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Abstract—Energy-constrained Internet of Things (IoT) 

nodes commonly use homogeneous sampling, where all sensors 

operate at the same fixed intervals. This often leads to inefficient 

energy utilization and suboptimal sensing accuracy because it 

does not account for the different temporal characteristics of 

individual sensors. This limitation highlights the need to adopt 

adaptive strategies capable of accounting for sensor-specific 

behaviours. This paper investigates the energy accuracy trade-

off of optimized homogeneous and heterogeneous sampling 

strategies using Greedy and Random Search methods. 

Experimental results show that both optimized samplings 

reduce energy consumption from approximately 70% to below 

9% of battery capacity while maintaining comparable sensing 

accuracy. In addition, heterogeneous sampling improves 

sensing accuracy by approximately 2 percentage points over 

optimized homogeneous sampling without increasing energy 

consumption by adapting sampling intervals to the 

characteristics of individual sensors. These results highlight 

that heterogeneous sampling provides a more effective balance 

between energy efficiency and sensing accuracy, making it 

better choice for multi-sensor IoT applications.  

Keywords—Heterogeneous Sampling; Homogeneous 

Sampling; Fixed-rated; Multi-sensor Internet of Things (IoT); 

Energy Accuracy Trade-off; Adaptive Sampling; Energy-Aware 

Sensing 

I. INTRODUCTION  

Designing energy efficiency in multi-sensor Internet of 
Things (IoT) systems for sensor nodes operating under 
limited and dynamic energy conditions poses a significant 
challenge. To emulate real-world deployments for monitoring 
environment and coastal sensing, sensor nodes integrate 
heterogeneous sensing modalities which include temperature, 
humidity, air quality (AQI) and tide sensors. There are 
inherent differences in sensing dynamics, variability and 
energy consumption among these modalities. Most current 
systems utilize a homogeneous sampling strategy and all the 
sensors operate at a uniform sampling interval. This 
simplification of system design and synchronisation fail to 
capture the inherent heterogeneity of multi-sensor 
environment. This leads to inefficiencies in energy utilization 
and sensing performance [1], [2]. 

From technicalities, fixed-rate or homogeneous sampling 
exhibits fundamental limitations. Sensors with slow temporal 
variation tend to oversample, which leads to unnecessary 
energy utilization with minimal information gain. In contrast, 

highly dynamic sensors may cause under sampling, which 
leads to loss of critical temporal information and reduced 
sensing accuracy. The research gap shows that existing 
sampling strategies do not effectively balance energy 
consumption and sensing fidelity due to the assumption of 
uniform temporal behaviours across sensors [3], [4]. As a 
result, to maintain an optimal balance between energy 
consumption and sensing fidelity becomes more difficult 
under fixed-rate or homogeneous sampling schemes. 

Energy-aware sensing and adaptive monitoring have 
shown the benefits of adjusting sensing behaviour based on 
recent research in system conditions and energy availability 
[5], [6]. Such approaches utilise optimization techniques to 
improve energy efficiency. However, these approaches are 
primarily designed for node-level adaptation, such as uniform 
duty-cycling across all sensors. It does not take the 
heterogeneous characteristics of individual sensors into 
account. As a result, it fails to address sensor-level 
heterogeneity where each sensing modality may require a 
specific sampling strategy. Another research gap is focused 
on optimized homogeneous sampling approaches where it 
does not take into consideration the diverse characteristics of 
individual sensors within a multi-sensor system. 

