology degree program at the University 
of Urbino. These classrooms where selected because they provide a 
reliable benchmark for real indoor environments, with periods of high 
occupancy during lectures and periods of inactivity that closely resem-
ble typical indoor dynamics. Sensors were installed in the rooms and 
configured to collect data every 5 min for a period of over six months, 
resulting in a comprehensive, high-resolution time series.

Among the different measured physical quantities, we selected the 
following to include in this study: (i) Carbon Dioxide (CO2), (ii) Partic-
ulate Matter (specifically 𝑃𝑀2.5), (iii) 𝑁𝑜𝑖𝑠𝑒, and (iv) 𝛾 𝑑𝑜𝑠𝑒 𝑟𝑎𝑡𝑒. CO2
and 𝑃𝑀2.5 were chosen because they are well-established air quality 
indicators, particularly in indoor settings. Carbon dioxide is primar-
ily produced through human respiration and accumulates in poorly 
ventilated enclosed spaces. On the other hand, particulate matter can 
originate from various indoor sources, such as cooking, smoking, and 
using heating appliances. These particles have a size of less than 2.5 μm
and can be inhaled deeply into the lungs, posing serious health risks. 
𝑁𝑜𝑖𝑠𝑒 levels were also included, as they are closely associated with 
human activities. Excessive noise exposure in urban environments is 
known to impair concentration, increase stress levels, and contribute 
to both mental and physical health issues. The 𝛾 𝑑𝑜𝑠𝑒 𝑟𝑎𝑡𝑒 represents 
the level of gamma radiation present in the surrounding environment. 
When it is derived from discrete gamma photon counts over short 
time intervals, such as those recorded by Geiger–Müller counters, as in 
this case, the underlying distribution of the detected events typically 
follows a Poisson distribution, where the variance equals the mean. 
Although this variable is not commonly included in studies of indoor 
environments, its high variability and unpredictability make testing the 
robustness of forecasting models particularly challenging.

To effectively train and evaluate the forecasting models,
each dataset was split into two main segments: a training segment 
and a simulation segment. The training segment was then divided into 
training and testing subsets using a 75/25 ratio. Following standard 
practices, the training set was further divided into training and vali-
dation subsets using a 90/10 split. Conversely, the simulation segment 
was explicitly reserved to evaluate the performance of the DLBDC and 
DLDS techniques on previously unseen data.

Both training and simulation segments were obtained by partition-
ing the original datasets into non-overlapping blocks of 500 samples 
each. Then, ten randomly selected blocks were concatenated to form 
the simulation set. The remaining blocks constituted the training set. 
This procedure ensures that the models are tested on data distributions 
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unaffected by seasonal periodicity. In summary, the training segment 
consists of 47,000 samples collected at 5-minute intervals, covering a 
total duration of over 3900 h, or approximately 160 days. In contrast, 
the simulation segment contains 5000 samples, spanning more than 
400 h, or roughly 17 days. All the datasets, along with the scripts 
used for processing them, are made available at: https://github.com/
IoTUniurb/deep-learning-based-data-collection/tree/main/datasets

4.2. State-of-the-art comparison techniques

The performance of the proposed methodologies was compared to 
that obtained by two of the state-of-the-art PBDC techniques grounded 
in traditional approaches: (i) Derivative-Based Prediction, and (ii)
Kalman Filter.

Derivative-Based Prediction (DBP) was originally proposed by 
Raza et al. [40,41], as a lightweight technique for Wireless Sensor 
Networks (WSN). It employs a simple linear forecasting model that can 
capture data trends while remaining efficient and resistant to the noise 
in the data. In many real-world scenarios, the physical quantities evolve 
smoothly over time, allowing a linear model to accurately approximate 
their local behavior. Unlike approaches that focus on minimizing the 
fitting error over historical data points, DBP prioritizes consistency with 
the observed trend, making it particularly resilient to noise and outliers.

Model generation begins with an initialization phase where the sen-
sor node collects a learning window of 𝑚 data points. From this window, 
the first and last 𝑙 samples are identified as edge points. The model 
computes the slope of the line connecting the average of the edge points 
at the beginning and end of the window, called 𝛥. This operation is 
analogous to a derivative, hence the name Derivative-Based Prediction.

After initialization, the node enters a runtime phase where it con-
tinuously buffers the last 𝑚 samples in a sliding window. Each new 
measurement is compared with the predicted value produced by the 
current model to determine its validity. The model is considered valid 
as long as the prediction error stays within a fixed tolerance value 𝜖𝑉 , 
or if larger errors do not occur for more than 𝜖𝑇  consecutive samples. If 
these conditions are violated, a new model is computed and its updated 
slope 𝛥 is transmitted to the central server.

Kalman Filters (KF) are recursive data filtering algorithms that are 
widely used to estimate the hidden internal state of a dynamic system 
over time. This type of filter provides an efficient way to infer the 
current state of a system at time 𝑡, using a combination of the state 
estimate from the previous time step (𝑡 − 1) and noisy observations. 
Kalman Filters are particularly effective in scenarios where the system 
is affected by uncertainty in both its evolution and the measurements.

