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ABSTRACT
An electrical conductivity (EC)-based nutrient sensor was tested on 37 Malaysian mineral soils, 
covering the texture and moisture range of humid tropical conditions, to estimate the apparent 
electrical conductivity (ECa),  NO₃⁻, P, and K in real time. The sensor converts the nutrient ionic 
strength in the soil solution into electrical signals to estimate concentration. Against the 1:5 soil 
extract EC standard method, it estimated NO₃⁻ and K well but not P (Kling-Gupta Efficiency, KGE 
= 0.31), since orthophosphate ions contribute little to overall ionic strength. Soils were subjected 
to 13 moisture treatments ranging from 0% to 60% (w/w) to assess the EC-based nutrient sensor’s 
performance. The study found that the sensor performed well (achieving KGE > 0.50, a mean absolute 
error <50%, and a bias error between -6% and 7%) in soils with clay content below 40% (v/v) and 
moisture levels above the saturation point (flooding conditions). However, results also indicated 
that the sensor underperformed in drier soils or clay content above 40% (achieving KGE<0.39, a 
mean absolute error >48%, and a bias error between -26% and 11%) due to insufficient soil water 
for nutrient dissolution and reduced ionic mobility. These limitations must be considered when 

integrating EC-based nutrient sensors into IoT-
based field data acquisition systems for real-time 
soil nutrient monitoring. While technological 
limitations remain, overcoming these challenges 
will allow this in-situ sensing framework to 
effectively characterise soil nutrient dynamics 
and establish the environmental thresholds 
necessary for precision, 'right-time' fertiliser 
management. 

Keywords: Electrical conductivity, nitrate, potassium, 
precision agriculture, soil nutrient estimation
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INTRODUCTION

Nutrient content, particularly nitrogen (N), phosphorus (P), and potassium (K) - collectively 
known here in this paper as NPK - is important in supporting plant health and crop 
production (Žinete, 2023). To understand the soil nutrient status, soil nutrient analysis plays 
a pivotal role in sustainable agricultural development by ensuring balanced fertilisation, 
improving crop performance, and mitigating environmental degradation (Sahu et al., 
2020). Traditional laboratory-based soil testing methods are the benchmark for accuracy, 
but they are time-consuming, expensive, and require specialised equipment and trained 
personnel. These limitations make them less practical for on-site or real-time decision-
making, especially for resource-limited farmers.

Hence, innovative solutions are essential for delivering real-time, precise data on soil 
nutrient levels and addressing the limitations of traditional laboratory nutrient analysis 
(Islam et al., 2023). In recent years, the application of Internet of Things (IoT) technology 
for real-time soil nutrient monitoring has emerged (Reddy et al., 2023). The integration 
of EC-based nutrient sensors with IoT has enhanced resource efficiency by enabling real-
time monitoring, reducing operational costs, and facilitating data-driven decisions through 
artificial intelligence in fertilisation systems. This has led to more sustainable and productive 
agriculture (Hossain et al., 2023; Nyakuri et al., 2022).

The EC-based nutrient sensor operates on the principle of apparent electrical 
conductivity (ECa), measuring bulk soil conductivity in real-time to estimate nutrient 
content.(Corwin & Yemoto, 2020). Nevertheless, ECa is influenced by soil texture. Clay 
soils hold more water gravimetrically than sandy soils; therefore, the former soils have 
greater water-holding capacity (Rout & Arulmozhiselvan, 2019). That difference affects 
ECa, and measurements lose reliability under fluctuating moisture (Costa et al., 2014), 
complicating nutrient estimation in heterogeneous soils.

The ECa-nutrient relationship is inconsistent across soil types, spatial gradients, and 
cropping systems, with location-specific factors adding further noise (Heiniger et al., 
2003; Mazur et al., 2022; Omonode & Vyn, 2006). Fertiliser applications temporarily raise 
EC, but the increase does not consistently correspond to nutrient availability across soils  
(Othaman et al., 2021). EC-based sensors have advanced, allowing for real-time nutrient 
monitoring, but the diverse physical and chemical properties of soils prevent them from 
fully capturing soil-nutrient interactions, producing errors under variable field conditions.