This paper systematically evaluates to overcome 
limitations of different sampling strategies within a unified 
experimental framework. Specifically, this study investigates 
whether assigning independent sampling rates to 
heterogeneous sampling sensors offers measurable 
performance advantages over homogeneous sampling sensors 
under identical energy constraints or whether homogeneous 
sampling remains equally effective. The analysis evaluates 
the performance of fixed-rate sampling, optimized 
homogeneous sampling and heterogeneous sampling 
configurations across multiple sensing modalities using Total 
Energy Consumption (TEC) and Mean Reconstruction Error 
(MRE) to capture both energy efficiency and sensing 
accuracy. The main contributions of this paper are as follows: 

• Comparative Evaluation of Sampling Strategies: A 
systematic comparison of fixed-rate, optimized 
homogeneous and heterogeneous sampling strategies in a 
multi-sensor IoT node, highlighting the limitations of 
uniform sampling and the benefits of adaptive approaches. 

• Unified Energy-Accuracy Evaluation: Total Energy 
Consumption (TEC) and Mean Reconstruction Error 
(MRE) are used to quantitatively assess the trade-off 
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between energy efficiency and sensing accuracy across 
different sampling strategies. 

• Quantitative Analysis of Optimisation Impact: 
Experimental results demonstrate that optimized sampling 
strategies significantly reduce energy consumption from 
approximately 70% under fixed-rate sampling to below 
9% of battery capacity while maintaining comparable 
accuracy. 

• Effectiveness of Heterogeneous Sampling: It is shown that 
heterogeneous sampling further improves sensing 
accuracy compared to optimized homogeneous strategies 
under similar energy constraints, confirming the 
advantage of sensor-specific sampling adaptation. 

• Sensor-Level Sampling Behaviour Insights: A detailed 
analysis of sensor-specific sampling distributions reveals 
that optimal sampling rates vary across sensing modalities 
and contribute towards improvement system efficiency. 

II. RELATED WORK 

Fixed-rate or homogeneous sampling has traditionally 
been widely used in Internet of Things (IoT) system due to its 
simplicity, easy to implement and predictable system 
behaviour. In this perspective, all sensors operate at a uniform 
sampling interval, regardless of their individual sensing 
characteristics or environmental context, to reduce overhead 
and facilitate straightforward system design. However, this 
assumption inherently treats all sensing modalities as uniform 
in function, which is seldom the case in practical multi-sensor 
deployments. Sensors to detect temperature and humidity 
often exhibit slow and smooth temporal variations. 
Meanwhile, Air quality and tide measurements sensors 
experience more dynamic fluctuations depending on 
environmental conditions. As a result, fixed-rate sampling 
often leads to inefficient system operation. This is because 
energy resources are not fully utilized and sensing 
performance is not optimized [1], [7]. These limitations 
become obvious in energy-constrained IoT nodes because 
unnecessary sampling reduces the system lifetime. 

To mitigate these problems, researchers have focused on 
adaptive and energy-aware sampling strategies. These 
approaches aim to adaptively adjust sensing rates based on 
environmental conditions such as environmental variability, 
data importance and available energy resources. Energy-
aware adaptive sampling techniques are effective to improve 
and extend operational lifetime in resource-constrained IoT 
systems through the reduction of sensing and communication 
activities [8]. Data aggregation and intelligent scheduling are 
proposed to minimize unnecessary data transmission and 
optimize overall network efficiency [4]. These strategies rely 
on residual energy, global error thresholds and network 
conditions to regulate sampling behaviours. They can be 
effective in improving overall system efficiency by typically 
using a unified control policy across all sensors. However, 
these strategies assume that a single adaptive strategy is 
sufficient to manage the entire sensing system. 

Similarly, research involving multi-sensor and 
application-specific IoT domains has amplified the 
importance of adaptive sensing. For instance, in healthcare 
and environmental sensing applications, dynamic sensing 
strategies have effectively reduced energy consumption and 

enable to maintain acceptable levels of data quality and 
reliability [9]. In addition, distributed adaptive 
communication frameworks and clustering-based sampling 
techniques have shown the benefits gained from decentralized 
sensing decisions which enable localized adaptation within 
sensor networks [7], [10], [11]. These approaches emphasize 
flexibility and scalability in heterogeneous environments 
especially when sensing conditions vary across spatial and 
temporal dimensions. Despite acknowledging environmental 
heterogeneity, many of these frameworks continue to operate 
like the sensor node as a homogeneous entity. It means a 
single sampling policy is applied uniformly across all sensors 
within a node. It does not account for differences in sensor-
specific temporal dynamics, measurement variability and 
energy consumption. This simplification limits the ability of 
such systems to exploit the potential gains achievable through 
fine-grained and sensor-level adaptation [12], [13]. 

