Development of a Modular Electronic Nose for Agriculture Ammonia Monitoring
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Abstract—We present a modular electronic nose (e-nose) platform for atmospheric ammonia (NH₃) monitoring in agricultural environments. The device combines a low-cost multichannel sensor array, controlled sampling, and embedded temperature, humidity, and pressure sensing in a compact transportable architecture. Laboratory experiments with controlled single- and mixed-gas exposures (NH₃, CH₄, and ethanol) were used to guide sensor selection, quantify cross-sensitivities, and evaluate preliminary NH₃ prediction performance. A sensor-specific humidity–temperature compensation and robust preprocessing workflow were implemented to improve signal stability. Preliminary results show that the selected sensor array captures an NH₃-related agricultural gas fingerprint and supports multivariate NH₃ quantification under controlled conditions. Future collocation with reference NH₃ instruments will be used to assess calibration transfer under real agricultural conditions.
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I. Introduction
Agricultural activities are major sources of atmospheric ammonia (NH₃), a key precursor of particulate matter and nitrogen deposition [1-2]. Although conventional measurement techniques provide accurate NH₃ measurements, their cost and operational complexity limit dense deployment near farms, manure storage, and fertilized fields [3-5]. Low-cost chemical sensors offer a promising alternative, but their use is constrained by environmental dependencies, cross-sensitivity to co-emitted gases, and long-term drift [6]. A promising alternative to single-sensor monitoring is the electronic-nose (e-nose) concept, in which multiple partially selective sensors jointly encode a multidimensional gas-response fingerprint. When combined with statistical or machine-learning models, the cross-sensitivities that limit individual sensors can instead be exploited as informative features, thereby improving mixture discrimination and target-gas prediction under realistic atmospheric conditions [6-10]. This approach is particularly relevant in agricultural environments, where NH₃ is commonly emitted together with methane (CH₄) and volatile organic compounds (VOCs), and where environmental variability can substantially alter raw sensor responses.
In this work, we present the development of a modular e-nose platform for agricultural NH₃ monitoring and the methodological framework supporting its future field deployment. The contribution is threefold: (i) a compact instrument architecture designed to reduce adsorption artefacts, stabilize measurement conditions, and support autonomous operation; (ii) a laboratory-based characterization strategy used to guide sensor selection, quantify cross-sensitivity patterns, and establish preliminary NH₃ detection and quantification capability; and (iii) a collocation framework for future transfer and validation against reference NH₃ instruments under real agricultural conditions.
II. Instrument concept and hardware
The proposed instrument was conceived as a compact, modular, and transportable e-nose platform for trace-gas monitoring in complex agricultural environments. Particular attention was given to reducing artefacts that typically degrade low-cost gas measurements, including adsorption, chamber memory, thermal instability, and uncontrolled residence time. To this end, the sensor array is housed in a sealed, low-dead-volume polytetrafluoroethylene (PTFE) chamber connected to a minimized PTFE gas inlet, thereby reducing analyte adsorption and promoting faster flushing and signal recovery. Sample air is aspired through the chamber using a micropump operated at controlled airflow, providing stable residence time and reproducible sensor exposure conditions. The platform can accommodate up to 17 sensing and environmental channels, enabling flexible sensor-array configurations depending on the target application. In the present NH₃-oriented configuration, it integrates multiple commercially available MOX sensors together with embedded measurements of temperature, relative humidity, and pressure via a Bosch BME680 module, whose integrated MOX element also provides an additional broad VOC-sensitive channel. From an operational perspective, the instrument supports real-time data transmission and visualization through a cellular communication module connected to an online Grafana environment, while redundant local storage is maintained on a microSD card. This architecture enables near-real-time monitoring, remote supervision, and immediate quality-control assessment during deployment. Owing to its compact and modular architecture, the system is suitable for both fixed and mobile deployments, including drone-assisted applications.
III. Data Processing
Raw sensor signals were processed using a standardized MATLAB pipeline designed for both laboratory and future field deployment. Outliers were removed using a rolling median absolute deviation (MAD) filter and locally imputed. MOX resistance signals were converted to conductance, and absolute humidity was derived from chamber temperature and relative humidity from the BME680. To reduce environmental effects on MOX baselines, each channel was corrected using a sensor-specific humidity–temperature compensation model trained on clean-air laboratory data and referenced to typical Belgian deployment conditions.