Their internal operation is divided into two main phases: (i) pre-
diction phase, and (ii) update phase. In the prediction phase, the 
system estimates the new internal state and its uncertainty based on 
the previous estimate using the following equations: 

𝑥𝑡 = 𝐹𝑥𝑡−1 + 𝜔𝑡 (6)

𝑃𝑡 = 𝐹𝑃𝑡−1𝐹
𝑇 +𝑄𝑡 (7)

here, 𝑥𝑡 represents the new internal state of the system, and 𝑃𝑡 is the 
corresponding predicted covariance matrix. The term 𝑥𝑡−1 refers to the 
old (a priori) estimate of the state at the previous time step. The matrix 
𝐹  is the state-transition matrix, which is responsible for the evolution 
of the system’s state. Finally, 𝜔𝑡 denotes the process noise, and 𝑄𝑡 is its 
associated covariance matrix.

After the prediction phase, the predicted value can be estimated 
using the following equation: 

𝑧𝑡 = 𝐻𝑥𝑡−1 + 𝑣𝑡 (8)

where the matrix 𝐻 is the observation model that maps the internal 
state space to the observed space, and 𝑣  is the measurement noise. 
𝑡

https://github.com/IoTUniurb/deep-learning-based-data-collection/tree/main/datasets
https://github.com/IoTUniurb/deep-learning-based-data-collection/tree/main/datasets
https://github.com/IoTUniurb/deep-learning-based-data-collection/tree/main/datasets
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Subsequently, the update phase refines the predicted state by incorpo-
rating the actual measurement to reduce the estimation error. This is 
done through the following set of equations: 
𝐾 = 𝑃𝑡𝐻

𝑇 (𝐻𝑃𝑡𝐻
𝑇 + 𝑅)−1 (9)

𝑥𝑡 = 𝑥𝑡 +𝐾(𝑧𝑡 −𝐻𝑥𝑡) (10)

𝑃𝑡 = (𝐼 −𝐾𝐻)𝑃𝑡 (11)

Here, 𝐾 is the Kalman gain, which determines the weight to be given 
to the new measurement. Lastly, 𝑅 is the covariance matrix of the 
observation noise, and 𝐼 is the identity matrix.

In the context of PBDC, Jain et al. propose a Dual Kalman Filter 
(DKF) approach based on Kalman Filters [42]. For each data stream 
𝑖, two synchronized Kalman filters are instantiated: one at the central 
server (𝐾𝐹 𝑖

𝑠) and one at the remote sensor (𝐾𝐹 𝑖
𝑟 ). Due to the low 

computational cost of these filters, the central server can maintain a 
separate filter instance for each sensor without significant overhead. 
During execution, the remote sensor only transmits a new measurement 
if the local prediction error exceeds a predefined threshold 𝛿𝑖, thereby 
reducing communications. Furthermore, the system can accept an op-
tional parameter 𝐹𝑖 to adjust the filter’s responsiveness, allowing for 
further adaptation to specific application requirements.

4.3. Accuracy metrics

To validate the forecasting models during both the training and 
testing phases, and to quantify the performance of the DLBDC and 
DLDS techniques, we employ two metrics capable of measuring the 
reconstruction error introduced by the models: (i) Mean Absolute Error 
(MAE), and (ii) Mean Absolute Percentage Error (MAPE).

The MAE measures the average absolute deviation between pre-
dicted and observed values, expressed in the same units as the data. 
It is defined as 

𝑀𝐴𝐸 = 1
𝑁

𝑁
∑

𝑖=1
|𝑦𝑖 − 𝑦̂𝑖| (12)

where 𝑦𝑖 represents real values measured by the sensors and 𝑦𝑖 rep-
resents the values predicted by the forecasting model. Similarly, the 
MAPE measures the average forecasting error relative to the true values 
and is expressed as a percentage. This allows for scale-independent 
comparisons across datasets. It is defined as: 

𝑀𝐴𝑃𝐸 = 1
𝑁

𝑁
∑

𝑖=1
|

𝑦𝑖 − 𝑦̂𝑖
𝑦𝑖

| (13)

While MAE treats all deviations equally, MAPE emphasizes rela-
tive error magnitude and is sensitive to small or zero target values, 
which can lead to instability. Together, these metrics provide a more 
complete picture of model accuracy by combining interpretability and 
comparability.

4.4. Simulation and training

To properly train and evaluate the forecasting models, the environ-
mental dataset was partitioned into training and simulation segments, 
as described in Section 4.1. The training segment was then used for 
model training. The forecasting models were trained using a supervised 
learning approach, meaning that each element of the training set must 
be associated with a target output that the model is expected to learn.