Of late, optimization-based approaches have been 
introduced to identify efficient sampling configurations in IoT 
systems. Random and Greedy Search techniques provide 
practical and computationally efficient methods of exploring 
the sampling configuration space. Such optimization 
problems can be difficult to solve analytically because they 
involve discrete decision variables, competing objectives, 
time-varying conditions and a large sampling-configuration 
space. By using these methods, near-optimal solutions can be 
discovered by iteratively evaluating candidate configurations 
based on predefined objective functions. It helps to minimize 
energy consumption and maximize data accuracy. As for 
adaptive sensing, optimization-based strategies provide a 
flexible framework for balancing competing objectives and 
constraints. In the most recent studies, these optimization 
techniques are applied at a global and node level. As a result, 
a single optimized sampling rate is shared across all sensors. 
Furthermore, in the exploration of heterogeneous 
configurations, each sensor is assigned an independent 
sampling interval, which remains limited and the potential 
benefits are not fully quantified. 

Despite advances in adaptive, energy-aware and 
optimization-driven sensing, a critical gap remains in the 
current body of literature. To be specific, existing studies fail 
to provide a systematic and quantitative comparison between 
fixed-rate, optimized homogeneous and heterogeneous 
sampling strategies within a unified evaluation framework. 
Although previous studies have shown the benefits of 
adaptive sampling, it remains uncertain whether sensor-
specific sampling outperforms homogeneous sampling in 
terms of energy efficiency and sensing accuracy. Moreover, 
the absence of a standardized evaluation framework that 
computes Total Energy Consumption (TEC) and Mean 
Reconstruction Error (MRE) makes it difficult to assess the 
effectiveness of heterogeneous sampling. To overcome this 
gap, it is essential to modernize the design of the next 
generation IoT sensing systems that take into consideration 
both energy efficiency and context-aware which forms 
primary stimulus for the present study. 

III. METHODOLOGY 

The method involved in this study consists of a multi-
sensor Internet of Things (IoT) node equipped with four 
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sensing modalities temperature, humidity, air quality index 
(AQI) and tide sensors. These sensors exhibit heterogenous 
temporal dynamics and energy consumption characteristics. 
It reflects realistic conditions for environmental monitoring 
and coastal sensing. The system operates over a fixed time 
horizon of 1440 minutes, to correspond a full-day monitoring 
cycle. It is assumed that the available battery capacity is 
sufficient to sustain a baseline configuration of fixed 5-minute 
sampling across all sensors. It is important to provide a 
consistent reference for performance comparison. 

The effectiveness of different sampling strategies is 
evaluated using three sampling configurations. First, fixed-
rate sampling applies a uniform sampling interval selected 
from 5, 10, 15, 30 and 60 minutes across all sensors. Second, 
optimized homogeneous sampling determines a single global 
sampling interval using Random Search (RS) and Greedy 
Search (GS), where the same optimised sampling interval is 
assigned to all sensors. Third, heterogeneous sampling 
assigns independent sampling intervals to each sensor, where 
the optimal sensor-specific configuration is also obtained 
using RS and GS. For optimized homogeneous and 
heterogeneous strategies, the sampling interval search space 
is defined from 1 to 200 minutes. This formulation enables 
direct comparison between fixed-rate, optimized 
homogeneous and sensor-specific heterogeneous sampling 
under consistent evaluation conditions. To jointly evaluate 
energy efficiency and sensing accuracy, a composite fitness 
function Equation (1) is defined as:  