Although Dimkpa et al. (2017) found few independent assessments of rapid nutrient 
testing technologies, sensor accuracy remains under-documented in the literature. Most 
studies have integrated EC sensors into IoT frameworks for real-time monitoring without 
validating accuracy across soil textures and moisture levels. Soil texture, moisture content, 
chemical composition, and microbial communities each shift readings independently, 
making direct nutrient detection unreliable  (Nadporozhskaya et al., 2022). This limits 
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EC-based sensors in heterogeneous tropical agricultural soils, which are predominantly 
weathered and acidic and cover about 43% of Earth’s land area (Nottingham et al., 2022). 
These sensors warrant further investigation, though their reliability remains constrained 
by soil heterogeneity and dynamic field conditions.

This study evaluated an EC-based nutrient sensor across varied soil textures and 
moisture conditions in selected tropical mineral soils. The sensor design is specific, but 
the findings address the broader relationships among soil EC, moisture, and NO₃⁻, P, 
and K captured by EC-based devices. Performance was assessed through simple linear 
regression models validated against laboratory data using three metrics: Kling-Gupta 
Efficiency (KGE), Normalised Mean Absolute Error (NMAE), and Normalised Mean Bias 
Error (NMBE). Understanding how the sensor performs across soil conditions will inform 
strategies for reliable soil fertility monitoring.

This study focuses on selected Peninsular Malaysian mineral soils, which are taken as 
representative of humid tropical soils. These soils are characterised by intense weathering, 
significant nutrient leaching, acidity (pH < 5), low cation exchange capacity (CEC < 20 
cmol/kg), low total phosphorus (≤ 24%), high exchangeable aluminium in some areas, 
and a predominance of Oxisols with a silt-to-clay ratio of less than 0.15. Oxisols cover 
approximately 23% of the Earth's land area (Dion, 2010; Nottingham et al., 2022) .

Unlike previous studies that primarily focus on IoT frameworks, this study uniquely 
investigates the responses of an EC-based nutrient sensor in determining nutrients (EC, 
NPK) under varying soil moisture and texture conditions in Malaysian mineral soils, 
which are representative of humid tropical environments.  However, due to the specificity 
of humid tropical soil properties, the findings should be interpreted with caution when 
applied to other soil types beyond this region.

EC-based sensors offer a faster alternative to laboratory testing for real-time soil 
fertility monitoring, but how soil texture and moisture affect bulk conductivity and NPK 
estimation in humid tropical mineral soils is still not well characterised. Consequently, 
this study aimed to evaluate how both variables influence EC-based sensor performance 
for estimating these macronutrients, hypothesising that texture and moisture alter ECa by 
governing water availability and ion mobility, which affects estimation accuracy.

MATERIALS AND METHODS

Soil Sampling and Laboratory Soil Assays

To capture a wide range of soil physical and chemical properties—particularly soil texture 
variations—at selected field sites in Malaysia representing tropical mineral soils, a point 
sampling approach was employed. Individual soil samples were collected from distinct 
locations, each representing different soil types, land uses, and agroecological conditions 
(Figure 1). This approach captured diverse soil characteristics rather than spatial variability 
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within a single field. Sampling was carried out in 2024 across locations with a humid 
tropical climate, high temperatures, and variable rainfall. Thirty-seven topsoil samples (0-
10 cm) were selected using a point sampling approach, spanning a regional gradient of soil 
textures, parent materials, and crop management histories. This layer is the primary zone of 
root activity and fertiliser application. Samples were air-dried, ground, and sieved through 
a 2-mm mesh. Air-dried soil forms hard clumps that can damage the probe, so crushing 
and sieving were necessary before sensor insertion. Laboratory assays characterised soil 
chemical and physical properties (Table 1 and Table 2). All laboratory characterisation and 
sensor measurements were conducted in triplicate.