The time series was transformed into a sequence of consecutive 
windows of length 𝑤𝑠. Each window was paired with the immediately 
subsequent 𝑡𝑠 values, which served as the ground-truth. Since each 
window is independent from the other, the windows were generated 
with a stride of one time step to maximize the number of available 
samples.
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We trained the forecasting models using the open-source deep-
learning library Keras [43] running on top of TensorFlow [44]. Specifi-
cally, Keras 2.15 and TensorFlow 2.15 were used on a high-performance 
workstation equipped with two Intel® Xeon® Silver 4314 Central Pro-
cessing Units (CPUs) and three NVIDIA® A100 Graphical Processing 
Units (GPUs). Once trained, the models were optimized for deployment 
on resource-constrained devices. First, we converted the full models 
into a compressed, hardware-friendly, representation using LiteRT [45] 
(formerly known as TensorFlow Lite). Next, the converted models 
were further processed using the LiteRT for Microcontrollers frame-
work [46], which translates them into statically allocated, array-like 
C structures. These structures can be embedded in microcontroller 
firmware and executed without the need for an operating system or 
dynamic memory allocation.

The simulation framework was implemented using the Python pro-
gramming language at version 3.10 and executed on the same work-
station used for model training. In this phase, we used the simulation 
dataset, which was intentionally excluded from training, to ensure that 
the models were evaluated on previously unseen samples. This provides 
a realistic assessment of their generalization capabilities.

Unlike the training phase, which relies on supervised learning, the 
simulation emulates the real operating conditions of the algorithms 
processing one value at a time and managing a circular buffer of 
size 𝑤𝑠. To properly simulate the two approaches, we implemented 
Algorithms 1 and 2 in Python, emulating the 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑆𝑒𝑛𝑠𝑜𝑟 function 
by simply reading the next value in the dataset at each time step. At the 
same time, the transmissions to the central server and the deep-sleep 
operations were replaced with no-op actions to isolate the behavior 
from hardware-specific aspects. Throughout execution, we recorded all 
operations performed by the algorithms to track relevant performance 
metrics. All simulations were carried out using fixed random seeds to 
ensure reproducibility.

4.5. Hardware platforms of the case study

To evaluate the energy savings provided by the proposed method-
ology, we implemented an ad-hoc monitoring task to characterize the 
power consumption of three IoT devices: the ESP32, the MCXN947, and 
the Raspberry Pi Pico 2 W.

The ESP32 is a microcontroller developed by Espressif® that is 
highly popular in the field of IoT and wearable applications due to its 
ease of use, low price, and low power consumption [35]. Applications 
for the ESP32 are written entirely in C or C++ using the Espressif 
IoT Development Framework (ESP-IDF) [47]. In our experiments, we 
utilized the ESP32-DevKitC. This device features an Xtensa dual-core 
processor running at 240 MHz, 400 kB of RAM, and 4 MB of flash 
storage. Also, it supports Wi-Fi and Bluetooth connectivity and can 
directly interface with a wide range of sensors via its integrated GPIO 
pins and a series of communication protocols, including I2C, PWM, and 
UART.

The Raspberry Pi Pico 2 W is a low-cost and flexible micro-
controller board developed by Raspberry Pi, designed as a compact 
development platform for the RP2350 MCU [37]. The board features 
a unique dual-core, dual-architecture design integrating both an Arm®
Cortex-M33 and a RISC-V Hazard3 running at up to 150 MHz. The 
board includes 520 kB of SRAM, 4 MB of external flash, and on-board 
2.4 GHz wireless connectivity with support for Wi-Fi and Bluetooth LE. 
This platform exposes 40 GPIO pins supporting a comprehensive set 
of peripherals, including SPI, I2C, UART, PWM channels, and a 12-bit 
Analog to Digital Converter (ADC). Applications for the Pico can be 
developed in C and C++ using the official SDK [48] or in Python using 
MicroPython [49], making it a versatile platform for embedded and IoT 
prototyping.

The MCXN947 is a compact and scalable development board pro-
duced by NXP and designed for rapid prototyping of industrial IoT 
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Table 3
Characterization of the power and energy consumption of the different operation states of the three representative IoT devices 
(ESP32, Pico 2 W, and MCXN947).
 State ESP32 Pico 2 W MCXN947

  [mW] 𝜏 [ms]  [mJ]  [mW] 𝜏 [ms]  [mJ]  [mW] 𝜏 [ms]  [mJ]
 𝑊 𝑎𝑘𝑒𝑈𝑝 155 2775 430 68 5800 394 224 3262 731
 𝑆𝑒𝑛𝑠𝑒 375 54 20 68 82 6 414 39 16
 𝑃𝑟𝑜𝑐. 387 4 2 77 6 1 431 3 1
 𝑃𝑟𝑒𝑑𝐷𝐿 387 61 24 77 226 17 431 42 18
 𝑃𝑟𝑒𝑑𝐷𝐵𝑃 387 30 12 77 131 10 431 19 8
 𝑃𝑟𝑒𝑑𝐾𝐹 387 120 46 77 426 33 431 88 38
 𝑇𝑥 469 690 324 576 603 347 418 125 52
 𝑆𝑙𝑒𝑒𝑝 29 – – 11 – – 31 – –  
applications [36]. It integrates a dual-core Arm® Cortex-M33 micro-
controller unit (MCU) running at 150 MHz and equipped with up to 2 
MB of flash and 512 KB of full-ECC RAM. Additional features include 
Ethernet connectivity, flash memory expansion, and standard SPI, I2C, 
and UART interfaces exposed through a set of 124 GPIO pins. A notable 
characteristic of this platform is its support for multiple hardware accel-
erators, including a Digital Signal Processing (DSP) accelerator and an 
eIQ® Neutron N1-16 Neural Processing Unit (NPU), which enables effi-
cient execution of advanced machine learning workloads. Applications 
for this device are developed in C++ using the MCUXpresso Integrated 
Development Environment (IDE) [50].

