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Abstract 

Inefficient fertilizer application in agriculture leads to reduced crop productivity, nutrient losses, 

and reduced crop resilience, highlighting the urgent need for real-time monitoring of plant–soil 

nutrient dynamics. This research aims to develop and validate a multiplexed sensing platform for 

simultaneous, in-situ measurement of key soil nutrients (Soil-FIT) and plant phytohormones 

(Stem-FIT) involved in nitrogen signaling and stress regulation. The proposed sensor suite 

integrates three 3D-printed modules for continuous monitoring of nitrate, ammonium, and pH in 

both soil and plant sap, along with salicylic acid (SA), indole-3-acetic acid (IAA), methyl 

jasmonate (MeJA), and ethylene (ET) in plant sap. The sensors, functionalized with non-enzymatic 

electrode coatings, were deployed in bell pepper plants grown under four treatment combinations 

of irrigation (full vs. deficit) and nitrogen application (medium vs. high). Data were collected every 

three hours over the growing period and analyzed using a long short-term memory (LSTM) model 

for short-term prediction of nutrient and hormone fluctuations. The sensors exhibited high 

sensitivity and stability, achieving detection limits of 0.218 μM for IAA, 1.07 μM for MeJA, 1.315 
μM for SA, 1.08 ppm for nitrate, 1.017 ppm for ammonium, 0.29 ppm for ethylene, and 0.01 pH. 
The LSTM model demonstrated strong predictive capability (R² = up to 0.86), accurately 

forecasting short-term variations in plant and soil nutrient–hormone profiles. These findings 

demonstrate that coupling real-time, multiplexed sensing with machine learning enables early 

detection and prediction of crop stress, supporting precision nitrogen management and advancing 

sustainable agricultural practices. 
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1. Introduction 

 

Agriculture provides food, fiber, and fodder, and thus plays a critical role in the economic 

development of many nations1,2. Despite this, around 820 million people globally suffer from 

malnutrition, and with the global population expected to grow by 34% by 2050, food scarcity is 

likely to worsen2. Enhancing agricultural productivity is essential to combat global hunger and 

poverty3. Farmers often over-apply or under-apply fertilizers in an attempt to maximize crop 

yields4, which can lead to reduced productivity and economic losses. There are two primary classes 

of minerals essential for plant growth: macronutrients and micronutrients. Key macronutrients 

include nitrogen (N), potassium (K), and phosphorus (P), while iron (Fe), zinc (Zn), manganese 

(Mn), and copper (Cu) are some of the important micronutrients5. Among these, nitrogen (N) is 

the most critical nutrient for plant productivity, as it serves as a fundamental component of amino 

acids, chlorophyll, and nucleic acids. N deficiency severely impairs photosynthesis, reduces leaf 

area and chlorophyll content, and restricts shoot and root growth, ultimately leading to diminished 

biomass accumulation and yield potential6. In addition, drought conditions significantly limit 

nitrate uptake and assimilation by reducing soil moisture, root hydraulic conductivity, and nitrate 

transporter activity, leading to nutrient imbalances and exacerbated yield losses under water 



stress7,8. Conversely, excessive use of N, P, and K fertilizers can degrade soil quality and water 

resources, emphasizing the need for precise and sustainable fertilizer management practices9. 

Research shows that plants utilize only a small portion of applied nutrients, with most N lost 

through leaching, runoff, or conversion to greenhouse gases. On average, 12.5% of nitrate10 and 

0.75-1.95% of phosphate11 are lost annually via leaching and runoff due to their high solubility 

and mobility in soil water. Moreover, agriculture, primarily through N fertilizer and manure use, 

contributes nearly 70% of all anthropogenic nitrous oxide (N₂O) emissions12—a greenhouse gas 

almost 300 times more potent than carbon dioxide13. Precision agriculture, leveraging smart 

sensors, machine learning, artificial intelligence, and data-driven farm management, aims to 

optimize nutrient and water inputs, thereby improving productivity while minimizing 

environmental impacts3,14,15. Field-deployable sensing systems capable of continuously 

monitoring soil and plant nutrient status are therefore crucial for enabling timely, informed 

decisions in precision nutrient management. 

 

Real-time monitoring of soil nutrients and crop biomolecules would enable early detection of 

drought and N stress by capturing dynamic changes in soil nutrient content as well as stress-

associated phytohormones in plants. N and phytohormone signaling pathways are intricately 

connected, influencing plant growth and development through a complex network of interactions. 

Nitrate not only serves as a vital nutrient but also acts as a signaling molecule that triggers both 

local and systemic pathways, impacting gene expression, metabolism, physiology, and 

developmental processes16. These pathways are closely integrated with the biosynthesis, transport, 

and signaling of various plant defense hormones such as auxin, abscisic acid (ABA), ethylene 

(ET), salicylic acid (SA), Jasmonic acid (JA), and gibberellins17–20. Conversely, hormonal 

signaling can modulate nitrate-related regulatory networks, creating a feedback loop that fine-

tunes plant’s adaptation responses to environmental conditions. Recent studies have shown that 

the interplay between nitrate and numerous hormones coordinates critical aspects of plant growth, 

including root development, shoot branching, and stem cell dynamics. There is a strong connection 

between auxin and N in species like Arabidopsis thaliana, Zea mays (maize), and Oryza sativa 