For soil chemical properties, the following parameters were measured: pH, EC, total 
nitrogen (TN), NH₄⁺, NO₃⁻, available P, and exchangeable K. These analyses followed 
the protocols outlined by Reeuwijk (2002), Gavlak et al. (2005),  and Pansu et al. (2006). 

The pH and EC of the suspension were measured using a Hanna Edge pH meter and a 
Hanna HI2300 EC meter (Hanna Instruments, USA). NH₄⁺ and NO₃⁻ concentrations in the 
filtrate were analysed using a SEAL AA500 AutoAnalyzer (SEAL Analytical, Germany). 
Available P was measured using a Series 1000 UV/Visible Spectrophotometer (Cecil 
Instruments, UK) at 882 nm. Exchangeable K was determined using a PinAAcle 900T 
Atomic Absorption Spectrometer (PerkinElmer, USA). 

Soil physical properties, including soil texture, were determined according to the 
methods described by Gee & Bauder (1986), and soil water retention was measured using 
the procedure outlined by Klute (1986).

Figure 1. Spatial distribution of the 37 soil sampling locations across Peninsular Malaysia, representing diverse 
soil textures, land uses, and agroecological zones
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Relationship between EC and NPK in Laboratory Analysis

The soil EC and NPK data were obtained through laboratory analysis and further 
investigated to determine their relationship. A total of 37 soil samples were used in this 
study. Pearson correlation analysis was first conducted to assess the strength and direction 
of the relationships between EC and the concentrations of TN, NH4

+, NO₃⁻, P, and K across 
all 37 soil samples. A minimum correlation threshold of r ≥0.60 was set as a prerequisite 
for subsequent regression development. Setting this threshold at this level will determine 
EC’s predictive power for these nutrients.

The 37 soil samples were randomly divided into calibration and validation groups in 
a 70:30 ratio, respectively, where the calibration group, comprising 26 soil samples, was 
utilised to construct simple linear regression models to predict nutrient concentrations 
based on laboratory EC values. 95% confidence intervals were calculated for all regression 
coefficients to establish parameter precision. The validation group, comprising 11 samples, 
was for independent validation. These allocations are detailed in Table 1 under the 'Dataset 
Category', with 26 samples designated for calibration and 11 for validation using R 
statistical software (version 4.3.1).

Validation of the models' prediction performance was assessed using three statistical 
metrics: KGE, NMAE, and NMBE. The last two metrics were selected to assess overall 
model accuracy and model bias, respectively, whereas KGE was chosen because it 
simultaneously assesses a model's performance based on three criteria: correlation, bias, 
and variability between observed and predicted values. KGE ranges from −∞ to 1, with 
a value of 1 indicating perfect agreement. NMAE measures the average prediction error 
normalised to the observed range, allowing for an evaluation of how closely the predictions 
align with observed values, where values range from 0 to +∞, with 0 indicating perfect 
agreement. NMBE quantifies model bias, offering insight into whether the predictions 
systematically overestimate or underestimate observations, with values ranging from − ∞ 
to + ∞ and 0 indicating no bias (Gupta et al., 2009)

observations, with values ranging from − ∞ to + ∞ and 0 indicating no bias (Gupta et al., 2009)  

    [1] 

where r is the correlation coefficient between  

	 [1]

where r is the correlation coefficient between predicted and observed values; β is 
the bias ratio, defined as µp/µo, where µp is the mean predicted value, and μo is the 
mean observed value (both expressed in the same unit); and γ=(σ_o⁄µ_0 )/(σ_p⁄µ_p ) 
the variability ratio, which compares the observed coefficient of variation (σo/µo) to the 
predicted coefficient of variation (σp/µp).observed coefficient of variation (σo/µo) to the predicted coefficient of variation (σp/µp). 