During the execution, we powered the devices using an NGMO2 
Rohde & Schwarz dual-channel power supply [51] connected in series 
with an 2.5 𝛺 shunt resistor. To measure the energy consumption, 
we sampled the voltage drop across the shunt resistor by means of a 
National Instruments NI-DAQmx PCI-6251 16-channel data acquisition 
board connected to a BNC-2120 shielded connector block [52,53].

Table  3 reports the average power, time, and energy consumption 
measured for each operational state across the three evaluated boards. 
Since the load of the prediction state (𝑃𝑟𝑒𝑑) depends on the strategy in 
use, we characterized it for the proposed deep learning (DL) models as 
well as the reference systems (i.e., DBP and Kalman Filter).

The 𝑊 𝑎𝑘𝑒𝑈𝑝 state is the most energy-intensive across all devices. 
Its high impact primarily stems from its long duration, which can be 
up to 5.8 s for the Pico 2 W. In fact, when waking up from deep sleep, 
the devices execute a full boot sequence, including sensor initialization 
and network setup. Despite its low power draw, the Pico 2 W takes 
longer to wake up due to its lower operating frequency. Conversely, 
the MCXN947 is the fastest but consumes the most energy, reaching 
up to 731 mJ. The ESP32 offers intermediate behavior, combining the 
shortest wake-up time with moderate energy consumption.

The sampling (𝑆𝑒𝑛𝑠𝑒) and processing (𝑃𝑟𝑜𝑐) of both sensors reduce 
energy consumption across all boards, thanks to their short duration. 
The ESP32 has the highest values of 20 mJ and 2 mJ, respectively.

The prediction phases (𝑃𝑟𝑒𝑑) associated with the three evaluated 
strategies introduce a modest overhead. On the ESP32, the proposed 
DL models consume an average of about 24 mJ, while the reference 
systems DBP and Kalman Filter consume, respectively, 12 mJ and 46 
mJ. Notably, the inference time remains remarkably low for model 
#3, which includes four layers with approximately 1.7k parameters, 
thanks to the TensorFlow Lite runtime and ESP-NN optimizations. A 
similar trend is observed on the Pico 2 W and the MCXN947. Despite 
their disparate power profiles (77 mW and 431 mW, respectively), their 
resulting energy costs are similar. This is due to the Pico 2 W’s lower 
operating frequency, which consequently dictates the longest predic-
tion time. The MCXN947 achieves the fastest inference by exploiting 
its accelerator. The ESP32, by contrast, provides an optimal balance 
between execution time and efficiency.

In terms of energy consumption, transmission (𝑇𝑥) is the second 
operation. The ESP32 and the Pico 2 W have comparable transmission 
costs of 324 and 347 mJ, respectively, due to their similar Wi-Fi 
transceivers. In contrast, the MCXN947 exhibits substantially lower 
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Table 4
Forecasting performance of the proposed deep-learning models with respect to 
the reference approaches.
 Dataset Model MAE Unit MAPE 
 

𝐶𝑂2

Model #1 14.250

[ppm]

0.022  
 Model #2 7.766 0.012  
 Model #3 3.597 0.006 
 DBP 9.518 0.014  
 KF 11.251 0.017  
 

𝑃𝑀2.5

Model #1 0.233

[μg/m3]

0.063  
 Model #2 0.202 0.057  
 Model #3 0.121 0.035 
 DBP 0.203 0.054  
 KF 0.199 0.052  
 

𝑁𝑜𝑖𝑠𝑒

Model #1 0.076

[mV]

0.039  
 Model #2 0.064 0.033  
 Model #3 0.037 0.019 
 DBP 0.064 0.033  
 KF 0.066 0.034  
 

𝛾 𝑑𝑜𝑠𝑒 𝑟𝑎𝑡𝑒

Model #1 33.881

[nSv/h]

0.122  
 Model #2 34.155 0.106  
 Model #3 18.247 0.064 
 DBP 32.695 0.096  
 KF 30.288 0.087  

transmission energy, approximately one order of magnitude smaller, 
due to its use of Ethernet communication, a considerably more power-
efficient method than Wi-Fi. Given the difference in energy required for 
data transmission and the minimal cost of data forecasting, PBDC tech-
niques can yield significant energy savings when properly configured.

Furthermore, exploiting the exceptionally low power consumption 
of the deep sleep mode (approximately 11 mW for the Pico 2 W), as in 
the DLDS technique, can lead to additional and potentially substantial 
energy savings.