(rice)21–24. Changes in N availability influence auxin transport and signaling, directly impacting 

root development. For instance, in rice, auxin accumulation (i.e., Indole-3-acetic acid, IAA) in 

roots is induced under partial nitrate nutrition compared to ammonium-only conditions23. Auxin 

signaling in response to nitrate, involving key genes like TAR2 and the auxin receptor AFB3, is 

crucial for both primary and lateral root growth25. The nitrate transceptor NRT1.1 also plays a 

significant role by regulating auxin transport. NRT1.1 negatively regulates auxin accumulation in 

lateral roots under low nitrate conditions, thereby preventing lateral root elongation and reducing 

the plant’s capacity to forage effectively for nitrate and ammonium21. Ethylene (ET) is another 

hormone, which is regulated by the availability of N in the soil. Studies reveal that when 

Arabidopsis roots are exposed to high nitrate concentrations, ET production increases, 

downregulating the nitrate transporter NRT2.1 and upregulating the nitrate transceptor NRT1.126. 

In another experiment suggesting a negative feedback loop, when seedlings were transferred from 

high (10 mM) to low (0.2 mM) nitrate conditions, there was a rapid burst of ET, which initially 

upregulated NRT2.1 gene expression, enhancing nitrate uptake and decreasing nitrate levels 

around the roots27. This reduction in the nitrate levels then triggered ET biosynthesis and signaling, 

ultimately causing the downregulation of NRT2.1. A potential link between nitrate and other 

phytohormones, such as salicylic acid (SA) and methyl jasmonate (MeJA), a derivative of 

jasmonic acid, has been suggested in several studies. SA modulates nitrate uptake and assimilation, 



as observed in Citrullus lanatus L. (watermelon), where SA increased nitrate uptake and 

assimilation by upregulating N reductase activity and influencing the expression of nitrate 

transporter genes28. JA, particularly its active form MeJA, often downregulates nitrate uptake 

under stress by prioritizing defense-related metabolism over nutrient acquisition. The SA–JA 

crosstalk29 helps balance these processes through the stress-initiated nitrate allocation to roots 

(SINAR) mechanism, where JA and ET signaling upregulate NRT1.8 (nitrate transport into roots 

for detoxification) and downregulate NRT1.5 (nitrate export to shoots), while SA signaling 

modulates nitrate assimilation activity. Additionally, SINAR balances the trade-off between stress 

tolerance and plant growth, which depends on nitrate reductase activity30. These N-hormonal cross 

talks are summarized in Fig. 1a 29,31–42. Thus, real-time monitoring of these hormones alongside 

plant and soil N would uncover the various regulatory mechanisms through which they interact 

under conditions of excess or deficiency in soil N levels. 

  

Currently, established laboratory-based methods for measuring soil N and phytohormones include 

mass spectrometry, ultraviolet-visible spectrophotometry, ion chromatography, 

chemiluminescence, or metabolomics43–47. However, these techniques involve complex 

instrumentation and associated costs, along with labor-intensive procedures and lack real-time and 

spatiotemporal information. Metabolomics is a complex and tedious process that involves multiple 

steps, including sample extraction and preparation, analytical separation and measurement, data 

processing, metabolite identification, and biomarker discovery48. Colorimetric determination of 

ions requires extraction of ions from soil samples using a high-concentration (e.g., 2 M) KCl 

solution, limiting its practical operation in fields49,50. The ion-selective probes used for in-field 

monitoring lack the ability to multiplex (i.e., detect multiple ions and biomolecules with a single 

probe), lack wireless data transmission capabilities, and involve significant costs, particularly 

when several sensors need to be deployed in the field to achieve high-resolution spatiotemporal 

monitoring. Hence, wireless, multiplexed, and low-cost sensors are needed to collect high-

frequency real-time information on plants and soil. 

 

Recently, electrochemical sensors have gained popularity as low-cost alternatives for ion and 

hormone detection. The most effective method for measuring ion concentration remains the ion-

selective membrane (ISM)-based approach, which uses solid contact electrodes with ion-to-

electron transducing layers51–57. Strategies to enhance the electrode surface area include using 

laser-induced graphene electrodes that are modified with ion-specific ionophores58. Furthermore, 

various electrode modification schemes have been adopted to improve sensing performance. For 

example, additional coatings such as a polyhydroxyethylmethacrylate hydrogel layer59 or 

polyvinyl butyral60,61 are applied atop the AgCl reference electrode to maintain a stable reference 

potential. To improve the working electrode, materials such as multiwalled carbon nanotubes62,63, 

macroporous carbon64, polymer-carbon nanotube composites65, or conjugated conducting 

polymers like polyaniline66, poly(3,4-ethylenedioxythiophene) (PEDOT)67, or poly(3-

octylthiophene) (POT)68 are added as solid-contact ion-to-electron transducing layers. PEDOT is 

particularly stable due to its ability to oxidize to PEDOT+, which attracts lipophilic ions from the 

ion-selective layer69. Nonactin-based ionophores are commonly used in solid contact ion-selective 

electrodes (ISEs) for ammonium detection70,71. However, this method has drawbacks, such as 

interference from potassium ions72, the fragile nature of the ISM, the high cost of nonactin 

ionophores, and biocompatibility concerns73. While numerous electrochemical sensors for 

selective phytohormone detection are documented in the literature74–77, only a few are designed as 



crop-wearable devices for in situ hormone monitoring. Our research group has developed crop-

wearable and in situ sensors featuring flexible tattoo-like or 3D-printed needle-like structures with 

their working electrodes modified by non-enzymatic composites, such as copper-based metal-

organic framework for SA detection78–82, gold nanoparticle decorated graphene hydrogel 

nanocomposite for IAA detection79,81, and copper complex (I) coating for ET detection82,83. 