𝐹𝑖𝑡𝑛𝑒𝑠𝑠 = 𝑤1(1 − 𝑇𝐸𝐶𝑛𝑜𝑟𝑚)    + (1 −  𝑤1)(1 − 𝑀𝑅𝐸𝑛𝑜𝑟𝑚)       
(1) 

where 𝑤1  ∈ [0,1] is a weighting factor controlling the trade-
off between energy consumption and sensing error. 𝑇𝐸𝐶𝑛𝑜𝑟𝑚 
and 𝑀𝑅𝐸𝑛𝑜𝑟𝑚  represent the normalised total energy 
consumption and normalised mean reconstruction error 
respectively. In this study, equal weighting is adopted (𝑤1 = 
0.5), to ensure a balanced optimization objective. A higher 
fitness value indicates a better trade-off and that reflects a 
reduction in energy usage and improved reconstruction 
accuracy. 

Total Energy Consumption (TEC) over a 24-hour period 
is used to capture sensor-level heterogeneity is shown in 
Equation (2): 

 𝑇𝐸𝐶 = ∑ (
1440

𝑅𝑠
∙ 𝐸𝑠)

𝑆

𝑠=1
      (2) 

where 𝑆 represents the total number of sensors, 𝑅𝑠 represents 
the sampling interval of the sensor 𝑠, and 𝐸𝑠 represents the 
energy consumed per sampling. This formula reflects the 
inverse relationship between sampling interval and energy 
consumption. Shorter intervals mean higher sampling 
frequency and increased energy usage. In homogeneous 
sampling, 𝑅𝑠 = 𝑅  for all sensors. In heterogeneous 
sampling, each sensor operates with a distinct sampling 
interval. Sensing accuracy is evaluated using Mean 
Reconstruction Error (MRE). It quantifies the deviation 
between actual and reconstructed sensor readings. For each 
sensor, the normalized reconstruction error is represented in 
Equation (3): 

 𝑀𝑅𝐸𝑠 =
1

𝑁
∑ ∣

𝑥𝑠,𝑖−𝑥𝑠,𝑖

𝑥𝑠,max−𝑥𝑠,min
∣

𝑁

𝑖=1
 () 

where 𝑥𝑠,𝑖 represents the actual measurement, 𝑥̂𝑠,𝑖 represents 

the reconstructed value and normalization ensures 
comparability across sensors with different measurement 
ranges. The system-level 𝑀𝑅𝐸 is computed in Equation (4): 

 𝑀𝑅𝐸 =
1

𝑆
∑ 𝑀𝑅𝐸𝑠

𝑆
𝑠=1  () 

This formula is to ensure that each sensor can contribute 
fair amount to the overall accuracy metric no matter its 
scalability or variability. Sensing accuracy is expressed as in 
Equation (5): 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = (1 − 𝑀𝑅𝐸)  × 100%        (5) 

where lower MRE indicates higher accuracy. Random 
Search generates candidate sampling configurations within 
the defined search space. It evaluates each candidate using 
the composite fitness function. In contrast, Greedy Search 
helps to improve the sampling configuration by selecting 
changes that can increase the fitness value at each step. Both 
optimization methods are relevant to homogeneous and 
heterogeneous sampling configurations under identical 
evaluation conditions to ensure a fair output. 

The experiment is conducted and evaluated under 
controlled simulation conditions to ensure reliable results. 
The sampling interval search space for each sensor ranges 
from 1 to 200 minutes to enable the optimization algorithms 
to explore both high-frequency sensing and energy-efficient 
sampling configurations. To identify suitable sampling 
configurations, each optimization algorithm is executed for 
200 iterations. The dataset used is synthetically generated to 
emulate realistic sensor behavior, temporal variability and 
measurement noise. Performance is evaluated using Total 
Energy Consumption (TEC), Mean Reconstruction Error 
(MRE) and sensor-specific sampling rates. This provides a 
comprehensive assessment for both system-level energy 
efficiency and sensor-level adaptation. 