5. Results

In this section, we provide results from three sets of experiments. 
The first one reports the forecasting performance of the proposed deep 
learning models, while the following two are aimed at characterizing 
the DLBDC and DLDS strategies, both concerning energy saving and 
measurement errors.

5.1. Performance of the forecasting models

Table  4 shows the performance of the deep-learning models to be 
used in the DLBDC strategy (i.e., the model forecasting a single future 
value 𝑡𝑠 = 1) expressed both in MAE and MAPE concerning the four 
IAQ datasets compared to the reference systems.

In particular, Model #3 produces the most accurate results across 
all datasets, achieving a remarkable percentage error of only 0.58%, 
corresponding to a MAE of only about 3.6 ppm in CO2 forecasting. 
However, performance decreases when estimating quantities with less 
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Fig. 7. Multistep forecasting error when increasing the number of samples to 
be predicted at a time (𝑡𝑠).

Fig. 8. Multistep forecasting error related to each sample position in a model 
configured with 𝑡𝑠 = 10.

defined and predictable trends, such as particulate matter (𝑃𝑀2.5) or 
radioactivity (𝛾 𝑑𝑜𝑠𝑒 𝑟𝑎𝑡𝑒), where the average percentage error reaches 
approximately 3.5% and 6.4%, respectively. In general, a model that is 
more effective at predicting the future should have a higher suppression 
ratio. Therefore, the subsequent experiments for the characterization of 
the DLBDC strategy were all conducted with Model #3.

Compared to the two reference techniques (DBP and Kalman Filter), 
the deep-learning model outperforms in all four datasets, with a greater 
gap in the quantities more difficult to predict.

Fig.  7 reports the models’ characterization in terms of MAPE, for the 
multistep forecasting methodology (i.e., when predicting more than a 
single future step at a time, as in the DLDS strategy) when increasing 
the value of 𝑡𝑠.

As expected, the longer the future period under consideration, 
the larger the average error of the model. Furthermore, it appears 
evident that, for quantities that are more difficult to predict, such as 
radioactivity, the increase is more rapid than for others, soon reaching 
percentage error values above 15%. Fortunately, as highlighted in the 
theoretical analysis of Section 3.4, the DLDS strategy achieves good 
energy efficiency already with small values of 𝑡𝑠 (between 3 and 4), 
which allows the prediction error to remain sufficiently low.

To better characterize the prediction error in the multistep fore-
casting, we evaluate the MAPE related to each sample position in 
a model configured with 𝑡𝑠 = 10. The main idea is to investigate 
how the prediction error is distributed along the 𝑡𝑠 samples. Fig. 
8 shows the MAPE versus the sample positions when predicting the 
four environmental quantities. Interestingly, the trends are significantly 
different. For example, the error for CO2 appears to increase linearly 
with a modest slope, indicating that the model effectively predicts over 
extended periods. In contrast, the other quantities show a sharp in-
crease in error in the first four positions, which then tends to reduce as 
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the position progresses. Furthermore, the slope of the curves continues 
to reflect the intrinsic difficulty of prediction, with higher values for 
radioactivity.

When implementing the DLDS strategy, it is particularly interesting 
to study the error distribution along the sample positions, as the 
last point of the multistep prediction, denoted as 𝑉𝑡+𝑡𝑠, is used to 
evaluate the accuracy of the estimation of all previous samples. This 
process helps to determine whether the model should be realigned, 
so properly sizing the 𝑡𝑠 parameters appears to be of fundamental 
importance, especially if the error trend in relation to the sample 
position is non-linear.

5.2. DLBDC performance

Fig.  9 shows the Suppression Rate (SR) calculated using the selected 
datasets for the DLBDC compared to the reference systems as the toler-
ance threshold 𝜖 varies, expressed as relative error (𝛿). It is important 
to note that the SR is calculated as the ratio between the actual number 
of suppressed messages and the total number of messages that should 
have been sent without a PBDC mechanism.

As the relative error accepted by the server (𝛿) increases, the num-
ber of packets transmitted by each PBDC technique decreases, since a 
larger portion of predicted values fall within the acceptable threshold. 
This, in turn, leads to an increase in SR. Furthermore, the DLBDC tech-
nique exhibited superior efficacy in reducing the number of messages 
transmitted to the server across the three datasets (CO2, 𝑃𝑀2.5, and 
𝑁𝑜𝑖𝑠𝑒) in comparison to the two reference systems. For instance, in 
the CO2 dataset, the proposed method achieves a suppression ratio of 
approximately 82% for a tolerance value of only 3%. At the same time, 
DBP obtains a suppression of about 78%, and KF remains at about 
27%. This indicates that, when an error of 3% is accepted in CO2
monitoring, the proposed method ensures that 82% of packets will not 
be transmitted.