However, an integrated platform that simultaneously monitors both soil and crop conditions to 

synchronize soil nutrient supply to crop demand is still lacking.  

 

In this work, we introduce a multiplexed sensor suite capable of simultaneously measuring soil N 

levels as well as crop N and phytohormone levels. The plant and soil sensor suite is composed of 

three custom-designed modules (Fig. 1b) that collectively enable real-time monitoring of key 

physiological and soil parameters. Stem Module-1 incorporates microneedles arranged on two 

sides of a rectangular structure, enabling detection of SA, IAA, MeJA, and pH, along with a central 

chamber for ET accumulation and sensing. Stem Module-2 adds potentiometric sensors for nitrate 

(NO3
-) and ammonium (NH4

+) detection within the plant stem, using microneedles configured as 

reference and working electrodes. Collectively, we have named the stem modules as Stem-FIT, 

serving as a “fitness tracker” for the plant stem. Complementing these, the Soil Module (or Soil-

FIT, serving as a “fitness tracker” for the soil) integrates potentiometric sensors for pH, NO3
-, and 

NH4
+ at multiple depths (1, 5, and 10 cm), providing a spatial profile of soil nutrient status. Soil 

pH, a key factor in N availability, affects microbial activity and nutrient accessibility, with an 

optimal range of 5.5-7.5 being ideal for regulating these processes84,85. Therefore, real-time, 

simultaneous measurement of soil N content, plant N uptake, and pH adjustments would help 

synchronize N supply with crop demand. Collectively, these modules constitute the multiplexed 

plant–soil sensor suite, which was thoroughly characterized for sensitivity, repeatability, drift, and 

selectivity. The sensor suite was further validated in live bell pepper plants exposed to water and 

N stress, enabling real-time monitoring of plant hormones, plant N, and soil N levels. All recorded 

hormone and N measurements were adjusted for pH to ensure accuracy. Unlike conventional 

methods that are discrete, invasive, and lack temporal resolution, this integrated sensor platform 

successfully captured the dynamic changes in these parameters continuously and in real time. In 

addition, coupling the sensor data with a long short-term memory (LSTM) model enabled accurate 

short-term forecasting of N and hormone fluctuations under both irrigated and water-stressed 

conditions. The LSTM framework not only tracked real-time variability with high fidelity but also 

anticipated future shifts in N and hormone levels, providing predictive insight into plant stress 

responses. Such predictive capability is critical for early stress detection, allowing proactive 

management decisions that optimize N application, improve crop resilience, and minimize 

environmental impacts. 

In summary, the key contributions of this work include the following: 

• A sensor suite that enables in-situ and real-time measurements of four stress-associated 

plant phytohormones SA, IAA, MeJA, ET, and two crucial nutrients (nitrate and 

ammonium) in both plant and soil.    

• Hormone and nutrient measurements corrected at different pH levels.  

• Measurement of nitrate and ammonium ions at three depths in the soil.   

• Integration of sensor data with an LSTM model to forecast nutrient and hormone 

fluctuations, enabling early detection of plant stress and supporting predictive precision 

agriculture. 



 
 

Fig. 1: (a) Crosstalk between the plant phytohormones SA, MeJA, IAA, and ET and sap and soil N (i.e., 

nitrate and ammonium), illustrating the regulatory interactions within the N–hormone signaling network. 

(b) Conceptual deployment of the developed sensor modules, showing sensors positioned both in the root 

zone for soil measurements and on the stem for sap monitoring. The inset in the upper-right corner of (b) 

displays the actual integrated stem and soil sensor suite attached to a plant. 



2. Materials and Methods 

 

2.1 Sensor Fabrication   

The sensor suite was fabricated via 3D printing with biocompatible materials and functionalized 

with optimized coatings to ensure precise and selective measurements. The fabrication and 

chemical functionalization processes are explained in Supplementary Note 1 and illustrated in 

Fig. S1.  

 

2.2 Data Acquisition for Sensor Characterization and Testing Experiments   

 

Electrochemical techniques were utilized to characterize SA, IAA, and MeJA sensors. These are 

three electrode-based amperometric sensors (Supplementary Note 2). Differential pulse 

voltammetry (DPV) was applied in all cases. The EmStat4S potentiostat from BaSi Inc. was used 

for running these DPV analyses.  

 

DPV Settings: 

 

• SA: The DPV was conducted from -1.0 V to 1.6 V with a step voltage of 0.01 V and a 

scan rate of 10 mV/s. The amplitude and time interval of the input pulse were 0.3 V 

and 0.1 s, respectively. The concentration range for SA calibration was 0.1 μM to 1000 
μM. 

• IAA: DPV was conducted from 0 V to 1.6 V with the same step voltage, scan rate, 

amplitude, and time interval. The calibration range for IAA was 0.1 μM to 200 μM. 
• MeJA: DPV was conducted from 0.8 V to 1.5 V with identical step voltage, scan rate, 

amplitude, and time interval. The calibration range for MeJA was 0.5 μM to 200 μM. 
 