          [2] 

where Pi represents the predicted  

	 [2]
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where Pi represents the predicted values; represents the observed values; Ō represents 
the mean of all observed values, respectively (all in the same unit); n represents the total 
number of observations. observations.  

          [3] 

These three metrics  

	 [3]

These three metrics (Equations 1 - 3) were chosen for their distinct strengths: KGE 
combines correlation, bias, and variability into a single score for overall model fit; NMAE 
measures overall model prediction errors; and NMBE measures model bias, revealing 
whether the model consistently over- or under-predicts.

 Together, these metrics assess both the EC-nutrient relationship and the practical 
reliability of the regression models for estimating nutrient concentrations from EC 
measurements.

Evaluation of an EC-based Electronic Nutrient Sensor under Various Soil Moisture 
Conditions
The EC-based electronic nutrient sensor, manufactured by JXCT® (Shandong 
Jingxunchangtong Electronic Technology Co., Ltd., China), has two stainless steel 
electrodes that measure soil NPK, temperature, moisture, pH, and EC (Figure 2). The 
probes are IP68-rated, use an RS485 output signal, and operate at 9-24 V DC. Data are 
displayed on the sensor monitor.

Soil moisture was controlled in a laboratory to isolate its effect on sensor performance 
from field variables such as evaporation under direct sunlight.

Moisture levels were adjusted from 0% to 60% (w/w) at 5% intervals. The 60% ceiling 
was set to exceed the saturation point (wet basis) of each soil, enabling evaluation under 

Figure 2. Stainless steel soil NPK, temperature, moisture, EC and pH electrical probes
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fully saturated conditions. For a 250 g subsample, 12.5 g of water (5% of 250 g) was added 
per step. After each addition, subsamples were equilibrated for one day to allow uniform 
water distribution before sensor measurements.

At each moisture level, sensor readings were taken after 1 min for all three subsamples 
of each soil (Figure 3). Soil moisture (v/v) was measured immediately after using a 
FieldScout TDR 100 (Spectrum Technologies, Inc., USA). This sensor was calibrated 
before each use and served as a moisture reference, given its established use in soil moisture 
determination. These readings were compared against the saturation point (SP, wet basis) 
measured for each soil using the pressure plate extractor method. Full saturation was 
confirmed when TDR readings stabilised at each soil’s SP threshold.

Optimisation and Evaluation of EC-Based Electronic Nutrient Sensor

A total of 1,443 sensor readings were collected by monitoring the 37 soil samples across 
sequential moisture content adjustments, ranging from 0% to 60% (w/w) at 5% intervals. 
To evaluate sensor performance against laboratory values across varying moisture matrices, 

Figure 3. Soil parameters determination using EC-based electronic nutrient sensor (Shandong Jingxunchangtong 
Electronic Technology Co., Ltd., China)
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the dataset was partitioned strictly by soil sample, matching the independent 26-calibration 
and 11-validation sample groupings detailed in Table 1, was applied to categorise the data 
into calibration and validation sets.

To optimise the performance of the electronic in-situ nutrient sensor, data were filtered 
based on soil moisture conditions measured using the FieldScout TDR 100 soil moisture 
meter and soil texture. Specifically, soil texture was filtered by clay percentage to ensure 
the calibration models accurately accounted for the physical properties influencing nutrient 
estimation. A simple linear regression modelling approach was employed to develop 
predictive models linking the electronic in-situ sensor values (EC, NO₃⁻, P, and K) to 
laboratory-determined soil nutrient concentrations. Sensor performance was evaluated using 
three statistical metrics—KGE, NMAE, and NMBE—to ensure accuracy and reliability 
across diverse soil conditions.

RESULTS AND DISCUSSIONS

Relationship between EC and NPK in Laboratory Analysis

EC and forms of N 

TN is commonly analysed in the laboratory to understand the combined amount of organic 
and inorganic N in the soil. While NH₄⁺ and NO₃⁻ represent the inorganic forms of N that 
are directly available for plant uptake and are the primary sources derived from nitrogen 
fertilisers.