It is well understood that the more effectively a model captures 
the underlying dynamics of a signal, the higher its SR will be. There-
fore, for signals that exhibit slow temporal variation and are more 
predictable, we observe high SR values. A typical example is indoor 
CO2 concentration, which increases gradually due to human respiration 
and is thus easier to model accurately. In contrast, signals such as 
ambient 𝑁𝑜𝑖𝑠𝑒 or 𝛾 𝑑𝑜𝑠𝑒 𝑟𝑎𝑡𝑒 are inherently more volatile and less 
predictable, leading to consistently lower SR values. Moreover, in the 
case of 𝛾 𝑑𝑜𝑠𝑒 𝑟𝑎𝑡𝑒, for instance, the KF demonstrates performance 
comparable to the proposed method, whereas the DBP strategy shows 
significant performance improvement when the relative error exceeds 
3%. In summary, for all datasets, when considering a 𝛿 = 0.03, the 
suppression rate accounted for the proposed DLBDC strategy ranges 
between 82% and 38%, thereby demonstrating its potential to reduce 
energy transmission in the IoT domain.

Fig.  10 shows plots that illustrate how MAPE changes as the values 
of 𝛿 increase. The MAPE is calculated using the estimated samples 
received by the remote server. It is important to note that the imposed 
value of 𝑑𝑒𝑙𝑡𝑎 represents an upper limit to the MAPE, as it determines 
the threshold above which the actual sample needs to be transmitted 
instead of using the estimated one. Therefore, the closer the MAPE 
is to the value of 𝛿, the better the technique performs. Compared to 
the others, the proposed methodology appears to be the best, with 
differences of almost 3 percentage points for the CO2 dataset and 
almost 2 points for the 𝑁𝑜𝑖𝑠𝑒 dataset. Since the value of 𝛿 represents 
a tolerance value accepted by design, any reduction in MAPE from it 
represents an additional gain in data accuracy. For example, using the 
proposed DLBDC strategy with a 5% tolerance results in a MAPE of just 
over 2% for CO2 monitoring at the cloud server. Similarly, for 𝑃𝑀2.5, 
𝑁𝑜𝑖𝑠𝑒, and 𝛾 𝑑𝑜𝑠𝑒 𝑟𝑎𝑡𝑒, the reconstructed data never show a percentage 
error above 5%, even with a tolerance of up to 10%.
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Fig. 9. Suppression rate of the DLBDC strategy with respect to the reference systems when varying the tolerance threshold 𝜖 expressed as relative error 𝛿.
Fig. 10. Variation in the server-side reconstruction error calculated for increasing values of 𝛿.
In conclusion, it is demonstrated that the DLBDC technique has the 
capacity to reduce data transmission by over 80% through the introduc-
tion of a reconstruction error of approximately 1.4% on data accuracy 
for quantities that vary slowly and predictably as CO . Conversely, in 
2

12 
the worst-case scenario, it is possible to achieve a reduction of up to 
38% by introducing an error margin of just over 1.5%.

To evaluate the energy saving associated with the reduction in data 
transmission, we calculate the active energy expenditure both with and 
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Table 5
Energy saving, achieved on top of the three hardware platforms, for the DLBDC 
task compared to DBP and KF.
 Dataset Technique MAPE ESP32 Pico 2W MCXN947

 Saving [%] Saving [%] Saving [%] 
 
𝐶𝑂2

DLBDC 0.014 31.68 36.21 3.09  
 DBP 0.015 31.25 35.03 4.11  
 KF 0.018 5.42 8.33 −3.07  
 
𝑃𝑀2.5

DLBDC 0.014 19.55 22.06 1.43  
 DBP 0.015 16.10 18.36 1.28  
 KF 0.015 1.49 3.12 −4.43  
 
𝑁𝑜𝑖𝑠𝑒

DLBDC 0.013 28.95 32.24 3.02  
 DBP 0.013 28.06 32.13 4.17  
 KF 0.014 16.88 20.15 −1.08  
 
𝛾 𝑑𝑜𝑠𝑒 𝑟𝑎𝑡𝑒

DLBDC 0.015 11.02 13.23 0.34  
 DBP 0.014 15.65 17.81 1.02  
 KF 0.015 7.16 10.03 −2.02  

without the PBDC strategies using, respectively, Eqs. (3) and (1) applied 
to the state characterization values of the devices reported in Table  3.

Table  5 reports the total energy consumed in the active states 
(i.e., without accounting for sleeping energy), alongside the energy 
saved, and the measured MAPE of the DLBDC technique compared to 
the reference systems. The computation was conducted for a monitor-
ing task that spanned over 400 h, with a 5-minute period, running on 
top of each dataset with 𝛿 = 0.03. The most cost-effective options for 
energy savings and MAPE are emphasized in bold text.