In contrast, ET and pH sensors are two electrode-based resistive sensors, with the resistance 

variation across the electrodes converted into a voltage signal through a voltage divider 

(Supplementary Note 2). The data acquisition and processing procedures are described in our 

previous work82,83. The nitrate and ammonium sensors operate as two-electrode potentiometric 

systems, with detailed information on their data logging provided in our earlier publications86.  

For calibration of the stem modules, plant sap was spiked with varying concentrations of the target 

analyte. Sap was obtained by cutting and squeezing the plant stems, followed by purification 

through centrifugation (Eppendorf Model 5804R, Hamburg, Germany). The sap pH was 

maintained at 7.1 for all experiments. For calibration of the soil module, nitrate- and ammonium-

enriched soil samples were prepared by adding stock salt solutions (NaNO3 for nitrate and 

(NH4)2SO4 for ammonium) to soil–water mixtures. The soil was first sun-dried for 5 hours, after 

which 50 g of dried soil was combined with 25 mL of water in individual containers. Small 

volumes of the stock solutions were then incrementally added to achieve the desired nitrate and 

ammonium concentrations, which were validated using a commercial multi-ion system (NT 

Sensors, Vila-seca, Spain). For ET sensor calibration, a custom gas-sensing system was developed, 

consisting of mass flow controllers, calibration gas cylinders, and a sensing chamber housing the 

sensor83,87,88. Various ET concentrations were introduced into the chamber by adjusting the ET gas 



flow rate while maintaining a constant flow of the dilution gas (N2). The flow controllers regulated 

the gas flow, and mass flow meters monitored it in real time. ET concentrations were determined 

based on the measured flow rates and the chamber volume. For calibration of the pH sensor, a 

range of pH solutions was prepared using a commercial pH meter (Mettler Toledo, Columbus, 

OH).  

 

2.3 Real-time Measurements in Live Plants 

 

The sensors were tested in live bell pepper plants. The needle-structured Stem Module-1 and Stem 

Module-2 (Fig. 1) were installed into the stem of the plants. Simultaneously, the Soil Module (Fig. 

1) was inserted in the soil to measure nitrate and ammonium levels at 1, 5, and 10 cm of depths. 

The sensors recorded measurements every 3 hours, resulting in 8 measurements per day. We used 

4 treatment groups, each with 10 plant replications, totaling 40 pots of plants. The treatments are 

listed in Table I. Two water treatments were applied: fully irrigated (100%) and deficit irrigated 

(50%). Within each water treatment group, two N levels were used: medium and high. For the 

medium N treatment, about 125 ml of NaNO3 solution was added to the pots on Day 1, Day 11, 

Day 13, and Day 15. For the high N treatment, around 500 ml of NaNO3 solution was added on 

Day 1, followed by 125 ml on Day 11, Day 13, and Day 15.  

Table I: List of treatment groups used in this study 

Water application N application 

No water stress or control (fully 

irrigated-100%)  

Medium N 

(125 ml of NaNO3) 

High N (500 ml of 

NaNO3 followed 

by 125 ml) 

Water stress (deficit irrigation-50%)  Medium N (125 ml 

of NaNO3) 

High N (500 ml of 

NaNO3 followed 

by 125 ml) 

 

2.4 Machine Learning-based Prediction  

 

We selected an LSTM-based framework for prediction because LSTM networks are particularly 

effective for sequential and time-series data, as they can capture long-range temporal dependencies 

and nonlinear interactions better than traditional machine learning models such as linear 

regression, decision trees, or support vector machines. Unlike standard recurrent neural networks 

(RNNs), LSTMs include gated mechanisms (input, forget, and output gates) that mitigate 

vanishing and exploding gradient problems, making them well suited for modeling complex plant 

physiological signals that evolve over days under varying environmental conditions. 

 

All LSTM-based prediction modeling was implemented in Python 3.12 using Jupyter Notebook 

(JupyterLab interface). Data preprocessing, scaling, and evaluation employed scikit-learn v1.5, 

while deep learning models were constructed and trained using TensorFlow v2.16 and Keras v3.0. 

First, the data worksheet was loaded, and the Day column was selected as the x-axis along with a 



target variable (e.g., nitrate, ammonium, IAA, SA, MeJA, or ET). The target series was scaled to 

the range [0,1] using MinMaxScaler to ensure stable training across different magnitudes. From 

this normalized series, supervised sequences were generated by applying a sliding window of 10 

past points (seq_length=10), where each input sample consisted of a 10-step history and the 

corresponding label was defined as the value of the target variable at the next time step. With 

approximately 20 days of data, this approach resulted in an 18-day training set and a 2-day testing 

set (90/10 split after sequence generation). The LSTM model employed a compact architecture of 

two stacked LSTM layers (50 units each) with a dropout rate of 0.2 to reduce overfitting, followed 

by a dense layer with 25 units and ReLU activation, and a single linear output neuron. The network 

was compiled using the Adam optimizer (learning rate = 0.001) and trained using mean squared 

error (MSE) loss for 50 epochs with a batch size of 16. After training, predictions were generated 

for the testing sequences and inverse-transformed back to the original units (ppm or µM). Finally, 

the predicted values and actual measurements were aligned with their respective dates and 

visualized in a plot containing three curves: training data, testing data, and model predictions. 