IV. RESULTS AND DISCUSSION 

This section examines the performance of fixed-rate, 
optimized homogeneous and optimized heterogeneous 
sampling strategies through a comparative analysis. The 
analysis focuses on energy accuracy trade-off, sensing 
accuracy distribution, battery consumption, sensor-level 
sampling behaviors and convergence characteristics of the 
optimization methods. The analysis is carried out under the 
selected experimental setting of weight = 5 with sunny 
weather and the environment changes every minute. 

A. Energy Accuracy Trade-off 

Fig. 1 shows the trade-off between energy consumption 
and sensing accuracy for all the evaluated sampling strategies. 
The fixed-rate baselines showed the expected relationship 
between sampling frequency, battery consumption and 
sensing accuracy. For instance, the fixed 5-minute sampling 
baseline achieves high sensing accuracy but consumes almost 
70% of the total battery capacity. This suggests that frequent 
fixed-rate sampling can preserve sensing fidelity and it is not 
efficient for energy constrained multi-sensor IoT nodes. 
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Fig. 1. Energy accuracy trade-off among various fixed-rate, optimized 
homogeneous and optimized heterogeneous sampling strategies. Each point 

represents the mean battery consumption and mean accuracy over 200 

iterations. 

In comparison, the optimized homogeneous and 
heterogeneous strategies substantially reduce battery 
consumption to below 9% while maintaining comparable 
accuracy. This result confirms that optimized sampling is 
effective in identifying sampling configurations that reduced 
unnecessary sensing activity without severely degrading 
reconstruction quality. Therefore, fixed-rate sampling is not 
an efficient strategy when the objective is to balance energy 
consumption and sensing accuracy. 

More importantly, the heterogeneous strategies provide an 
additional improvement over optimized homogeneous 
strategies. Although both optimized approaches operate 
within a similar energy range, heterogeneous sampling 
achieves higher accuracy by assigning independent sampling 
intervals to different sensors. This demonstrates that sensor-
specific sampling provides a better energy–accuracy balance 
than applying a single uniformly optimized sampling interval 
across all sensors. 

B. Accuracy Distribution 
Fig. 2 presents the distribution of sensing accuracy across 

the fixed-rate, optimized homogeneous and optimized 
heterogeneous sampling strategies over 200 iterations. The 
fixed 5-minute baseline provides strong accuracy 
performance but this is achieved at the expense of 
substantially higher battery consumption. As the fixed 
sampling interval increases, energy consumption decreases 
but the accuracy performance becomes more sensitive to 
information loss caused by less frequent sampling. 

The optimized homogeneous strategies achieve 
competitive accuracy while significantly reducing energy 
consumption. However, because optimized homogeneous 
applies a single sampling interval to all sensors, it cannot fully 
account for differences in sensor dynamics. The accuracy 
distribution shows that the optimized homogeneous methods 
perform slightly lower accuracy than the heterogeneous 
methods. 

Heterogeneous strategies achieve higher sensing accuracy 
than homogeneous strategies. Sensor-specific sampling 
improves accuracy while preserving sensing fidelity under 
similar energy constraints. The results show that optimization 
can reduce energy consumption and heterogeneous sampling 

enhances sensing accuracy through sensor-specific 
adaptation. 

 

Fig. 2. Distribution of mean sensing accuracy for various fixed-rate, 
optimized homogeneous and optimized heterogeneous sampling strategies 

over 200 iterations. The boxplots present the median, interquartile range 

(IQR) and outliers for each strategy. 

