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Abstract. Ammonia emissions pose significant challenges for both environmental protection and human health. A substantial

portion of these emissions occurs after field fertilization. Accurate prediction of these emissions is essential for national inven-

tories and for identifying effective mitigation strategies. Although several static machine learning models have been developed

to estimate final cumulative emissions, the potential benefits of dynamic machine learning to improve these predictions remain

unknown. To address this gap, we compared 13 static models (1 random forest, 12 neural networks) and 33 dynamic models5

(7 random forests and 26 recurrent neural networks). The best performing model was a recurrent neural network, achieving an

average mean absolute error (MAE) of 4.56 kgN/ha (95% CI = [4.17,4.95]), corresponding to a decrease in MAE of 13.6%

and 17.7% compared to the best static neural network and the static random forest, respectively.

1 Introduction

Ammonia (NH3) is a major atmospheric pollutant. In Europe, 93% of total emissions, including both natural and anthropogenic10

sources, originate from agriculture (European Environment Agency, 2024). Of these agricultural emissions, around 20% comes

from the spreading of livestock manure and 35% from synthetic fertilizers (Beusen et al., 2008). NH3 concentrations in the

atmosphere have increased in recent decades on a global scale (Warner et al. (2017); Van Damme et al. (2021)), probably due

to rising temperatures and increased use of fertilizers (Shen et al. (2020); He et al. (2021)). Ammonia emissions contribute to

the formation of particulate matter, particularly PM2.5 which has been linked to respiratory and cardiovascular diseases (Brook15

et al. (2010)). NH3 can also be transported long distances before deposited in soils and aquatic systems, causing acidification,

eutrophication, and biodiversity loss (Krupa (2003); Behera et al. (2013); Guthrie et al. (2018)). Mitigation strategies are ur-

gently needed to reduce these environmental and health impacts.

For more than four decades, various models have been developed to predict ammonia emissions following fertilizer appli-20

cation. They serve multiple purposes: identifying the main drivers of volatilization, providing estimates for national emission

inventories, and supporting the evaluation of mitigation strategies. Emission inventories are particularly important in the con-

text of regulatory frameworks such as the National Emission Ceilings (NEC) Directive in Europe (European Environment
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Agency (2022)), which sets binding targets for the reduction of five major air pollutants, including ammonia.

25

Mechanistic models (Génermont and Cellier (1997); Gericke et al. (2012); Sommer and Olesen (2000)), empirical models

(e.g, Braschkat et al. (1997); Plöchl (2001); Misselbrook et al. (2005)), and semi-empirical models such as ALFAM2 (Hafner

et al. (2019); Hafner et al. (2025)) have been developed by different groups of environmental scientists. Mechanistic models

aim to describe precisely the physical and physicochemical processes involved in volatilization, but are often too complex,

with many parameters and input variables, limiting their practical use.30

Most empirical models are based on relatively simple mathematical tools such as regression analysis and Michaelis–Menten

functions. For example, Huijsmans et al. (2018) used independent logistic regressions across different time periods to model

the emission curve, while Plöchl (2001) and Lim et al. (2007) applied multilayer perceptrons to estimate the coefficients of

models of Michaelis-Menten type. However, these models are often overly simplistic and lack flexibility, which constrains their35

performance.

With the development of new algorithms and the increasing availability of large agricultural datasets such as the ALFAM2

database (Hafner et al. (2018); Hafner et al. (2025)), machine learning offers promising perspectives for modeling agricultural

NH3 emissions. Recently, static machine learning models, predicting only the final cumulative emission (e.g., Menzi et al.40

(1998); Xu et al. (2024); Favrot et al. (2026)) have been developed. Favrot et al. (2026) applied random forests and gradient

boosting machine learning models to the ALFAM2 database and showed that these methods outperformed the semi-empirical

ALFAM2 model on an independent test set. Xu et al. (2024) used random forests to estimate emission factors for a wide

variety of fertilizers at the global scale and applied their model to assess emission trajectories under different climate change

scenarios. Machine learning can capture complex, nonlinear interactions among multiple variables, which mechanistic models45

often struggle to represent. However, advanced machine learning algorithms such as random forests and neural networks have

not yet been used to predict the full dynamic profile of ammonia volatilization. Our study aims to fill this gap.

In other fields of research, several studies have highlighted the relevance of machine learning for dynamic environmental

prediction tasks. For example, Chelani et al. (2002) used recurrent neural networks (RNNs) to predict daily sulfur dioxide con-50

centrations in Delhi and showed that RNNs outperformed classical multivariate regression. Hamrani et al. (2020) compared

nine machine learning algorithms, including lasso, random forest, and long short-term memory (LSTM) neural networks, for

predicting greenhouse gas emissions from agricultural fields. They found that LSTMs offered the best performance for fore-

casting carbon dioxide (CO2) and nitrous oxide (N2O) fluxes. Feng et al. (2019) applied both random forests and RNNs to

forecast air pollutants including sulfur dioxide (SO2), nitrogen dioxide (NO2), and fine particulate matter (PM2.5, PM10), 2455

hours ahead in Hangzhou, China, and reported higher accuracy and computation speed compared to traditional atmospheric

models. These results suggest that, potentially, the use of dynamic machine learning could improve the accuracy of ammonia
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emission predictions.

The objective of our study is to assess whether predictions of ammonia emissions could be improved by incorporating the60

full emission dynamics in advanced machine learning models, compared to static machine learning . To this end, we compared

33 dynamic models based on random forests and recurrent neural networks with 13 static models derived from Favrot et al.

(2026), including neural networks. The models were trained and tested using the ALFAM2 dataset including results of 699

experimental trials. This dataset compiles measurements of ammonia volatilization dynamic after application of pig or cattle

slurry - two important types of organic fertilizer. A key feature of this dataset is the strong heterogeneity in measurement time65

steps across experiments. To address this, we developed irregular time-step models that explicitly included the time interval

as a predictor, which constitutes an original contribution of our work. In addition to static machine learning models, the semi-

empirical ALFAM2 model (Hafner et al. (2025), R package version: 4.2) was included as a benchmark because this model

is currently often used for practical applications. The best-performing models identified from these comparisons were then

implemented to evaluate the efficacy of different manure application techniques in reducing ammonia volatilization, across a70

wide range of climate conditions and manure characteristics. The best model was made available in a Python package.

2 Material and method

2.1 Data

2.1.1 Data description

For this study, we used a subset of the ALFAM2 database (version 2.56), which contains time series of ammonia emissions75

following field fertilization trials collected by 27 research institutes across 12 countries (Hafner et al. (2018); Hafner et al.

(2025)). We retained most of the 722 trials used in Hafner et al. (2025), which were conducted using micrometeorological

measurement methods with pig or cattle slurry. Twenty-three trials were excluded because measurements began more than 0.5

h after fertilizer application or because the emission patterns were considered unreliable (e.g., no emissions during the first

intervals or atypical responses). The final dataset comprised 699 trials, identified by the ‘pmid’ variable in the database, and80

the full list is provided in the Supplementary Material.