 

 

3. Results and Discussion 

 

The surface morphology and chemical composition of the coatings were examined using scanning 

electron microscopy (SEM), Fourier Transform Infrared (FTIR) spectroscopy, ultraviolet-visible 

(UV-Vis) spectroscopy, and Nuclear magnetic resonance (NMR) spectroscopy. The details are 

outlined in Supplementary Note 3 and illustrated in Fig. S2.  

 

3.1 Sensor Calibration 

 

The DPV plot for SA calibration shows two major peaks (Fig. 2a). The first peak, at -0.2 V, 

corresponds to the reduction of CuMOF, while the second peak, near 0.85 V, is due to the 

oxidation of SA. The Cu²⁺ ion reduction facilitates the oxidation of SA. Notably, as the CuMOF 
peak decreases, the SA peak increases. The separation between the two peaks is approximately 

1.05 V, and the ratio of these peak currents serves as the response signal. The peak current for 

the IAA sensor appears at 0.85 V and increases with higher IAA concentrations (Fig. 2b). 

Likewise, the peak current for the MeJA sensor is observed at 1.23 V and increases with higher 

MeJA concentrations (Fig. 2c). 

 

Calibration curves for SA, IAA, and MeJA (Fig. 2d-f) were fitted with power series, while the 

calibration curve for nitrate (i.e., potential versus nitrate concentration in the log scale) was fitted 

with a polynomial fit (Fig. 2h, k). On the other hand, calibration curves for ethylene, ammonium, 

and pH sensors were fitted with linear lines (Fig. 2g, i, j, l). Nitrate and ammonium concentrations 

were measured in both plant sap and soil. Hence, these sensors had two calibration plots, one in 

soil and another in plant sap. 

 

3.2 Sensitivity and LOD Analysis 

 



To determine the sensitivity of SA, IAA, and MeJA sensors with calibration curves fitted using 

power series (𝑦 = ௕ݔܽ + ܿ), the derivative (ܾܽݔ௕−1) of the fitted curve equation is calculated. 

For the nitrate sensor, which is fitted with a second-order polynomial (𝑦 = 2ݔܽ + ݔܾ + ܿ), the 

derivative (2ax + b) is used to measure sensitivity. Sensitivity is assessed at both the upper and 

lower concentration limits for SA, IAA, MeJA, and nitrate ion sensors using the method 

described in previous research82,89.  

 

For sensors with linear calibration curves (𝑦 = ݔ݉ + ܿ) such as those for ammonium, ethylene, 

and pH, sensitivity is determined using the slope (m) of the linear fit. The limit of detection 

(LOD) for SA, IAA, MeJA, ethylene, pH, nitrate, and ammonium sensors is calculated using the 

formula: 

 

ܦܱܮ                                                            =  3∗௦௧ௗ.ௗ௘௩ௌ௘௡௦௜௧௜௩௜௧௬                                                               (1) 

 

The sensitivity and LOD values for nonlinear sensors are provided in Table II, while the 

sensitivity and LOD for linear sensors are listed in Table III.  

 

Table II: Performance metrics of non-linear sensors. 

Sensor Equation Low 

Concentration 

Sensitivity 

High 

Concentration 

Sensitivity 

LOD 

Salicylic 

acid, SA 

ISA/ICuMOF 

0.38(ܣܵ)0.0144= +0.8431 

0.0228 μM-1 (at 

0.1 μM) 

7.5 x 10-5 μM-1 

(at 1000 μM) 

1.315 μM 

Indole-3-

acetic 

acid, IAA 

I = 1.03(IAA)0.75 + 44.23 1.373 μA μM-1 

(at 0.1 μM) 

0.205 μA μM-1 

(at 200 μM) 

0.218 μM 

Methyl 

jasmonate, 

MeJA 

I = 23.39(MeJA)0.006 0.279 μA μM-1 

(at 0.5 μM) 

7.24 x 10-4 μA 

μM-1 (at 200 

μM) 

1.07 μM 

Nitrate, 

NO3
- 

E=-35.96(Logܱܰ3)2 3ܱܰ݃݋ܮ27.255+ − 107.18 

-8.705 mV/ 

Log(ppm) (at 0.5 

Log(ppm) or 

3.16 ppm) 

-224.46 mV/ 

Log(ppm) (at 

3.5 Log(ppm) 

1.08 ppm 



or 3162.27 

ppm)  

Table III: Performance metrics of linear sensors. 

Sensor Equation Sensitivity LOD 

Ethylene, ET R =1.034 ET + 1.30571 1.034 kΩ/ppm 0.29 ppm 

Ammonium, 

NH4
+ 

E=39.15739.157 564.41+4ܪܰ݃݋ܮ mV/ Log(ppm) 1.017 ppm 

pH R =28. 682pH + 4.3739 28. 682 kΩ/pH 0.01 pH 

 

The sensors were also extensively characterized for repeatability, drift, selectivity, and dynamic 

response, which are described in Supplementary Notes 4, 5 and presented in Figs. S3-S7.  