C. Battery Consumption Comparison 
Fig. 3 compares the battery consumption of the evaluated 

strategies. The fixed 5-minute baseline consumes almost 70% 
of the available battery capacity and that represents the 
highest energy demand among the tested configurations. This 
happens because all sensors are always sampled at a uniform 
interval. Although longer fixed-rate intervals can reduce 
energy consumption, the fixed-rate does not consider the 
different temporal behaviours of individual sensors. In 
contrast, both optimized homogeneous and optimized 
heterogeneous strategies consume less than 9% of the battery 
capacity. This substantial reduction highlights the 
effectiveness of optimization in energy-constrained IoT 
sensing. The results show that adaptive optimization can 
identify sampling intervals that significantly reduce energy 
consumption compared with fixed-rate sampling. 

The optimized homogeneous and heterogeneous 
strategies exhibit similar battery consumption. This is an 
important finding because the accuracy improvement 
achieved by heterogeneous sampling is obtained without 
increasing battery consumption. Therefore, heterogeneous 
sampling improves the energy–accuracy trade-off not by 
consuming more energy but by allocating sampling effort 
more efficiently across individual sensors. 

 

Fig. 3. Mean battery consumption across fixed-rate, optimized 

homogeneous and optimized heterogeneous sampling strategies. Error bars 

represent the minimum and maximum values obtained over 200 iterations. 
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Table I summarizes the main performance trends 
observed from Fig. 1 to Fig. 3. The fixed 5-minute baseline 
achieves high sensing accuracy but consumes almost 70% of 
the battery capacity. Optimized homogeneous and 
heterogeneous strategies reduce battery consumption to 
below 9%. Among the optimized approaches, heterogeneous 
sampling achieves higher sensing accuracy than 
homogeneous sampling under similar battery consumption 
and as a result, it achieves a better energy–accuracy trade-off. 

TABLE I.  SUMMARY OF PERFORMANCE COMPARISON 

Method 
Sampling 

Type 

Accuracy 

(%) 

Energy 

(%) 
Remarks 

Fixed 5 min 
Homogeneous 

fixed-rate 
~ 93 ~ 70 

High 

accuracy but 

very high 

energy 

consumption 

Fixed 10–60 

min 

Homogeneous 

fixed-rate 

Decreases 

as 

interval 

increases 

Decreases 

as 

interval 

increases 

Demonstrates 

the fixed-rate 

energy-

accuracy 

trade-off 

Optimized 

Homogeneous 

Homogeneous 

optimised 
91.2 -92.0 < 9 

Substantially 

reduces 

energy with 

moderate 

accuracy loss 

Optimized 

Heterogeneous 

Heterogeneous 

optimised 

92.5 – 

93.1 
< 9 

Improves 

accuracy 

over 

optimized 

homogeneou

s at similar 

energy cost 

 

D. Sensor-Level Sampling Behaviour 

Fig. 4 illustrates the sensor-level sampling interval 
distributions for optimized homogeneous and heterogeneous 
strategies. In the homogeneous strategy, all sensors are 
assigned to the same sampling intervals because a single 
global sampling rate is applied across the entire nodes. This 
limits the ability of the system to respond to differences in 
sensor variability, sensing importance and energy demand. 

In contrast, the heterogeneous strategy assigns different 
sampling intervals to the temperature, humidity, AQI and tide 
sensors. This confirms that different sensing modalities 
require different sampling behaviours to achieve a better 
balance between energy consumption and sensing accuracy. 
Instead of applying the same interval to all sensors, 
heterogeneous optimization allows each sensor to operate 
according to its individual characteristics and contribution to 
the overall optimization objectives. 

These differentiated sampling patterns explain the 
improved accuracy observed in heterogeneous strategies. By 
allocating sampling intervals according to sensor-level 
characteristics, heterogeneous sampling reduces redundant 
measurements while preserving important temporal 
information. These findings highlight the value of sensor-
specific sampling adaptation for improving the performance 
of multi-sensor IoT systems. 

E. Convergence Behaviour of Optimised Methods 

Fig. 5 shows the convergence behaviour of random and 
greedy search methods under homogeneous and 

heterogeneous configurations. The greedy-based methods 
converge rapidly, reaching stable fitness scores within the 
early iterations. This suggests that Greedy Search is able to 
identify high performing sampling configurations more 
quickly than Random Search. 