From Figure 4 (a) and (b), no significant relationships were observed between EC and 
TN or NH₄⁺ from laboratory analysis. This lack of correlation can be attributed to NH₄⁺ , 
which is positively charged and strongly adsorbs onto negatively charged soil particles, 
such as clay minerals. This adsorption reduces its mobility in the soil (Yu et al., 2023). 
Moreover, soil TN comprises organic forms like proteinaceous materials and heterocyclic 
compounds, as well as inorganic forms such as ammonia. Many of these N sources are not 
part of the soil solution, thus not contributing directly to ionic conductivity (Schulten & 
Schnitzer, 1997). As a result, laboratory EC measurements were less effective in predicting 
TN or NH₄⁺ concentrations due to lower ionic conductivity strength. 

In contrast, Figure 4 (c) shows a strong positive correlation between EC and NO₃⁻ 
concentrations (r = 0.75), indicating that higher EC levels correspond to increased NO₃⁻ 
content in the soil. This relationship is attributed to NO₃⁻ is high mobility in water and a 
significant contribution to soil ionic conductivity. Analysis of 26 soil samples with varying 
land uses and chemical and physical properties revealed that NO₃⁻ concentrations can be 
estimated as 16% of EC values (Figure 4 (d)).  

According to Thiemig et al. (2013), KGE values can be classified into performance 
levels: poor performance (0.50 > KGE > 0), intermediate performance (0.75 > KGE > 0.50),  
and good performance (KGE > 0.75). Based on this classification, the NO3

- model 
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Figure 4. Relationships between laboratory-measured EC and total nitrogen (TN) concentrations (a), EC 
and NH₄⁺ concentrations (b), and EC and NO₃⁻ concentrations (c); (d) NO₃⁻ prediction model; and (e) NO₃⁻ 
prediction using 1:5 EC values

demonstrates good performance (KGE = 0.79) (Figure 4 (e)), indicating its reliability for 
predicting nitrate concentrations by EC with moderate error (NMAE = 0.41) and minimal 
bias (NMBE = -0.03). These findings are consistent with previous studies, highlighting 
the potential of EC-based regression models, such as those using TDR sensors and the 
Rhoades model, for continuous monitoring of soil nitrate levels in Andisol fields (Miyamoto 
et al., 2015).

EC and P

A moderate positive correlation (r = 0.60) was observed between EC and P in laboratory 
analysis after excluding two outlier samples with extremely high phosphorus concentrations 



1426 Pertanika J. Trop. Agric. Sci. 49 (3): 1413 - 1435 (2026)

Melissa Mei Teng Lok, Ngai Paing Tan, Yei Kheng Tee, and Christopher Boon Sung Teh

(>1000 mg kg-1) from the 37 soil samples (Figure 5 (a)). These outliers were identified 
and removed based on the interquartile range (IQR) method, as the extreme values were 
attributed to localised over-fertilisation of phosphorus. However, Figure 5 (c) indicate that 
the P prediction model based on EC had poor performance (KGE=0.31) and 63% mean 
absolute error. Orthophosphate ions (plant-available P) have lower ionic conductivity in 
soil solution than nitrate and high natural variability. P availability is governed by pH, 
mineralogy, microbial solubilization, and organic matter interactions. Iron oxyhydroxides, 
struvite, vivianite, and organic matter adsorb and precipitate P, while certain bacteria 
enhance availability by producing organic acids that solubilise bound P, particularly in 
acidic soils (Ahmed et al., 2023; Azam et al., 2019; Herndon et al., 2020; Tamad et al., 
2020). This variability across soils makes P concentration difficult to estimate from EC 
measurements alone.