In three out of the four datasets, the proposed technique provided 
higher energy savings and lower MAPE across both the ESP32 and 
the Pico 2 W, with energy reductions ranging from 19% to 36% and 
MAPE values between 1.4% and 1.3%. For the 𝛾 𝑑𝑜𝑠𝑒 𝑟𝑎𝑡𝑒 dataset, 
the DBP outperformed the DLBDC by about 3%–4% in energy savings 
while achieving a nearly identical MAPE. On the MCXN947, however, 
the DLBDC did not yield consistent benefits, reaching a maximum 
saving of about 3%. All strategies demonstrated marginal or even 
negative savings, since the reduction in power consumption due to 
transmission suppression, did not offset the energy cost of prediction. 
This is primarily due to the lower 𝑡𝑥∕𝑝𝑟𝑒𝑑 ratio, a result of the high 
efficiency of data transmission over Ethernet of the MCXN947 chip. The 
reported results, in summary, demonstrate that the proposed DLBDC 
technique, in IoT wireless devices, can save a non-negligible part of 
the active energy in environmental monitoring at a cost of an accuracy 
reduction not exceeding 2% of the measurement.

5.3. DLDS performance

The DLDS strategy is characterized by several configuration param-
eters that need to be tuned to evaluate its exploitability. In particular, 
the size of the buffer (𝑤𝑠), the length of the predicted values (𝑡𝑠), and 
the relative error 𝛿. A set of preliminary experiments identified 𝑤𝑠 = 5
as the optimal value, which has therefore been kept constant. In the 
following, the dependency of the performance on both 𝑡𝑠 and 𝛿 has 
been evaluated.

Fig.  11 shows how the SR varies with increasing values of 𝑡𝑠 and 
different configurations of 𝛿. Notably, it is evident that the percentage 
of saved packets never falls below 70% for any of the benchmark 
datasets.

In particular, as the value of 𝑡𝑠 increases, SR always grows, reaching 
its maximum value at 𝑡𝑠 = 10. Additionally, increased 𝛿 affects perfor-
mance more at lower 𝑡𝑠. This effect can be attributed to the fact that 
the SR mostly depends on the number of samples estimated at a time, 
while the value of 𝛿 determines whether only the last of the 𝑡𝑠 value 
should be transmitted and whether the buffer should be realigned.
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Fig.  12 reports how the MAPE of the reconstructed data on the 
server-side varies for increasing value of 𝑡𝑠. For all the datasets, the 
system shows an almost monotonous growth in the value of MAPE. 
Again, the 𝛿 parameter does not produce very pronounced effects, 
especially in those hard-to-predict quantities such as 𝛾 𝑑𝑜𝑠𝑒 𝑟𝑎𝑡𝑒. In the 
latter case, the value predicted by the model at position 𝑡𝑠 almost never 
satisfies the acceptance threshold 𝛿 for any given 𝑡𝑠, always generating 
a data transmission and buffer realignment.

To investigate the tradeoff between energy consumption and re-
constructed MAPE, we calculated the active energy expenditure of the 
system with the DLDS strategy using Eq.  (5) as in the previous section.

Fig.  13 shows the Pareto charts of the four datasets, plotting active 
energy versus the server-side reconstructed error. These charts only 
consider the energy consumed by the ESP32, which is the intermediate 
reference point in terms of performance among the three evaluated 
platforms.

Pareto charts are valuable tools for visualizing relationships be-
tween cost metrics and identifying optimal trade-off points. In particu-
lar, points closer to the origin of the axes minimize both metrics. Note 
that each value of 𝛿 leads to a different family of points, represented 
by a different marker. Each point corresponds to a different 𝑡𝑠 value. 
In all datasets except for CO2, the best compromise is obtained with a 
value of 𝑡𝑠 = 5. For CO2, however, the best value is 𝑡𝑠 = 7. Concerning 
the 𝛿 parameter, the best family point for CO2 and 𝑁𝑜𝑖𝑠𝑒 appears to be 
𝛿 = 0.01, which seems to contribute to lowering the MAPE thanks to the 
low tolerance. For 𝑃𝑀2.5 and 𝛾 𝑑𝑜𝑠𝑒 𝑟𝑎𝑡𝑒, however, the points are much 
closer together, with barely appreciable performance superiority for 
𝛿 = 0.07 or 0.10. The reduction in overall performance when low error 
tolerances are applied is likely due to the frequent buffer realignment, 
which may cause the prediction model to become unstable.

Table  6 shows the optimal balance between energy savings and 
reconstruction error for each dataset, assuming the cloud server can 
tolerate a measurement error of up to 3%. In this case, none of the 
platforms exhibits negative savings, since skipping sensor acquisitions 
and anticipating entry into the deep-sleep state always reduces energy 
consumption, regardless of the energy cost of transmission. However, 
the MCXN947 consistently achieves the lowest savings among the three 
boards.

For example, in the case of CO2, the energy savings are about 89% 
thanks to the high value of 𝑡𝑠, which can be utilized. Conversely, for 
𝑃𝑀2.5, the time step must be reduced to 2 to meet the error constraints, 
resulting in an energy savings of around 58%. The 𝑁𝑜𝑖𝑠𝑒 dataset meets 
the constraint with 𝑡𝑠 = 3, resulting in an energy saving of about 75%. 
However, when it comes to radioactivity, even when employing the 
minimum time step (i.e., 𝑡𝑠 = 2), it is not possible to adhere to the error 
constraint. In this case, an error of up to 5% was measured, resulting 
in energy savings of approximately 54%.