For each trial, we had access to cumulative ammonia emissions over multiple time intervals, meteorological variables mea-

sured over the same intervals (temperature, rainfall, wind speed), and plot-level variables (application method, incorporation

type, time of incorporation, total ammoniacal nitrogen application rate (TAN), manure application rate, manure origin, manure85

pH, and dry matter content). Figure 1 illustrates the relative emissions over time for different application methods. Among these

methods, broadcast, a technique in which manure is spread uniformly over the soil surface, is typically the most emissive. In

contrast, other methods that reduce the exposed manure surface area, such as trailing hose, trailing shoe, or injection tech-

niques, are considered emission mitigation strategies. Figure 2 displays the emission reduction percentages of these techniques
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Figure 1. Cumulative relative ammonia emissions over time for different manure application and incorporation techniques. The y-axis shows

the cumulative emission as a fraction of TAN, and the x-axis indicates time since manure application (hours). Subplots represent various

combinations of application and incorporation methods: broadcast (no - shallow - deep incorporation), trailing hoses, trailing shoes, open

slot, and closed slot. All trials are included except those combining incorporation with trailing hoses or shoes (n= 4).

(referred to as efficacy) compared to the broadcast method. These reductions were computed directly from the database using90

only experiments where at least one broadcast trial was available for comparison. An important aspect of these data is the het-

erogeneity in the time steps of measurements and trial durations. The observations were not recorded at regular time intervals,

and the durations of the trials varied considerably. For example, the trial associated with pmid 2234 lasted 142 hours with mea-

surements taken every 30 minutes, whereas the trial associated with pmid 3226 lasted 34.7 hours, with measurements recorded

at (0.5h, 1.6h, 3.0h, 6.0h, 10.6h, 21.7h, 34.7h). A statistical summary of the dataset used is provided in Tables A1 and A295

(Appendix).

2.1.2 Data pre-processing

To mitigate discrepancies between short and long trials, measurements taken after 178 hours were excluded. For trials with

measurements preceding manure application, we interpolated cumulative emissions at t= 0 (time of manure application) and

removed all earlier measurements so that the first time interval begins at t= 0. In such cases, cumulative emissions at t= 0100

were subtracted from all subsequent values, assuming that emissions due to the manure only begin after its application.

For trials with more than 50 time points, we kept only a subset of points closest to a reference time sequence, defined with a

time step of 2 hours between 0−12 h, 4 hours between 12−24 h, and 8 hours between 24−178 h. Missing values for manure

pH were imputed using the average pH per manure origin. Missing values for air temperature and wind speed were linearly105

interpolated, while missing rainfall values were replaced with zeros.
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Figure 2. Percentage reduction in ammonia emissions for different application techniques compared to broadcast application, calculated

directly from the database. Only experiments including at least one broadcast trial were considered. The number of trials included in the

calculations for each application method is indicated on the right y-axis.

2.2 Models

We implemented two types of models: static models and dynamic models. The static models aim to predict the final cumulative

emissions following fertilization and are trained only on the final cumulative values. In contrast, the dynamic models are

designed to predict the entire emission trajectory from the time of fertilizer application. Importantly, our objective was not to110

formulate a step-ahead prediction problem (i.e., estimating emissions at time t+1 given emissions at time t), but rather to

predict the complete temporal dynamics. Both static and dynamic models were developed using random forests and different

types of neural networks.

2.2.1 Static models

Transformation of the data was necessary for the static models and was carried out in the same manner as described in Favrot115

et al. (2026). For each trial, the cumulative ammonia emission at the end of the last interval was used as the response variable.

Intermediate observations were not retained for model training. Meteorological variables were summarized over six predefined

time windows. For each of the three variables (air temperature, wind speed, and rainfall rate), six new variables were created:

five corresponding to average values over regular intervals in the [0,20h] period (each lasting 4 hours), and one covering the

interval from 20 hours to the end of the trial.120

Random forest

Random Forest (Breiman, 2001) is an ensemble learning method that builds multiple decision trees and combines their pre-

dictions, reducing overfitting and improving accuracy through averaging. Following Favrot et al. (2026), we trained a random

forest with 500 trees using final cumulative emission as the response variable. The hyperparameters mtry and nodesize, which125

control the diversity between trees and their size respectively, were optimized using validation sets. Computations were per-
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formed in R using the ’randomForest’ package (Liaw and Wiener, 2002).

Neural networks

For the static models, we used multilayer perceptron (MLP) neural networks (Rumelhart et al., 1986). An MLP consists of an130

input layer, one or more hidden layers with non-linear activation functions, and an output layer. It is a feedforward architecture

in which information flows in one direction, from inputs to outputs. We defined 12 architectures differing in the number and size

of hidden layers, and in whether or not an embedding layer was used for the categorical variables (manure source, incorporation

method, and application method). Embedding layers are dense vector representations that map each category to a trainable low-

dimensional continuous space, allowing the model to capture similarities between categories. When embedding layers were135

not used, categorical variables were transformed using one-hot encoding. ReLU functions were used as activation functions

between layers. A detailed description of the architectures is provided in Table A5 (Appendix). Models were implemented in

PyTorch and optimized using the Adam algorithm. The learning rate was set to 0.0001, and training was conducted for 12000

epochs using minibatches of size 32. A validation set was used to select the model parameters corresponding to the number of

epochs minimizing the validation loss.140

2.2.2 Dynamic models

The construction of the dynamic models was based on three main components: the model time step (regular or irregular),

the type of algorithm used (random forest or neural networks), and the nature of the training data (measured, interpolated, or

augmented, see below). In the following, yt denotes the cumulative emission at time t, let t1 < t2 < · · ·< tF define a sequence

of time points (t1 = 0), and let dtk = tk+1 − tk denote the duration between consecutive time points tk and tk+1.145

Timestep

Regarding the time step, we considered two types of models: models with regular time steps and models with irregular time

steps. In the case of regular time step models, the model provides predictions at regular intervals of length dt. In our study, we

considered the following values for dt: 2, 4, 6, 8, or 10 hours. For irregular time step models, predictions can be made at any150

arbitrary sequence of time points t1 < t2 < ... < tF .

Algorithm

We considered two types of algorithms: random forests and recurrent neural networks.

155

In the case of random forests, the cumulative emission at time tk is explicitly used to predict the cumulative emission at time

tk+1. The model can be expressed as follows:

ytk+1
= f

(
ytk , tk+1, dtk, meteo([tk, tk+1]), plot level variables

)
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with f being a random forest model and y(0) = 0. When the model is used for prediction, the cumulative emission at time

tk is unknown and is therefore replaced by its predicted value. The model is thus applied recursively to generate predictions

over the entire time sequence t1 < t2 < ... < tF . The response variable is the cumulative ammonia emissions and predictors160

are the cumulative emissions at the beginning of the time interval (ytk ), the number of hours after manure application (tk+1),

the length of interval measurement (dtk), the meteorological variables and the plot level variables. As with the static random

forest model, the mtry hyperparameter was optimized using validation sets.