EC and K

K correlated positively with EC (r = 0.64, Figure 6a) across selected Malaysian agricultural 
soils. This is expected because cations, including potassium, calcium, and magnesium, 
drive soil electrical conductivity, and their concentration and mobility in the soil solution 
determine EC readings (Rhoades et al., 1989).

Figure 5. (a) Relationships between laboratory-measured EC and P concentrations; (b) P prediction model; 
and (c) P prediction using 1:5 EC values
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The K prediction model was overall accurate (KGE = 0.62, Figure 6c), capturing the 
trends in exchangeable K across the sampled soils. The 1:5 soil-to-water EC extraction 
method estimated K concentrations with sufficient accuracy for rapid nutrient determination.

Optimisation and Evaluation of an Electronic EC-based Nutrient Sensor

The electronic nutrient sensor relies on ECa to estimate soil NPK concentrations, with soil 
moisture content significantly affecting sensor readings. Figure 7 showed that readings of 
the sensor for ECa, NO₃⁻, P, and K spiked then stabilised once soil moisture exceeded the 
saturation point in loamy sand. This moisture dependence makes the sensor unsuitable for 
dry soil conditions.

Moreover, this study revealed that soil texture also affected the sensor's performance to 
optimise its functionality. The sensor was suitable for applications where clay content was 
below 30%, with soil moisture (v/v) ranging from 40% to 55% for NO₃⁻. While the sensor 
was effective with clay content below 40%, and soil moisture (v/v) ranging from 40% to 
60% for EC, P, and K determination (Table 3). The sensor's best performance was at 40-60% 
(v/v) moisture because of greater dissolved nutrients and higher ionic conductivity in the 
soil solution. Higher moisture facilitates mobile nutrient transport (Bauke et al., 2022), and 
in low-clay soils, NO₃⁻, P, and K become more available, increasing ionic conductivity and 
improving nutrient estimation. At lower moisture levels, nutrient dissolution and mobility 

Figure 6. (a) Relationships between laboratory-measured EC and K concentrations; (b) K prediction model; 
and (c) K prediction using 1:5 EC values
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are limited, resulting in less reliable readings. Conversely, excessive moisture beyond 
the saturation point can also dilute nutrient concentrations, reduce sensor accuracy, and 
negatively affect the soil environment, such as nutrient leaching.

The EC-based electronic nutrient sensor readings required calibration to achieve 
accurate results, as outlined in the criteria in Table 3. The calibration models for EC, NO₃⁻, 
P, and K demonstrated intermediate performance, achieving KGE > 0.50, NMAE < 0.50, 
and -0.06 ≤ NMBE ≤ 0.07 (Figure 8). While these metrics indicate the potential of the 
models for rapid nutrient estimation, they also highlight room for improvement, especially 
for high-precision applications. 

Figure 7. Performance of the EC-based nutrient sensor under varying soil moisture in loamy sand: a) EC 
response, b) NO3- response, c) P response and d) K: response

Table 3 
Criteria for EC-based electronic nutrient sensor

Parameter MC reading from FieldScout Soil Moisture Meter (%) (v/v) Clay (%)
EC 40<MC<60 <35

NO3
- 40<MC<55 <35

P 40<MC<60 <40
K 40<MC<60 <40

Note. MC: soil moisture content. The EC-based electronic nutrient sensor is valid for P concentrations below 
1000 mg kg-1
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Figure 8. Calibration analysis and validation of the EC-based electronic nutrient sensor against laboratory-
measured values, with criteria outlined in Table 3. Error bars represent the mean (± standard error). (a) EC 
calibration model; (b) EC validation; (c) NO₃⁻ calibration model; (d) NO₃⁻ validation; (e) P calibration model; 
(f) P validation; (g) K calibration model; and (h) K validation