 

Fig. 4. Sensor-level sampling interval distributions for optimized 

homogeneous and heterogeneous strategies over 200 iterations. The 

boxplots show the distribution of selected sampling intervals for 
temperature, humidity, AQI and tide sensors and the circular markers 

indicate mean values. 

 

Fig. 5. Convergence behaviour of random and greedy search strategies 

under homogeneous and heterogeneous sampling configurations. 

In contrast, random search exhibits slower and more 
gradual improvement across iterations. This behaviour is 
expected because random search explores the sampling space 
without directional guidance. Although random search 
continues to improve over time, it requires more iterations to 
approach competitive fitness scores. 

Heterogeneous configurations generally achieve better 
final fitness scores than their homogeneous counterparts. This 
indicates that sensor-specific sampling provides a more 
favourable configuration space for balancing energy 
consumption and sensing accuracy. The convergence 
behaviour supports the earlier results by showing that 
heterogeneous strategies are not only more accurate but can 
also be effectively identified through optimization. 

F. Experimental Scope and Limitations 

This study is focused on a controlled experimental setting 
using a balanced energy accuracy weighting (w = 0.5), sunny 
weather and a fixed environmental resolution setting. 
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Therefore, the reported results primarily demonstrate the 
effectiveness of heterogeneous sampling under a 
representative baseline scenario rather than all possible 
operating conditions. Different weighting values may shift the 
optimization preference towards either lower energy 
consumption or higher sensing accuracy while cloudy or rainy 
conditions may affect energy availability and the optimal 
sampling configuration. Future evaluation should therefore 
consider multiple weighting settings, weather conditions, 
battery initial states and real-world deployment constraints to 
further validate the general applicability of the proposed 
approaches. 

G. Discussion 

Overall, the results demonstrate two important findings. 
First, optimized sampling is necessary for reducing energy 
consumption in energy-constrained multi-sensor IoT nodes. 
Compared with fixed-rate sampling, optimized homogeneous 
and heterogeneous strategies reduce battery consumption 
from approximately 70% to below 9% while maintaining 
comparable accuracy. Second, heterogeneous sampling 
provides an additional advantage over homogeneous 
sampling under similar energy constraints. By assigning 
independent sampling intervals to individual sensors, 
heterogeneous strategies improve sensing accuracy without 
increasing battery consumption. The sensor-level analysis 
further shows that different sensors benefit from different 
sampling intervals, confirming that uniform sampling is 
suboptimal for heterogeneous multi-sensor environments. 
These findings support the central argument of this paper that 
is optimization improves energy efficiency but sensor-level 
heterogeneity is required to further improve the energy 
accuracy trade-off in multi-sensor IoT systems. 

V. CONCLUSION 

This paper demonstrated the importance of heterogeneous 
sampling in improving the energy–accuracy trade-off for 
energy-constrained multi-sensor IoT nodes. The results show 
that optimized sampling reduces battery consumption from 
approximately 70% under the fixed 5-minute baseline to 
below 9%, while maintaining comparable accuracy. 
Furthermore, homogeneous sampling improves accuracy 
from 91.2% – 92.0%, and under optimized heterogeneous 
sampling, accuracy improves from 92.5% – 93.1% at similar 
energy consumption levels. These findings confirm that 
optimized heterogeneous sampling is more efficient than 
optimized homogeneous sampling for same resource 
allocation. The current evaluation is based on a controlled 
experimental setting, balanced energy–accuracy weighting, 
sunny weather conditions and a fixed environmental 
resolution. Future work will extend the evaluation to a wider 
range of weight settings, weather conditions and initial battery 
capacities. Further investigation will also consider real-world 
deployment factors, including communication overhead, 
battery dynamics, hardware-level energy behaviour and other 
optimization methods such as metaheuristic and learning-
based approaches. 
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