Recurrent Neural Networks (RNNs) are a class of artificial neural networks specifically designed to handle sequential data165

by incorporating temporal dependencies through loops within their architecture. Unlike feedforward networks, RNNs maintain

a memory of past inputs via hidden states that are updated at each time step, making them well-suited for time series prediction

tasks (Elman, 1990). We tested 24 RNNs architectures that differed in terms of the response variable (cumulative emissions, in-

terval emissions, or both), network type (unidirectional or bidirectional), presence or absence of an additional dense layer with

six neurons between the main recurrent layer and the output, and use of embedding layers for categorical variables (yes/no).170

When embedding layers were not used, categorical variables were transformed using one-hot encoding. A full list of all model

architectures is provided in Table A6 in the Appendix. Figure 3 illustrates the architecture of model ’rnn 9’: a bidirectional

recurrent neural network with embedding layers for categorical variables and an additional dense layer between the recurrent

layer and the output. The model predictors include the number of hours after manure application, the length of the measurement

interval (dtk), meteorological variables, and plot-level variables. The size of the recurrent hidden layer was optimized using175

validation sets. All computations were performed using PyTorch, and model training was carried out using the Adam optimiza-

tion algorithm. The learning rate was set to 0.0001, and training was conducted for 2000 epochs using minibatches of size 32.

A validation set was used to select the model parameters corresponding to the number of epochs minimizing the validation loss.

Data used for training180

Several variations of the original dataset were considered for model training, depending on the model type. Regular time

step models were trained using an interpolated version of the original dataset. For example, for a model with a regular time

step of two, all dynamic variables (cumulative emissions, weather conditions) were linearly interpolated at a time step of two.

To train irregular time step models, we used either the original dataset or an augmented version of it. The augmented dataset

was constructed by merging six datasets: the original dataset and five interpolated versions generated for time steps of 2, 4,185

6, 8, and 10 hours. Data augmentation, originally introduced in computer vision to reduce overfitting by artificially increasing

the size of the training set (Krizhevsky et al., 2012), aims to improve model generalization by reducing the gap between the

training and test data distributions (Shorten and Khoshgoftaar, 2019). It has also been applied in time series contexts such as

classification, anomaly detection, and forecasting (Wen et al., 2020). A list of the datasets defined here with corresponding

number of observations is given in Table A4 (Appendix).190
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Figure 3. Architecture of the ’rnn 9’ model. Bidirectional recurrent neural network with embeddings for categorical variables and an addi-

tional dense layer between the main recurrent layers and the output. Green indicates the input, pink the embedding layer, purple the main

recurrent layer, yellow the additional dense layer between the recurrent layer and the output, and red the output.

For obvious computational reasons, it was not feasible to test all model combinations resulting from the three components

described above. Instead, a representative subset of 33 models was developed, as summarized in Table A7 (Appendix).

2.2.3 Cross validation

To compare model performances and to optimize model hyperparameters, we employed a cross-validation procedure. Specif-195

ically, we generated 15 random partitions of the 699 available trials, while preserving the original proportion of trials across

research institutes. Each partition was divided into three subsets: training, evaluation, and test, containing 450, 75, and 74 trials,

respectively. These 15 partitions were then applied to the datasets described in Table A4 (Appendix), to produce the training,

evaluation, and test sets used for the training, hyperparameter optimization, and performance assessment of the different mod-

els considered. In the following, we denote this collection of datasets as (traini, evali, testi)i=1,...,15.200

Hyperparameter optimization

For the static random forest model, the optimal values of the hyperparameters mtry and nodesize (ns), selected from the set

{8,9, . . . ,22}×{2,3,4}, were those that minimized the mean absolute error (MAE) across all validation sets:

(mtry∗,ns∗) = argmin
x,y

15∑

i=1

MAE (mtry = x, ns = y; dataset = evali)
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The models were then retrained on the concatenated training and evaluation sets for each cross-validation partition before205

final evaluation on the corresponding test set.

For each of the static neural network models, the validation sets were used to optimize the number of training epochs:

n∗
epoch, i = argmin

x≤12000
MAE (nepoch = x, dataset = evali)

For each of the dynamic random forest models, the optimal values for the mtry hyperparameter, selected from {2,3,4,5},

were those that minimized the MAE over all validation sets:210

mtry∗ = argmin
x

15∑

i=1

MAE (mtry = x; dataset = evali)

The models were then retrained on the concatenated training and evaluation sets for each cross-validation partition before

final evaluation on the corresponding test set.

For the recurrent neural networks, the size of the recurrent hidden layer was optimized by evaluating the following values:

{16,64,128,256,512}. The optimization was performed only using ’rnn 7’ and ’rnn 8’ irregular time step models: unidirec-215

tional recurrent neural networks with cumulative emissions as the response variable, without an additional dense layer before

the output, and without embeddings (’rnn 7’) or with embeddings (’rnn 8’). The optimal hidden size found for ’rnn 7’ was

then used for all models without embeddings, and the one found for ’rnn 8’ was applied to all models using embeddings. The

optimal sizes were determined by minimizing the mean absolute error across all evaluation sets:

h∗(without embeddings) = argmin
h

15∑

i=1

min
x≤2000

MAE (hidden size = h, nepoch = x, model = ’rnn 7’; dataset = evali)

h∗(with embeddings) = argmin
h

15∑

i=1

min
x≤2000

MAE (hidden size = h, nepoch = x, model = ’rnn 8’; dataset = evali)

Once the optimal hidden layer size was determined, all models were trained using the training sets, and the validation sets220

were used to determine the optimal number of epochs, following the same procedure as for the static neural networks.

The optimized hyperparameter values for the static random forests, dynamic random forests, and recurrent neural networks

are provided in Table A3 (Appendix). Figure A1 (Appendix) presents the mean absolute error as a function of the hidden layer

size for models ’rnn 7’ (without embeddings) and ’rnn 8’ (with embeddings).225

Final testing
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To perform the final testing, we computed the mean absolute error on the final cumulative emissions for all models across all

test sets. For dynamic models, we also computed the mean absolute error over all time points of the emission dynamics. In order

to obtain predictions at the observed time points with regular time step dynamic models, a post-processing step using linear230

interpolation was applied on the model outputs. For irregular time step dynamic models, predictions were directly computed

at the observed time points, except for the ’rnn 9 – data a.’ model, for which the MAE was also computed using predictions

generated at regular time intervals (dt = 2, 4, 6, 8, and 10). In that case, as for the regular time step models, linear interpolation

was applied on the model outputs in order to obtain predictions at the observed time points. As a benchmark, the ALFAM2

model was applied to the 15 test sets, although it was originally trained on a larger dataset comprising 722 trials, including the235

699 trials used in our study (Hafner et al., 2025).