Despite the applicability of these calibration models, the deployment of EC-based 
electronic nutrient sensors presents two major challenges: soil type specificity and the 
necessity for high soil moisture levels. When the soil conditions have a clay percentage 
higher than 30-40% and soil moisture within the range of 10-40% (v/v) (field capacity 
range) as measured by the FieldScout Soil Moisture Meter, the electronic nutrient sensor 
performs poorly in estimating soil nutrients (Figures 9 and 10). This is because sandy and 
silty soils are negatively correlated with CEC, whereas clayey soils have a positive impact 
on CEC (Obalum et al., 2013), allowing them to retain more nutrients, while CEC is often 
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Figure 9. Calibration and validation analysis of the EC-based electronic nutrient sensor against laboratory-
measured values, with moisture content within the field capacity range (10-40% v/v) as measured using the 
FieldScout Soil Moisture Meter. Error bars represent the mean (± standard error). (a) EC calibration model; 
(b) EC validation; (c) NO₃⁻ calibration model; (d) NO₃⁻ validation; (e) P calibration model; (f) P validation; 
(g) K calibration model; and (h) K validation

correlated with ECa (Zhao et al., 2022). Furthermore, the sensor does not perform optimally 
at field capacity due to the lower availability of dissolved ions in soil water to convert 
electrical signals. Soils with clay content above 40% are unsuitable for this sensor. Stable 
readings also require 40-60% (v/v) moisture, which exceeds the saturation point of most 
soils. Sustained saturation causes flooding, creating anaerobic conditions that inhibit root 
function and can trigger root rot (Chadha et al., 2019). Field deployment must therefore 
account for clay content and moisture management.
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CONCLUSION
This study demonstrates that electronic EC-based sensors provide a viable means of 
estimating NO3

- and K levels in humid tropical mineral soils, though their efficacy is strictly 
influenced by soil physical properties. The 1:5 EC extraction method reliably estimated 
NO₃⁻ and K but not P, where the low ionic contribution of orthophosphate produced a poor 
model fit (KGE = 0.31). The sensor is also restricted to soils below 40% clay; above that 
threshold, predictive accuracy drops. Performance peaks at near-saturated moisture, though 
that range risks anaerobic conditions in the root zone. Implementing EC-based sensors in 
tropical agriculture will require calibration models that account for high clay content and 
variable moisture regimes.

Figure 10. Calibration analysis and validation of the EC-based electronic nutrient sensor against laboratory-
measured values, with clay percentage criteria higher than those outlined in Table 3. Error bars represent the 
mean (± standard error). (a) EC calibration model; (b) EC validation; (c) NO₃⁻ calibration model; (d) NO₃⁻ 
validation; (e) P calibration model; (f) P validation; (g) K calibration model; and (h) K validation
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IMPLICATION OF THE STUDY

Results from this study inform sensor integration for precision agriculture in tropical regions. 
EC-based sensing works for N and K but not P, which shapes nutrient management protocols 
accordingly. Texture-specific calibration is necessary: the 40% clay threshold marks where 
sensor accuracy breaks down. The moisture dependency suggests future designs should 
incorporate secondary transducers or compensatory logic to remain functional at field 
capacity. These constraints should guide IoT-based monitoring deployment and ensure 
data-driven fertilisation accounts for the electrochemical and physical properties of humid 
tropical mineral soils.

LIMITATION AND RECOMMENDATION FOR FUTURE RESEARCH 

The small sample size may limit the generalizability of findings across the full range of 
humid tropical mineral soils. The results confirm that EC-based sensors face substantial 
limitations in estimating NO₃⁻, P, and K in heterogeneous tropical soils, despite their 
widespread integration into IoT platforms for real-time monitoring. Future research should 
draw on a wider range of soils and incorporate geospatial approaches, including fuzzy logic, 
geostatistical methods, and GIS techniques (Seyedmohammadi et al., 2019), to improve 
calibration and site-specific nutrient estimation. Sensor design should also target sensitivity 
and reliability at field capacity, which better represents actual growing conditions. In regions 
with high soil variability, precision agriculture adoption should proceed cautiously, with 
priority given to localised calibration.
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