In summary, the findings of the present experiments demonstrate 
that the DLDS strategy has the capacity to reduce the energy consump-
tion of IoT nodes in active states by a substantial amount, for example, 
by up to 89% in terms of CO2 emissions. However, it is also evident 
that this strategy cannot be applied indiscriminately to any quantity. 
Essentially, it depends on the time correlation of the data, which de-
termines its predictability. The case of the 𝛾 𝑑𝑜𝑠𝑒 𝑟𝑎𝑡𝑒 is representative 
of a quantity that follows a Poisson distribution, reflecting the random 
nature of radioactive decay and detection, which is difficult to predict 
in time.

6. Limitations and future work

The proposed work presents some limitations that must be carefully 
considered when assessing its applicability and scalability in real-world 
deployments. First, a forecasting model must be created and trained for 
each physical quantity that is to be monitored. Although this approach 
incurs increased initial setup costs, it ensures that the predictive logic is 
matched to the specific dynamics of each signal, enhancing the overall 
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Fig. 11. Suppression rate for increasing value of 𝑡𝑠 combined with different configurations of 𝛿.
Fig. 12. Error of the reconstructed data on the server-side for increasing value of 𝑡𝑠.
effectiveness and reliability of the system. Second, the effectiveness 
of the strategy depends on the temporal correlation of the sensed 
data. When such a correlation exists, the method can substantially 
reduce energy consumption. However, when the signal is dominated by 
stochastic fluctuations, such as the 𝛾 𝑑𝑜𝑠𝑒 𝑟𝑎𝑡𝑒, the predictive accuracy, 
and thus the energy savings, decrease. Third, only the DLDS strategy 
14 
can achieve a significant advantage in terms of energy saving for IoT 
devices that provide a cable internet connection, such as those used 
in industrial IoT. Lastly, unlike traditional IoT monitoring, the cloud 
server must maintain a copy of the history buffer for every sensor node 
in order to predict future values. This leads to a memory footprint 
that grows linearly with the number of nodes. Although this overhead 
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Fig. 13. Pareto charts plotting active energy versus the server-side reconstructed error.
Table 6
Reconstructed error together with the energy saving for 𝛿 = 0.03.
 Dataset MAPE Steps [#] ESP32 Pico 2W MCXN947

 En. [J] Saving [%] En. [J] Saving [%] En. [J] Saving [%] 
 𝐶𝑂2 0.029 7 457 88.23 425 89.11 568 78.34  
 𝑃𝑀2.5 0.030 2 1155 57.28 1570 58.66 1993 22.19  
 𝑁𝑜𝑖𝑠𝑒 0.028 3 1015 74.05 937 75.42 799 69.14  
 𝛾 𝑑𝑜𝑠𝑒 𝑟𝑎𝑡𝑒 0.053 2 1,793 54.33 1,695 55.10 2,012 21.07  
remains moderate in typical deployments, it becomes relevant when 
scaling to very large installations.

Future research will focus on several aspects of the proposed frame-
work. First, testing the approaches on additional wireless IoT commu-
nication protocols, such as LoRa, Bluetooth LE, or Zigbee, would help 
assess the general applicability across wireless communication channels 
with different power consumption. Second, it would be interesting 
to explore alternative network architectures for the forecasting mod-
els, including Gated Recurrent Units (GRU), or compact transformer 
models, and to compare their performance with other deep learning-
based techniques. Finally, investigating ways to further optimize the 
strategies for less predictable signals.

7. Conclusions

The increased use of IoT devices represents a significant opportunity 
to reduce global energy consumption and enable more energy-efficient 
pervasive computing.

This study addresses the rising energy consumption of Internet of 
Things devices by introducing deep-learning-based predictive sensing 
to enhance sustainability. Two lightweight methods were developed: 
(i) Deep Learning-Based Data Collection (DLBDC): a forecasting model, 
installed on both device and cloud, allows for transmitting sensor 
data only when actual values deviate beyond a tolerance threshold, 
minimizing communication energy. (ii) Deep Learning-Driven Sensing 
15 
(DLDS): predicts several future readings in advance, allowing devices to 
remain in deep-sleep states longer, cutting sensing and wake-up energy.

Implemented on three microcontrollers (i.e., Espressif ESP32, Rasp-
berry Pi Pico 2 W, NPX MCXN947) and tested with indoor air-quality 
datasets (CO2, 𝑃𝑀2.5, 𝑁𝑜𝑖𝑠𝑒, 𝛾 𝑑𝑜𝑠𝑒 𝑟𝑎𝑡𝑒), the models, particularly a 
two-layer LSTM, outperformed traditional Derivative-Based Prediction 
and Kalman Filter approaches. In particular, the experimental results 
show energy savings up to 36% for DLBDC and up to 89% for DLDS, 
while maintaining data errors below 3%.

The work demonstrates that TinyML-enabled predictive sensing 
can drastically reduce IoT energy demand, promoting environmentally 
responsible and energy-efficient smart systems.
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