2.3 Sensitivity to time step

When making predictions with an irregular time step model, the time points at which emissions are predicted can be freely

chosen. This raises the question of how sensitive the predictions are to the choice of time sequence. To address this, we used the

’rnn 9’ and ’rnn 9 – data a.’ models to predict emission dynamics for all trials in the 15 test sets, using both the observed time240

sequences and a regular time sequence with a 2-hour interval. In the latter case, meteorological data were linearly interpolated

to match the 2-hour time steps, and a post-processing interpolation step was applied to obtain predictions at the observed time

points. We then computed the absolute difference at the final observed time points between predictions generated with the two

time sequences. Examples of such predictions are shown in Fig. A7 (Appendix), and the boxplots of the absolute differences

are presented in Fig. A8 (Appendix).245

2.4 Predictions on scenarios

We considered several recognized fertilizer application techniques able to reduce ammonia emissions, namely: broadcast fertil-

izer application followed with immediate incorporation, trailing hose, trailing shoe, open slot, and closed slot. These techniques

were previously found to reduce emissions compared to the standard fertilizer application technique, broadcast without incor-

poration (Webb et al., 2010). We used the models ALFAM2, ’static rf’, ’dynamic rf 2’, ’static nn 12’, and ’rnn 9 - data a.’ to250

evaluate their efficacy by simulating ammonia emissions for the 128 scenarios previously defined in Favrot et al. (2026). These

scenarios correspond to all possible combinations of two contrasting values for each model variable, except for pH, which was

fixed at 7.5 (Table 1). For each scenario and application method, cumulative ammonia emissions were predicted using models

trained on the full dataset. We then computed the percentage reduction in emissions relative to the broadcast method, 72 hours

after fertilization. The ALFAM2 model was used with a time step of 2, and the ’rnn 9 - data a.’ model was applied with different255

time steps (dt = 2, 4, 6, 8 and 10). Values of meteorological variables provided in Table 1 for the static models were converted

to mean values over the time intervals corresponding to the different dynamic models.
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Table 1. Values of variables used to define the full factorial design considered to compare manure application techniques. For each of the

meteorological variables, two lists of six values were defined for the six time periods considered in the static models. These values correspond

to the first and third quartiles calculated over the dataset used in Favrot et al. (2026), except for rainfall, where the first quartile and the 0.95

quantile were used in order to obtain more contrasted conditions. Each value was combined with all the others, leading to 128 scenarios.

Variable Values

pH 7.5

TAN application rate (kg/ha) 36.7, 80.3

application rate (t/ha or m3/ha) 18.7, 36.7

slurry dry matter (%) 3.8,8.2

slurry source cattle, pig

air temperature (°C) (11.2, 10.8, 8.7, 8.0, 8.1, 9.2), (18.2, 18.5, 16.2, 14.2, 14.0, 16.0)

wind speed (m/s) (2.3, 2.3, 1.8, 1.4, 1.4, 2.2), (5.0, 4.6, 3.8, 3.7, 3.7, 4.1)

rainfall rate (mm/h) (0, 0, 0, 0, 0, 0, 0),(0.3, 0.2, 0.3, 0.4, 0.3, 0.1)

3 Results

3.1 Model comparison

The results for models ’rnn 1’ to ’rnn 24’ are presented separately in Fig. A4 and A5 (Appendix). The best-performing model260

was ’rnn 9’, which is bidirectional, includes embedding layers for categorical variables, incorporates an additional dense layer

between the recurrent layer and the output, and uses interval emissions as the response variable. It achieved an average MAE

of 3.64 kgN/ha on all the time points of the emission dynamics. Results by architectural features (Fig. A5, Appendix) show

that using embedding layers for categorical variables consistently improves model performance. The bidirectional structure

is particularly beneficial when interval emissions are used as the response variable. Adding an extra dense layer between the265

recurrent layer and the output has a more moderate effect overall, except in the case of unidirectional models trained on interval

emissions, where this addition significantly reduces the mean absolute error.

Figure 4 presents boxplots of the mean absolute error on final cumulative emissions, calculated for each test set, across

different modeling approaches: static random forest, static neural networks, dynamic random forest, the three recurrent neural270

network models based on the ’rnn 9’ architecture, and the ALFAM2 model. Among the static models, ’static rf’ and ’static nn

12’ - the latter being the most complex static neural network - yield similar performances, with average MAEs of 5.55 kgN/ha

and 5.28 kgN/ha, respectively. Other static neural network models exhibit lower performance, with performance decreasing as

model complexity is reduced. Dynamic random forest models produced relatively consistent and better results than the static

models, despite the presence of an outlier with an error close to 8 kgN/ha across all these models. Within this group, the best-275

performing model was ’dynamic rf - 10’, achieving an average MAE of 4.93 kgN/ha, corresponding to reductions of 11.1%
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and 6.6% compared to ’static rf’ and ’static nn 12’, respectively. The three RNN models based on the ’rnn 9’ architecture -

the most complex among those predicting interval emissions rather than cumulative emissions - yield contrasting results. The

irregular time-step model trained on the original dataset (’rnn 9’) achieves an average MAE of 4.84 kgN/ha, while the version

trained on the augmented dataset (’rnn 9 - data a.’) reaches an average MAE of 4.56 kgN/ha, making it the best-performing280

model among all tested. Notably, ’rnn 9 – data a.’ outperforms the other models on the majority of the test sets (Fig. A2 in the

Appendix). The average MAE obtained with this model corresponds to reductions of 17.8% and 13.6% compared to ’static rf’

and ’static nn 12’, respectively. Additionally, ’rnn 9 - data a.’ displays a narrower error distribution than ’rnn 9’. In contrast, the

’rnn 9 - 2’ model with a fixed time-step of 2 performs worse, with an average MAE of 5.67 kgN/ha and a more dispersed error

distribution. For comparison, the ALFAM2 model achieves an average MAE of 5.61 kgN/ha, corresponding to an increase of285

1.1% and 6.2% compared to the static models ’static rf’ and ’static nn 12’, respectively, and a 23.0% increase relative to ’rnn 9

- data a.’. Figure 5 complements these findings by plotting predicted versus observed final cumulative emissions for ALFAM2,

’rnn 9 - data a.’, ’static nn 12’, and ’static rf’ models. A noticeable bias is observed for high-emission trials in ALFAM2 and

’static rf’, the latter systematically underestimating large emission values. In contrast, ’rnn 9 - data a.’ appears visually unbiased

and exhibits the highest predictive accuracy among the models compared.290

Model evaluation based on all time points of the emission dynamics (Fig. 6) revealed results broadly consistent with those

obtained for the final cumulative emissions. The dynamic random forest models showed similar performance overall, although

a slight degradation was observed as the time step increased for models with regular time intervals. The best-performing among

them was the ‘dynamic rf – 2’ (time step of 2) with a mean absolute error of 4.05 kgN/ha. The three RNNs based on the ‘rnn295

9’ architecture exhibited the same pattern of contrasting performance observed for final cumulative predictions. Among them,

the ‘rnn 9 – data a.’ model outperformed all others, achieving a mean MAE of 3.54 kgN/ha, representing a 12.6% reduction

compared to ‘dynamic rf – 2’, and a 22.5% reduction relative to the ALFAM2 model, whose average MAE was 4.57 kgN/ha.