 

3.3 pH Correction 

  

All sensors, with the exception of the pH and ET sensors (the latter does not directly contact plant 

sap and is therefore unaffected by pH), are adjusted to compensate for pH variations. This 

correction is necessary because the pH of plant sap and soil can change over time, affecting sensor 

responses. For instance, Fig. 3 shows the variations in the calibration plots for the SA, IAA, MeJA, 

nitrate, and ammonium sensors with different pH levels. The SA, MeJA, and ammonium sensors 

demonstrate a coefficient of variation of about 2% due to pH changes. Hence, pH correction was 

done based on methods outlined in our previous work82. The correction factor includes slope, 

exponent, and intercept, which are calculated with respect to a standard pH value using the 

following equations:  

 

                                                             fintercept = 
௜௡௧௘௥௖௘௣௧(௣ு)௜௡௧௘௥௖௘௣௧(pH 7.1)                                                      (2) 

                                                             fslope = 
௦௟௢௣௘(௣ு)௦௟௢௣௘(pH 7.1)                                                               (3) 

                                                             fexponent = 
 (4)                                                       (ૠ.૚ ۶ܘ)࢚࢔ࢋ࢔࢕࢖࢞ࢋ(ࡴ࢖)࢚࢔ࢋ࢔࢕࢖࢞ࢋ

 

The corrected intercept, slope and exponent for each sensor are calculated based on the following 

equations: 

.ݎݎ݋ܿ)ݐ݌݁ܿݎ݁ݐ݊݅                                    ) = fintercept * ݅݊ݐ݅݊݅)ݐ݌݁ܿݎ݁ݐ. )                                       (5) 

.ݎݎ݋ܿ)݁݌݋݈ݏ                                   ) = fslope * ݐ݅݊݅)݁݌݋݈ݏ. )                                                          (6) 

.ݎݎ݋ܿ)ݐ݊݁݊݋݌ݔ݁                                  ) = fexponent * ݁ݐ݅݊݅)ݐ݊݁݊݋݌ݔ. )                                        (7) 



 
Fig. 2: Differential Pulse Voltammetry of (a) SA, (b) IAA, and (c) MeJA sensors. Calibration curves of (d) 

SA, (e) IAA, and (f) MeJA sensors. Calibration curves of (g) ethylene sensor, (h) nitrate sensor in plant 

sap, and (i) ammonium sensor in plant sap. Calibration curves of (j) pH sensor, (k) nitrate sensor in soil, 

and (l) ammonium sensor in soil. 

 

 

 

 

 



 
Fig. 3: Calibration curves of (a) SA sensor, (b) IAA sensor, (c) MeJA sensor, (d) nitrate sensor in sap, (e) 

nitrate sensor in soil, (f) ammonium sensor in sap, and (g) ammonium sensor in soil with varying pH levels.  

 

3.4 Real-time Plant and Soil Measurements 

 

The sensors were tested in live bell pepper plants. For the medium N treatment, soil nitrate and 

ammonium levels, measured using both our sensors and a commercial NPK probe (Honio, 

China), are shown in Fig. 4. Following the application of NaNO₃ (as detailed in the Methods 
section), soil nitrate and ammonium levels exhibited sharp increases followed by gradual 

declines, appearing as distinct stepwise rises on Day 1, Day 11, Day 13, and Day 15. Fig. 5 

shows the NO3
--N, NH4

+-N, and hormone levels in the plant sap measured with the needle 

sensors. The NO3
--N levels were lower in water-stressed plants than in controls due to reduced 

soil water content and hence decreased NO3
- uptake by the stressed plants. These findings 

provide crucial insights into plant NO3
- variability based on soil water availability. After Day 12, 

NO3
--N levels in the plants subsided and finally plateaued despite additional fertigation on Days 

13 and 15, supporting literature that plants only absorb 30-50% of the applied fertilizer90. The 

NH4
+-N levels in both soil and plants followed the same trend as NO3

--N. In contrast, the 

hormone levels increased in water-stressed plants and declined in irrigated plants (control). This 

hormonal trend aligns with findings in the literature. Studies show that endogenous JA levels rise 

during water deficit and act together with abscisic acid (ABA) to prime drought acclimation91,92. 

Various reports have demonstrated accumulation of endogenous SA (and JA) under abiotic 

stresses, including drought, across species/tissues93,94. In contrast, auxin (IAA) responses to 

drought are species- and tissue-specific and sometimes inconsistent across studies. Some reports 

show decreases in whole-plant free auxin under prolonged drought while others (especially in 

root apices) document short-term local increases95. These complex hormonal shifts help the plant 

manage water scarcity, balancing growth and survival during prolonged periods of drought or 



water stress. Our sensor suite has the capability to directly measure their levels in the plant in 

real-time.  

 
Fig. 4: Nitrate-N levels measured at different soil depths with our sensor: (a) 1 cm, (b) 5 cm, and (c) 10 cm. 

Ammonium-N levels measured at different soil depths with our sensor: (d) 1 cm, (e) 5 cm, and (f) 10 cm. 

Total N measurements at various depths using a commercial NPK probe: (g) 1 cm, (h) 5 cm, and (i) 10 cm. 

In all these cases, the soil was treated with a medium level of N.  

 

 



 
Fig. 5: Twenty days of continuous monitoring of (a) nitrate-N, (b) ammonium-N, (c) SA, (d) IAA, (e) 

MeJA, and (f) ethylene levels in both control (fully irrigated) and water stressed (deficit irrigated) plants, 

when the soil was treated with medium levels of N. 