IV. LABORATORY CHARACTERISATION, SENSOR SELECTION, AND CALIBRATION FRAMEWORK
Sensor selection was guided by both the expected concentration ranges of agriculturally relevant gases and the need to resolve mixed-gas signatures rather than isolated analytes. In agricultural environments, background NH₃ concentrations typically occur in the tens of ppb range, whereas short-lived peaks in the sub-ppm to ppm range can arise near fertilized soils, manure storage systems, and livestock housing [10]. Because NH₃ is frequently co-emitted with CH₄ and VOCs, the array was designed to include sensors with complementary NH₃-, CH₄-, and VOC-related sensitivities, thereby capturing an agricultural gas fingerprint rather than relying on a single selective channel [10]. Controlled laboratory experiments were conducted using a precision dilution system with humidity control. NH₃, CH₄, and ethanol (used as a representative VOC) were delivered both individually and in mixtures representative of agriculturally relevant gas compositions. For single-gas characterization, concentration plateaus of 0.1, 0.3, 0.5, 1.0, and 2.5 ppmv at 55% RH were applied using 30 min exposure periods followed by 30 min of flushing. To test mixture effects efficiently while limiting the experimental load, combined NH₃–CH₄–ethanol exposures were generated using a Taguchi L9 orthogonal design with three factors at three levels (0, 0.5, and 1.5 ppmv). Final array composition was informed by laboratory-derived metrics including sensitivity, relative selectivity, limits of detection, and behaviour under mixed-gas exposure (Fig. 1). Here, sensitivity was quantified as the slope of the concentration–response relationship for each sensor–analyte pair, relative selectivity as the relative contribution of each analyte to the total response variance under mixed-gas exposure, and the limit of detection as the lowest concentration yielding a consistent and reproducible response across three independent runs.
For NH₃-oriented model development, the Taguchi L9 dataset was subsequently used to establish both classification and regression strategies under controlled laboratory conditions. The aim of this first stage was twofold: to determine whether the array contains sufficient information to identify an NH₃-related gas fingerprint and to assess whether this information can be translated into preliminary quantitative NH₃ prediction. A first modelling step consists of supervised classification to determine whether NH₃ is present in the measured gas mixture, thereby acting as a decision gate prior to quantitative estimation. In parallel, supervised regression models were trained to estimate NH₃ concentration from the multivariate sensor response space. Candidate models included linear approaches, such as Partial Least Squares (PLS) and ridge regression, as well as more flexible nonlinear models, including SVR and random forest. Preliminary laboratory results indicate that the selected sensor array contains sufficient information for both NH₃ discrimination and quantitative NH₃ prediction under controlled mixed-gas conditions (Fig. 2).
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Figure 1: Summary of laboratory sensor performance under controlled NH₃, CH₄, and ethanol exposures at 55% RH, showing relative sensitivity and cross-sensitivity patterns and detection limits, used for array selection.


This conclusion is based on 24 mixed-gas measurements collected over a 22-day laboratory campaign. NH₃ prediction was evaluated using PLS regression with leave-one-repeat-out cross-validation, while VIP scores were used to quantify the relative contribution of each sensor to the latent model structure and predictive performance. The second stage, which remains future work, will transfer and validate the laboratory-trained framework under real agricultural conditions through collocation with reference NH₃ instruments. Candidate references include cavity ring-down spectroscopy analyzers (e.g., PICARRO) and open-path miniDOAS systems [5], which provide traceable NH₃ measurements at high temporal resolution. This phase will assess calibration transferability, long-term drift, and model robustness across environmental conditions and concentration regimes. Model selection for deployment will be based not only on aggregate metrics such as RMSE, MAE, bias, and R2, but also on performance during background versus peak NH₃ periods and temporal agreement with reference measurements.
V. Discussion and conclusion

The proposed platform addresses several key barriers that have historically limited the use of low-cost NH₃ sensors in agricultural monitoring. At the hardware level, the low-dead-volume PTFE chamber, controlled airflow, embedded environmental sensing, sensor-level temperature regulation, and modular multichannel architecture are designed to improve reproducibility and reduce artefacts related to adsorption, residence time, thermal drift, and environmental instability. At the signal-processing level, residual environmental effects are addressed using a sensor-specific absolute humidity–temperature compensation model combined with robust preprocessing, thereby mitigating one of the dominant sources of baseline variability in MOX sensing.
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Figure 2: (a) PCA scores (PC1–PC3) showing separation of gas mixtures with varying NH₃, CH₄, and EtOH contributions; colors indicate mixture composition, with their base colors per analyte indicated by the legend. The shaded box highlights NH₃-free mixtures. (b) PCA loadings (PC1–PC3) showing sensor contributions. (c) Cross-validated PLS prediction of NH₃ under mixed-gas laboratory conditions, with predicted versus true concentrations, the 1:1 line, and model performance metrics. (d) VIP scores for the NH₃ PLS model. 
The laboratory characterization further indicates that this strategy is scientifically credible, as the selected array can discriminate NH₃-related mixed-gas signatures and supports preliminary NH₃ quantification under controlled conditions. Nevertheless, several limitations remain: background NH₃ concentrations in agricultural environments often lie in the tens of ppb range, near or below the nominal sensitivity of many individual MOX sensors; adsorption and memory effects may still affect NH₃ response; and long-term deployment will require explicit management of aging, drift, and calibration transferability. Overall, the present work demonstrates that a modular low-cost e-nose architecture can provide a credible basis for NH₃ monitoring in complex agricultural environments. Laboratory characterization under controlled single- and mixed-gas exposures supports data-driven sensor selection and preliminary multivariate NH₃ prediction, while future collocation with reference instruments will be required to validate long-term robustness under real field conditions. Although the current study is centered on agricultural NH₃, the same framework could be adapted to other trace-gas or mixed-emission applications by modifying the sensor composition and calibration dataset.
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