As with the final cumulative emissions, ’rnn 9 – data a.’ also outperformed the other models on the majority of the test sets

(Fig. A3 in the Appendix). Figure 7 presents illustrative examples of predicted emission dynamics for four trials from the first300

test set, obtained using the ALFAM2, ‘dynamic rf – 2’, and ‘rnn 9 – data a.’ models. These examples highlight a variety of

predictive behaviors. In trials 1527 and 3168, one of the models shows noticeably lower predictive accuracy than the other

two, whereas all three models exhibit good agreement with the observed values in trial 1132. Conversely, trial 2828 illustrates

a case where all models substantially deviate from the measured emissions.

3.2 Simulated efficacy of different manure application techniques305

The predicted efficacy values obtained over all 128 scenarios defined by the full combination of factors presented in Table 1

are shown in Fig. 8. For the ‘rnn 9 – data a.’ model, results were obtained using a time step of 6, as this configuration provided

the best performance for new predictions (Fig. A6 in Appendix). The predicted efficacies vary across models, both in terms

of medians and associated variability. Regarding the ranking of manure application techniques based on median efficacy, the

ALFAM2 model, as well as the ’static nn 12’ and ’rnn 9 - data a.’ models, yield consistent rankings for incorporation, open310
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Figure 4. Mean absolute error on the final cumulative emission for the 15 test sets of the cross validation procedure, grouped by model.

Colors indicate model types: blue for neural networks and green for random forests. Bright colors represent dynamic models, while pale

colors represent static ones. For recurrent neural networks, only models derived from architecture ’rnn 9’ are shown. See Tables A6 and A7

for model details.

slot, and closed slot methods, with relatively similar median values. For instance, the closed slot method is ranked as the most

effective for all three models, with median efficacy of 91.4%, 88.6%, and 88.7% for ALFAM2, ’static nn 12’, and ’rnn 9 - data

a.’, respectively. For these same models, trailing hose and trailing shoe exhibit comparable performance, with trailing shoe be-

ing slightly more effective than trailing hose for ALFAM2 and ’static nn 12’, whereas the reverse is observed for ’rnn 9 - data a.’.

315

Both neural network models exhibit greater variability than ALFAM2. In some scenarios, they even predict positive effica-

cies, particularly with the ’static nn 12’ model for the incorporation method. However, these positive efficacies are associated

with low absolute emission values (below 10 kgN/ha in most cases), as shown in Fig. A11 of the Appendix.

Turning to the random forest models, it is immediately evident that their predicted median efficacy values are generally lower320

than those of the other models. Notably, the closed slot method is predicted to be less effective than the open slot method. Ad-

ditionally, the incorporation method appears significantly less effective than the other techniques according to the ’static rf’

model, while it is predicted to be more effective than trailing hose and trailing shoe in the ’dynamic rf - 2’ model. In terms of

variability, the dynamic random forest model (’dynamic rf - 2’) displays greater variability than its static counterpart (’static

rf’), whereas the opposite trend was observed for the neural networks, with the dynamic ’rnn 9 - data a.’ model showing less325

variability than the ’static nn 12’ model. Positive efficacy values were also observed for the ’dynamic rf - 2’ model in some
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Figure 5. Observed versus predicted values of final cumulative ammonia emissions obtained from two static models (’static nn 12’ and

’static rf’) and two dynamic models (ALFAM2 and ’rnn 9 – data a.’), across the 15 test sets. When a trial appears in multiple test sets, the

corresponding prediction represents the average across those sets. The dashed line indicates the identity line (y = x).

Figure 6. Mean absolute error computed over all time points of the emission dynamics for the 15 test sets of the cross validation procedure,

grouped by model. Colors indicate model types: blue for neural networks and green for random forests. For recurrent neural networks, only

models derived from architecture ’rnn 9’ are shown. See Tables A6 and A7 for model details.
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Figure 7. Example of emission dynamics predictions from the first test set. Each subplot corresponds to a trial identified by its pmid. Red

representing the observed values and other colors indicate the output of different models.

cases, though to a lesser extent than ’static nn 12’ and ’rnn 9 - data a.’, and again primarily for scenarios involving low absolute

emission values (Fig. A11 in Appendix).

The results obtained with other time steps for the ‘rnn 9 – data a.’ model (Fig. A10 in Appendix) indicate a relatively limited330

sensitivity to the time step used for predictions. In particular, the ranking of application methods based on median efficacy

remains generally consistent across all time steps, except for dt= 10, where the incorporation method appears slightly more

effective than the open slot method, whereas the opposite is observed for predictions obtained with the other time steps.

4 Discussion

To our knowledge, this study is the first to investigate the use of dynamic machine learning models to predict ammonia emis-335

sions following field fertilization, and to demonstrate the value of incorporating emission dynamics for improving the predic-

tion of final cumulative emissions compared to static models. Specifically, we compared 33 dynamic models based on random

forests and recurrent neural networks algorithms with 13 static models using random forests and multilayer perceptron neural

networks. It is worth noting that we did not use long short-term memory networks because our preliminary tests indicated

that LSTMs did not provide any performance improvement over simple recurrent neural networks, likely due to the relative340

regularity of the emission time series (Fig. 1) and the limited number of observations per series (median = 8 observations per

series). Additionally, we tested data renormalization approaches, but these did not improve model performance (Fig. A9 in

Appendix). Based on a cross-validation framework, our results show that the best-performing dynamic models consistently
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Figure 8. Percentage reduction in emissions compared to the broadcast method (efficacy) for the application techniques: incorporation,

trailing hose, trailing shoe, open slot, and closed slot. Each subplot corresponds to a different model, and each boxplot represents the

variability across the 128 scenarios defined by all possible combinations of the factors given in Table 1.
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outperform their static counterparts in predicting final cumulative emissions. The best recurrent neural network model (’rnn 9 –

data a.’) achieved a 13.6% lower average MAE than the best static neural network (’static nn 12’), while the best dynamic ran-345

dom forest reduced the average MAE by 11.2% compared to the static random forest model. This superiority of dynamic over

static models likely stems from a better ability to capture interactions between meteorological conditions and the volatilization

process, as well as from the larger effective training set available to dynamic models through the use of sequential data.