 

For the high N treatment, the trends in the NO3
--N, NH4

+-N, and hormone levels were not as 

nuanced as those observed in the medium N treated plants. The results are depicted in Fig. 6 and 

7. This reduced sensitivity is likely due to N toxicity96, which occurs when N levels greatly 

exceed the plant’s capacity to absorb it. Excessive N can lead to leaf burns, where leaves appear 

scorched, and chlorosis, characterized by yellowing. This happens because high N disrupts 

photosynthesis and promotes excessive foliage growth, increasing the plant’s water needs and 

making it more susceptible to drought and other environmental stresses. The observed chlorosis 

and heightened sensitivity to environmental stress in the high N-treated plants in this work 

resulted in less distinct molecular differences between control and water-stressed plants.  

 

The aforementioned results indicate that our crop-wearable sensor suite plays a pivotal role in 

revealing not only the release kinetics of phytohormones and their crosstalk with nitrate uptake 

in plants in real time, but also for detecting the onset of N toxicity. This would enable timely 

intervention to mitigate or even revert the adverse effects of N toxicity in plants. 



 
Fig. 6:  Nitrate-N levels measured at different soil depths with our sensor: (a) 1 cm, (b) 5 cm, and (c) 10 

cm. Ammonium-N levels measured at different soil depths with our sensor: (d) 1 cm, (e) 5 cm, and (f) 10 

cm. Total N measurements at various depths using a commercial NPK probe: (g) 1 cm, (h) 5 cm, and (i) 10 

cm. In all these cases, the soil was treated with a high level of N. 

 



 
Fig. 7: Ten days of continuous monitoring of (a) nitrate-N, (b) ammonium-N, (c) SA, (d) IAA, (e) MeJA, 

and (f) ethylene levels in both control (fully irrigated) and water stressed (deficit irrigated) plants, when the 

soil was treated with a high level of N. 

 

 

3.5 Sensor Validation Against Standard 

 

The total N available in the soil was measured using a commercial NPK probe (see Fig. 4g-i). 

The results showed that the total N closely corresponded to the combined levels of NO3
--N (Fig. 

4a-c), NH4
+-N (Fig. 4d-f) in the soil, as measured with our sensors. Additionally, as shown in 

Supplementary Fig. S8, the time-series measurements of hormone and nutrient levels obtained 

from our stem modules were validated using a high-performance liquid chromatography (HPLC) 

system from Shimadzu, Kyoto, Japan. The HPLC setup included a Shimadzu LC-10ATvp liquid 

chromatographic pump, a ZIC-HILIC SeQUANT PEEK-lined stainless-steel column (250 mm × 

4.6 mm, 5 µm, 200 A0), a Shimadzu SPD-10Aº detector set at 201 nm, and a 7125 injector 

equipped with a 50 µL sample loop. Small sap samples were collected daily and analyzed using 

HPLC to determine the analyte concentrations. Our sensors accurately estimated SA, IAA, 

MeJA, nitrate, and ammonium levels in both control and water-stressed plants, with a high 

Pearson correlation coefficient greater than 0.98, demonstrating excellent reliability. We adopted 

an indirect approach to validate the accuracy of our ethylene sensor, as outlined in a previous 

work82. Our ethylene sensor also demonstrated highly accurate results with a Pearson correlation 

coefficient of 0.99. The high Pearson correlation coefficients may be due to the relatively small 

sample size (around 10). Future studies will aim to validate the findings using a larger dataset 

with more than 100 samples. Unlike traditional mass spectroscopy and chromatography, which 

requires costly equipment, complex sampling, and skilled technicians, our crop-wearable sensor 



suite enables real-time, in situ monitoring and early stress detection in live plants. Furthermore, 

the miniaturized needle structure of our sensors allows them to easily conform to delicate plant 

stems, unlike rigid commercial integrated circuits.  

 

3.6 LSTM-based Plant Stress Prediction 

 

The LSTM prediction framework demonstrated strong performance in capturing both temporal 

dynamics and treatment-specific variations of nitrate, ammonium, and phytohormone 

concentrations under medium N application. For the control (fully irrigated) plants (Fig. 8a–f), the 

model accurately followed the overall rise and decline patterns across the 20-day monitoring 

period. During the testing phase (last 2 days), the root mean square error (RMSE) for nitrate, 

ammonium, and ET predictions was below 0.5 ppm, while for SA, IAA, and MeJA, it remained 

under 0.4 µM. The nitrate and ammonium concentrations (Fig. 8a–b) were predicted with high 

fidelity, reflecting the model’s ability to learn nutrient uptake patterns under consistent irrigation. 
Similarly, for SA, IAA, MeJA, and ET (Fig. 8c–f), the LSTM preserved the inherent fluctuations, 

indicating that the sensor readings were not only reproducible but also that the neural network 

could generalize physiological responses of the plants to soil conditions. The close alignment of 

red (actual) and green (predicted) traces highlights the robustness of the sensor–model integration 

in forecasting short-term nutrient and hormone dynamics. 