The best-performing model among all those tested was the ’rnn 9 – data a.’ model, which achieved an average MAE of350

4.56 kgN/ha for final cumulative emissions. By comparison, the standard deviation of measurement errors has been estimated

to be at most 31% of the absolute emissions (Kamp et al., 2024). Assuming normally distributed errors, this corresponds to

an expected MAE of approximately 3.85 kgN/ha for the dataset used in this study, given an observed mean final cumulative

emission of 15.6 kgN/ha. Without data augmentation, the ‘rnn 9’ model was the most accurate among all tested RNNs. Among

the models using interval emissions as response variable, its architecture was the most complex: categorical variables were355

embedded, the recurrent layer was bidirectional, and an additional dense layer was added before the output. With data aug-

mentation, prediction error decreased by 5.8% for the final cumulative emissions and by 7.6% for the full emission dynamics,

demonstrating the effectiveness of this approach. Another benefit of data augmentation observed with the ‘rnn 9 – data a.’

model was reduced sensitivity to the choice of time step, as shown in Fig. A7 and A8 in the Appendix.

360

For both static and dynamic models, neural networks outperformed random forests. The mean absolute error was reduced

by 4.9% for ’static nn 12’ compared to ’static rf’, and by 8.11% for ’rnn 9 – data a.’ compared to ’dynamic rf – 10’. One key

difference between these two model types is their ability to extrapolate. Random forests, which rely on averaging observed tar-

get values within the terminal nodes, cannot extrapolate beyond the training domain. In contrast, the final linear layer in neural

networks does not inherently constrain the prediction range. This likely explains the results shown in Fig. A11 (Appendix),365

where the predicted range of emissions for the broadcast method is much narrower with both static and dynamic random forests

than with neural networks or the ALFAM2 model.

When predicting final cumulative emissions up to a maximum of 72 hours after manure application, Favrot et al. (2026)

reported a mean absolute error of 3.3 kgN/ha and an R2 of 0.88 using a static random forest model on an independent test370

subset. These values are substantially better than those obtained in our study for the static random forest model, which yielded

a MAE of 5.55 kgN/ha and an R2 of 0.63 (Table A8 in Appendix). Even our best-performing model, ‘rnn 9 – data a.’, produced

a MAE above 3.3 kgN/ha. Two main factors may explain this difference: (i) Favrot et al. (2026) evaluated their model on a

single test set, and (ii) all trials used in that previous study were limited to a maximum duration of 72 hours, whereas in our

dataset, the majority of trials exceed 90 hours, with some extending up to 176 hours. Using a random forest model predicting375

final relative emissions, Xu et al. (2024) obtained an R2 of 0.79 on a test set. In comparison, our static random forest model

achieved an R2 of 0.61 for the same response variable, while the ‘rnn 9 – data a.’ model reached an R2 of 0.75. However, the

datasets used in the two studies differ significantly. The dataset employed by Xu et al. (2024) comprises 2775 trials - com-
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pared to 699 in our study - and includes both organic and mineral fertilizers. Their dataset also contains trials with multiple

fertilizer applications, and the set of input variables differs from ours. For instance, their model incorporates soil properties380

such as carbon content and bulk density. These differences likely account for the discrepancies in model performance observed

between the two studies. Finally, Hafner et al. (2025) reports a MAE of 0.093 and an R2 of 0.66 for final relative emissions

using parameter set 3 of the ALFAM2 model, evaluated on the calibration dataset (comprising 722 trials, including the 699

used in our study). By comparison, the ‘rnn 9 – data a.’ model achieved a lower MAE of 0.077 and a higher R2 of 0.75 for the

same response variable, but on independent test sets.385

The results obtained for the prediction of the efficacy of mitigation techniques across different scenarios reveal non-negligible

variability depending on the model used. The outcomes for both static and dynamic random forest models are somewhat unex-

pected, with the closed slot method predicted to be less effective on average than the open slot method. This is likely due to the

limited number of trials available for the closed slot method in the dataset (n= 12 trials), combined with the known inability390

of random forests to extrapolate - particularly illustrated by the narrow range of predicted emissions for the broadcast method

compared to other models (Fig. A11 in Appendix). When compared to the empirical efficacy values derived directly from the

ALFAM2 database (Fig. 2), the predictions of the ’rnn 9 – data a.’ model show good agreement. Notably, positive efficacy

values are also observed empirically for the trailing shoe and open slot methods. Finally, compared to the results reported

by Favrot et al. (2026), which were obtained on identical scenarios but using a smaller dataset for model training (n= 538395

trials), the predicted efficacy values obtained here are generally similar for the static random forest, whereas ALFAM2 tends

to estimate slightly higher mitigation effects.

Despite a few cases of predicted negative efficacy - mostly observed for scenarios with very low absolute emissions (Fig. A11

in Appendix) - the ‘rnn 9 – data a.’ model produces average efficacy values consistent with those reported in the literature, even400

though different datasets were used for model calibration. For instance, average predicted efficacies are 48.1% for trailing hose

and 53.8% for trailing shoe, closely matching those reported by Häni et al. (2016), who found 51% and 53% efficacy for these

two techniques, respectively, for pig and cattle slurries also. The open slot and closed slot techniques are estimated to reduce

emissions by 50− 70% and 70− 90%, respectively, according to European Environment Agency (2023). These ranges are

consistent with the average predicted efficacies of 62.3% and 81.9% obtained with the ‘rnn 9 – data a.’ model. The relatively405

high variability in efficacy predicted across scenarios is also in line with previous studies. For example, Webb et al. (2010)

reported variability ranging from 0 to 75% for trailing hose and from 23 to 99% for open slot, while European Environment

Agency (2023) indicates a range of 20 to 90% for incorporation. The average efficacy predicted by the ‘rnn 9 – data a.’ model

for incorporation is 58.3%, which falls within this reported range.

410

Although our study demonstrated the strong predictive capabilities of models such as recurrent neural networks for forecast-

ing post-fertilization ammonia emissions, its scope remains limited to a narrow range of fertilizers, specifically pig and cattle

slurries. Future work could extend these findings to other types of fertilizers by leveraging techniques such as transfer learning
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(Pan and Yang, 2009), which would allow the knowledge acquired by recurrent neural networks to be transferred to new fertil-

izers using external datasets, even when only a limited number of trials are available. Model performance could also potentially415

be improved by making broader use of the ALFAM2 database, for example by including trials based on measurement methods

other than micrometeorological techniques, and by incorporating the measurement method itself as a predictor, as was done by

Søgaard et al. (2002) for the ALFAM model. Another direction could be to predict instantaneous fluxes rather than cumulative

or interval emissions, or to explore long short-term memory neural networks architectures (Hochreiter and Schmidhuber, 1997)

as alternatives to standard RNNs. Finally, generating prediction intervals using approaches such as conformal prediction (Vovk420

et al., 2005) would add substantial value, particularly in view of potential practical applications such as compiling national

emission inventories.

5 Conclusions

Our results demonstrate that predictions of cumulative ammonia emissions after manure application could be improved by

using dynamic machine learning models instead of static models. The best-performing model is a bidirectional recurrent neural425

network with embeddings for categorical variables and an additional dense layer between the recurrent layer and the output.

This model is able to handle datasets with heterogeneous time steps, and achieves a mean absolute error of 4.56 kgN/ha across

all test sets in the cross-validation, corresponding to a 13.6% reduction in error compared to the best static model. Notably, this

MAE is close to the MAE value expected when considering only measurement errors (3.85 kgN/ha), revealing that it would be

difficult to improve prediction accuracy further based on this type of data. Moreover, results shows that the simulated efficacy430

of the different slurry application methods was in good agreement with the literature. Given their predictive accuracy and ease

of implementation, such models represent promising tools for integration into national emission inventories and could also be

embedded in precision farming systems to improve nitrogen use efficiency.
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Table A1. Summary of quantitative variables.

Variable Min 1st quartile Median Mean 3rd quartile Max

cumulative emission [kg/ha] - 0.45 2.56 6.75 10.63 14.60 125.14

air temperature [°C] -3.15 9.90 13.70 13.89 17.70 35.24

wind speed [m/s] 0.06 1.78 2.75 3.11 4.00 28.37

rainfall rate [mm/h] 0.00 0.00 0.00 0.02 0.00 3.48

trial duration [h] 24.00 93.70 96.55 113.41 162.75 176.27

application rate [t/ha] 6.60 19.74 28.21 29.38 35.00 132.60

TAN application rate [kg/ha] 10.90 36.66 54.28 62.07 80.30 235.40

manure dry matter concentration [%] 0.77 4.00 6.59 6.25 8.15 13.80

manure pH 4.30 7.10 7.40 7.38 7.72 8.90

incorporation time [h] 0.00 0.00 0.00 1.76 0.00 24

Table A2. Categories and number of observations per category for the categorical variables.

Variable Levels Number of observations

Application method

broadcast 213

trailing hoses 197

trailing shoes 158

open slot 119

closed slot 12

Incorporation

none 643

shallow 52

deep 4

Manure source
cattle 485

pig 214

Appendix A
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Figure A1. Impact of hidden size on model performance for RNN models. Mean absolute error as a function of hidden size for unidirec-

tional models predicting e.cum, without an additional layer between the recurrent and output layers, with embeddings (’rnn 7’) and without

embeddings (’rnn 8’). Each boxplot represents variability across the 15 test sets.

Figure A2. Difference in mean absolute error on final cumulative emissions relative to the ’rnn 9 – data a.’ model, across the 15 cross-

validation test sets. Colors indicate model types: blue for neural networks and green for random forests. Bright colors represent dynamic

models, while pale colors represent static ones. For recurrent neural networks, only models derived from architecture rnn 9 are shown. See

Tables 6 and 7 for model details.

21

https://doi.org/10.5194/egusphere-2026-2404
Preprint. Discussion started: 5 May 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure A3. Difference in mean absolute error computed over all time points of the emission dynamics relative to the ’rnn 9 - data a.’ model,

across the 15 cross-validation test sets. Colors indicate model types: blue for neural networks and green for random forests. For recurrent

neural networks, only models derived from architecture rnn 9 are shown. See Tables 6 and 7 for model details.

Figure A4. Mean absolute error for models rnn 1 to rnn 24, computed over all time points of the emission dynamics across the 15 cross-

validation test sets. For models rnn 17 to rnn 24, which were trained to predict both cumulative and absolute emissions, final cumulative

values were obtained either directly from the cumulative outputs (’rnn 17 ecum’ to ’rnn 24 ecum’) or by summing the absolute emissions

(’rnn 17 delta_ecum’ to ’rnn 24 delta_ecum’).
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Table A3. Selected hyperparameters for the models.

Model Optimized hyperparameter Value

Static random forest
mtry 15

nodesize 4

Dynamic random forest mtry 2

Recurrent neural networks - without embeddings hidden size 512

Recurrent neural networks - with embeddings hidden size 512

Table A4. Number of observations in each dataset version used for model training.

Dataset Corresponding models Number of Observations

Final cumul dataset statics 699

Original dataset dynamics 6,169

Interpolated dataset – dt = 2 dynamics 39,968

Interpolated dataset – dt = 4 dynamics 20,144

Interpolated dataset – dt = 6 dynamics 13,537

Interpolated dataset – dt = 8 dynamics 10,219

Interpolated dataset – dt = 10 dynamics 8,240

Augmented dataset dynamics 98,277

Table A5. Static neural network models.

Model name Number of layers Layer sizes Embeddings

static nn 1 1 16 no

static nn 2 2 32 - 16 no

static nn 3 3 64 - 32 - 16 no

static nn 4 4 128 - 64 - 32 - 16 no

static nn 5 5 256 - 128 - 64 - 32 - 16 no

static nn 6 6 512 - 256 - 128 - 64 - 32 - 16 no

static nn 7 1 16 yes

static nn 8 2 32 - 16 yes

static nn 9 3 64 - 32 - 16 yes

static nn 10 4 128 - 64 - 32 - 16 yes

static nn 11 5 256 - 128 - 64 - 32 - 16 yes

static nn 12 6 512 - 256 - 128 - 64 - 32 - 16 yes
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Table A6. Recurrent neural network architectures.

Architecture name Response Bidirectional MLP Embeddings

rnn 1 cumul yes yes yes

rnn 2 cumul yes yes no

rnn 3 cumul yes no yes

rnn 4 cumul yes no no

rnn 5 cumul no yes yes

rnn 6 cumul no yes no

rnn 7 cumul no no yes

rnn 8 cumul no no no

rnn 9 ∆ cumul yes yes yes

rnn 10 ∆ cumul yes yes no

rnn 11 ∆ cumul yes no yes

rnn 12 ∆ cumul yes no no

rnn 13 ∆ cumul no yes yes

rnn 14 ∆ cumul no yes no

rnn 15 ∆ cumul no no yes

rnn 16 ∆ cumul no no no

rnn 17 (cumul, ∆ cumul) yes yes yes

rnn 18 (cumul, ∆ cumul) yes yes no

rnn 19 (cumul, ∆ cumul) yes no yes

rnn 20 (cumul, ∆ cumul) yes no no

rnn 21 (cumul, ∆ cumul) no yes yes

rnn 22 (cumul, ∆ cumul) no yes no

rnn 23 (cumul, ∆ cumul) no no yes

rnn 24 (cumul, ∆ cumul) no no no
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Table A7. Complete list of models. ∗For static neural networks and recurrent neural network models, see Tables A5 and A6 for detailed

architectures, respectively.