 

 

In contrast, the stressed (deficit-irrigated) plants (Fig. 8g–l) revealed more pronounced fluctuations 

and distinct trajectories compared to control conditions, which were also effectively captured by 

the LSTM model. Nitrate and ammonium concentrations (Fig. 8g–h) showed slower upward 

trends, consistent with restricted nutrient mobility under water deficit, and the model closely 

tracked these altered patterns. Stress-related hormonal responses, including elevated SA and MeJA 

and shifts in IAA and ET levels (Fig. 8i–l), were reflected in both the observed data and the 

predictions, underscoring the physiological differences between treatments. Importantly, the 

model maintained prediction accuracy despite the increased variability in stress conditions, as 

evidenced by the tight overlap of predicted and actual curves during the testing window. Together, 

these results demonstrate that the combination of in-situ microneedle sensor data with LSTM 

modeling can accurately discriminate treatment effects while providing reliable short-term 

forecasts of both nutrient and hormonal dynamics. 

 



 

 
 

Fig. 8: LSTM prediction of (a) nitrate (control), (b) ammonium (control), (c) SA (control), (d) IAA 

(control), (e) MeJA (control), and (f) ethylene (control), using 18 days of training data and 2 days of 

prediction in fully irrigated (control) plants treated with medium levels of N. LSTM prediction of (g) nitrate 

(stress), (h) ammonium (stress), (i) SA (stress), (j) IAA (stress), (k) MeJA (stress), and (l) ethylene (stress), 

using 18 days of training data and 2 days of prediction in deficit irrigated (stress) plants treated with medium 

levels of N. 

 

 

 

 

 



Table IV: Performance metrics of the LSTM-based prediction model for control and stress 

treatments under medium level of applied nitrate  

 

Ammonium 

Control 

Nitrate 

Control 

Ethylene 

Control 

IAA 

Control 

MeJA 

Control 

SA 

Control 

R2 0.81 0.79 0.69 0.83 0.79 0.8 

RMSE 0.004 ppm 

0.41 

ppm  0.02 ppm 

0.12 

μM 

0.35 

μM 

0.09 

μM 

 

 

Ammonium 

Stress 

Nitrate 

Stress 

Ethylene 

Stress 

IAA 

Stress 

MeJA 

Stress 

SA 

Stress 

R2 0.79 0.78 0.81 0.85 0.75 0.86 

RMSE 0.006 ppm  

0.36 

ppm  0.02 ppm 

0.06 

μM 

0.08 

μM 

0.07 

μM 
 

Table IV summarizes the prediction performance of the LSTM model for ammonium, nitrate, 

ethylene, IAA, MeJA, and SA concentrations under both control (fully irrigated) and stress (deficit 

irrigated) conditions under medium level of applied nitrate. The coefficient of determination (R²) 

values indicate strong model fit across all analytes, ranging from 0.69 to 0.86, with higher values 

observed for IAA and SA predictions in both treatments. Root mean square error (RMSE) values 

remained low, confirming high prediction accuracy, with ethylene exhibiting the lowest error 

(0.02) under both conditions. Notably, nitrate predictions showed slightly higher RMSE (0.41 in 

control and 0.36 in stress), reflecting the greater variability in nitrate dynamics compared to other 

analytes. Overall, the metrics demonstrate that the LSTM framework reliably captured both 

nutrient and hormone fluctuations, with comparable performance under irrigated and water-

stressed conditions. 

 

 

 

4. Conclusion 

 

This study presented a multiplexed plant–soil sensor suite capable of real-time, in-situ detection 

of key phytohormones—SA, IAA, MeJA, and ET—alongside nitrate, ammonium, and pH in both 

plant sap and soil. The sensor modules demonstrated high sensitivity, stability, and selectivity. 

Through extensive calibration and validation against standard chromatographic methods, the 

sensor suite proved highly reliable (Pearson r > 0.98), enabling continuous monitoring of both 

hormonal and nutrient dynamics under varying irrigation and N regimes. The deployment in bell 

pepper plants revealed distinct biochemical responses—reduced nitrate uptake and elevated 

hormonal accumulation under water stress—confirming the sensor’s ability to capture complex 
physiological signaling and nutrient crosstalk in real time. The integration of hormonal and N 

sensing within a single platform provides a novel tool to decode endogenous plant signaling 

networks governing stress adaptation and nutrient assimilation. Furthermore, the ability to 

concurrently measure soil and plant N levels allows real-time feedback control for efficient 

fertilizer application, minimizing N losses and improving environmental sustainability. Integration 



of these high-resolution sensor data with an LSTM prediction model provided predictive capability 

beyond real-time sensing. The LSTM model effectively captured temporal dependencies in plant 

nutrient and hormonal fluctuations, achieving R² values between 0.69 and 0.86 and low RMSE 

values (< 0.5 ppm for nitrate/ammonium and < 0.4 µM for hormones). This synergy between 

precision sensing and machine learning represents a powerful framework for proactive decision-

making in precision agriculture, where nutrient management and stress mitigation can be 

optimized through data-driven predictions. Future studies should expand upon this foundation by 

integrating larger, more diverse datasets into the LSTM training process to enhance generalization 

across different crop species, soil types, and climatic conditions. A broader dataset would allow 

the model to learn more robust patterns of nutrient–hormone coupling and better anticipate stress-

induced anomalies. Additionally, the inclusion of complementary environmental parameters (e.g., 

temperature, humidity, and light intensity) can improve prediction accuracy and contextual 

understanding. The future integration of wireless communication modules and cloud-based 

analytics could further extend this system’s potential toward scalable, autonomous, and intelligent 
farm monitoring networks. 
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