Model name Type Algo Timestep Training set

static rf static random forest - final cumul
static nn 1 static static nn 1∗ - final cumul
static nn 2 static static nn 2∗ - final cumul
static nn 3 static static nn 3∗ - final cumul
static nn 4 static static nn 4∗ - final cumul
static nn 5 static static nn 5∗ - final cumul
static nn 6 static static nn 6∗ - final cumul
static nn 7 static static nn 7∗ - final cumul
static nn 8 static static nn 8∗ - final cumul
static nn 9 static static nn 9∗ - final cumul
static nn 10 static static nn 10∗ - final cumul
static nn 11 static static nn 11∗ - final cumul
static nn 12 static static nn 12∗ - final cumul
dynamic rf - 2 dynamic random forest 2 interpolated - dt = 2
dynamic rf - 4 dynamic random forest 4 interpolated - dt = 4
dynamic rf - 6 dynamic random forest 6 interpolated - dt = 6
dynamic rf - 8 dynamic random forest 8 interpolated - dt = 8
dynamic rf - 10 dynamic random forest 10 interpolated - dt = 10
dynamic rf dynamic random forest irregular original
dynamic rf - data a. dynamic random forest irregular augmented
rnn 1 dynamic rnn 1∗ irregular original
rnn 2 dynamic rnn 2∗ irregular original
rnn 3 dynamic rnn 3∗ irregular original
rnn 4 dynamic rnn 4∗ irregular original
rnn 5 dynamic rnn 5∗ irregular original
rnn 6 dynamic rnn 6∗ irregular original
rnn 7 dynamic rnn 7∗ irregular original
rnn 8 dynamic rnn 8∗ irregular original
rnn 9 dynamic rnn 9∗ irregular original
rnn 10 dynamic rnn 10∗ irregular original
rnn 11 dynamic rnn 11∗ irregular original
rnn 12 dynamic rnn 12∗ irregular original
rnn 13 dynamic rnn 13∗ irregular original
rnn 14 dynamic rnn 14∗ irregular original
rnn 15 dynamic rnn 15∗ irregular original
rnn 16 dynamic rnn 16∗ irregular original
rnn 17 dynamic rnn 17∗ irregular original
rnn 18 dynamic rnn 18∗ irregular original
rnn 19 dynamic rnn 19∗ irregular original
rnn 20 dynamic rnn 20∗ irregular original
rnn 21 dynamic rnn 21∗ irregular original
rnn 22 dynamic rnn 22∗ irregular original
rnn 23 dynamic rnn 23∗ irregular original
rnn 24 dynamic rnn 24∗ irregular original
rnn 9 - 2 dynamic rnn 9∗ 2 interpolated - dt = 2
rnn 9 - data a. dynamic rnn 9∗ irregular augmented
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Table A8. Models’ performance on the final cumulative emissions, computed with various metrics.

Model MAE MSE RMSE Pearson’s r R2 MBE

ALFAM2 5.61 68.51 8.16 0.82 0.66 -0.10

static rf 5.55 81.92 8.70 0.80 0.63 0.29

static nn 12 5.28 65.81 8.00 0.84 0.67 0.66

dynamic rf - 2 4.95 69.38 8.04 0.83 0.67 0.03

dynamic rf - 4 4.98 69.32 8.03 0.83 0.68 0.29

dynamic rf - 6 5.03 70.42 8.09 0.83 0.67 0.80

dynamic rf - 8 5.01 68.78 8.01 0.84 0.68 0.77

dynamic rf - 10 4.93 67.43 7.92 0.84 0.68 0.61

dynamic rf 5.05 68.04 7.99 0.84 0.68 0.07

dynamic rf - data a. 4.95 67.18 7.96 0.84 0.69 -0.99

rnn 9 4.84 51.83 7.06 0.87 0.75 -0.73

rnn 9 - 2 5.67 95.79 9.10 0.80 0.55 -0.96

rnn 9 - data a. 4.56 46.22 6.71 0.88 0.77 -0.29
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Figure A5. Mean absolute error for models rnn 1 to rnn 24, computed over all time points of the emission dynamics across the 15 cross-

validation test sets, with a representation highlighting the architectural characteristics. The different subplots correspond to the target variable

used for training. For models ’rnn 17’ to ’rnn 24’, which were trained using both cumulative and interval emissions as targets, predictions

were subsequently computed using either cumulative or interval emissions. These correspond to the ’ecum2’ and ’delta_ecum2’ subplots,

respectively. The x-axis indicates whether embedding layers were used for categorical variables. Colors represent the model architecture:

unidirectional or bidirectional recurrent networks, and the presence (with MLP) or absence (without MLP) of an additional dense layer

between the recurrent layer and the output.

27

https://doi.org/10.5194/egusphere-2026-2404
Preprint. Discussion started: 5 May 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure A6. Mean absolute error for the ’rnn 9 – data a.’ model on final cumulative emissions (left subplot) and on the full emission dynamics

(right subplot), as a function of the time sequence used for prediction, across all test sets from the cross-validation procedure. ’Real times’

refers to the observed time sequence, while ’dt = 2’, and so on, denote regular time steps. For sequences with regular time steps, linear

interpolation was applied after model prediction to obtain values at the measured time points.
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Figure A7. Effect of data augmentation on the sensitivity of predictions to the time step. Predicted emission dynamics for four trials from

the first test set, using models ’rnn 9’ and ’rnn 9 – data a.’, with either the observed time sequence (’real times’, orange curves) or a regular

time step of 2 (’dt = 2’, green curves). For the ’dt = 2’ case, interpolation was performed after model application to obtain predictions at the

measured time points.

Figure A8. Absolute difference in final cumulative emissions between predictions obtained using the real time sequence and those obtained

using a regular time step of 2, for models ’rnn 9’ and ’rnn 9 – data a.’. Each boxplot represents variability across the 15 cross-validation test

sets.
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Figure A9. Mean absolute error of final cumulative emissions using either raw or normalized data, for both the “rnn 9 - data a.” model and

the “static nn 12” model.
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Figure A10. Percentage reduction in emissions at 72 hours for different application techniques compared to the reference broadcast method,

calculated using the ’rnn 9 – data a.’ model over the 128 scenarios defined by all possible combinations of the values in Table 1. Each subplot

corresponds to a different time step used for the predictions.
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Figure A11. Efficacy of the reduction techniques as a function of emissions from the reference broadcast method at 72h, for models AL-

FAM2, ’static rf’, ’dynamic rf – 2’, ’static nn 12’, and ’rnn 9 – data a.’.
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Code and data availability. The source code and the data used in this research are available on github at:435

https://github.com/armandfavrot/Improving-ammonia-emission-predictions-with-dynamic-machine-learning-models.

The best model was implemented as a Python package available on PyPI at https://pypi.org/project/nh3pred/.
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