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A B S T R A C T

Soil respiration plays a key role in regulating ecosystem CO2 emissions and atmospheric concentrations. How
ever, because it is highly sensitive to the environment and has large temporal and spatial variability, its 
contribution to the global carbon cycle remains highly uncertain. Recent advances in ecosystem process models 
have uniquely constrained soil respiration rates, largely based on results from tracing ecosystem CO2 losses using 
radioisotope and stable isotope methods. However, the computational requirements of process-based models at 
large scales are costly, limiting their application and prediction capability. To mitigate this requirement for high 
computational power for the assimilation of high-throughput data to identify patterns and trends in soil respi
ration and guide in deploying effective strategies to reduce Greenhouse gas (GHG) emission, the application of 
machine-learning (ML) models can help reduce the requirement of intensive computational capacity and improve 
the accuracy of predictions. Here, we developed a novel ML model that integrated a hybrid Prophet-ANN and 
snapshot ensemble approach. First, we extracted temporal features using the Prophet Forecasting model. We then 
used the Artificial Neural Network (ANN) regression model to correct the forecasting model errors and perform 
the final prediction using the snapshot ensemble approach. This model can serve as a surrogate for the ForCent 
model applied to the Oak Ridge National Laboratory deciduous forest. Our proposed model accurately predicted 
soil CO2 flux for the four studied sites: East Low, West Low, East High, and West High. We show the potential of 
our proposed ML model to significantly improve soil CO2 flux predictions, which in turn can help us develop 
more effective strategies for managing soil carbon.

1. Introduction

The forest ecosystem which covers 31 % of the global land area, is 
one of the most promising solutions to combat global climate change. 
Forests capture 14.1 PgC yr− 1 of CO2 through photosynthesis and release 
11.6 PgC yr− 1 through respiration and fires, resulting in a net storage of 
2.5 PgC yr− 1 (Nunes et al., 2020; Singh et al., 2022). Approximately 40 
% of the global soil C stocks reside in forests (Mayer et al., 2020). It 
functions as a carbon sink, assimilating atmospheric CO2 into soil and 
biomass. Through photosynthesis, terrestrial ecosystems uptake large 
amounts of atmospheric CO2, which is assimilated into plant biomass 

and eventually incorporated into soil organic matter pools. However, 
part of this CO2 returns to the atmosphere through the ecosystem 
respiration (Reco), including microbial (heterotrophic) and plant (auto
trophic) respiration (Rhet and Raut, respectively). The net balance of all 
contributing CO2 fluxes determines the size and turnover times of the 
soil organic carbon pool, ultimately defining the carbon sink or source 
strength of the ecosystem.

Soil respiration (SR) is crucial in regulating net ecosystem CO2 
emissions in forest systems (Heimann and Reichstein, 2008; Lloyd and 
Taylor, 1994). SR rates are sensitive to changing environments and 
disturbances (Rodtassana et al., 2021). Due to the magnitude of CO2 

* Corresponding author.
E-mail address: xli48@albany.edu (S.N. Ferdous). 

Contents lists available at ScienceDirect

Ecological Informatics

journal homepage: www.elsevier.com/locate/ecolinf

https://doi.org/10.1016/j.ecoinf.2024.102991
Received 12 August 2024; Received in revised form 29 October 2024; Accepted 31 December 2024  

Ecological Informatics 85 (2025) 102991 

Available online 6 January 2025 
1574-9541/© 2024 Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license ( http://creativecommons.org/licenses/by-nc-nd/4.0/ ). 

https://github.com/nymaferdous/soil-respiration-prediction
https://github.com/nymaferdous/soil-respiration-prediction
mailto:xli48@albany.edu
www.sciencedirect.com/science/journal/15749541
https://www.elsevier.com/locate/ecolinf
https://doi.org/10.1016/j.ecoinf.2024.102991
https://doi.org/10.1016/j.ecoinf.2024.102991
http://creativecommons.org/licenses/by-nc-nd/4.0/


exchange fluxes of forest ecosystems, small changes in SR can substan
tially impact atmospheric CO2 concentrations (Nissan et al., 2023; 
Schlesinger and Andrews, 2000). Large uncertainty in the determination 
of SR fluxes results from scale-up of measurement technique and 
different methods of measurement techniques (Hashimoto et al., 2023; 
Pumpanen et al., 2004). Reducing this uncertainty would improve un
derstanding of the global carbon cycle and the implications terrestrial 
ecosystems on climate.

Process-based models are invaluable tools to reduce this uncertainty. 
Based on our mechanistic understanding of ecosystem processes, 
process-based models reproduce key processes such as belowground 
carbon allocation (root growth), soil organic matter (SOM) formation 
and decomposition, nutrient release, and interactions with environ
mental parameters such as soil water and nutrient content (Zani et al., 
2023). Ecosystem process-based models, such as DayCent, use soil car
bon dynamics models with decay constants to calculate decomposition 
and carbon transfer between pools (Berardi et al., 2020). Hence, a 
detailed understanding of the complex relationships between forests and 
CO2 emissions is essential for developing effective strategies for 
ecosystem management and mitigating climate change.

DayCent used litter bag techniques, commonly used for studying the 
decomposition dynamics of SOM (Kurzbesson et al., 2005; Xie, 2020; Xie 
et al., 2017). However, not devoid of uncertainty, prediction accuracy of 
DayCent is limited by poor understanding of plant physiology, microbial 
activity including turnover times, interactions with the environment, 
and fate of decomposition products (dos Reis Martins et al., 2022). Major 
limitations of this technique, however, are the underrepresentation of 
long-term turnover rates and contributions from slow decomposing 
pools, and the inability to directly assess the fate of nutrients and organic 
matter compounds derived from decomposition processes. Radiocarbon 
studies stand out as an instrumental tool for precise measurement of 
turnover rates for different parts of carbon cycle in soil.

Isotopic approaches with 13C and 14C tracers have been extensively 
used to identify contribution pathways to main SOM pools, estimate 
mean residence time of the organic material and track changes in slow 
decomposing SOM pools (Lynch et al., 2006; Parton et al., 2010), 
providing a unique opportunity to improve model performance. Parton 
et al., used data from the Enriched Background Isotope Study (EBIS) 14C 
to calibrate, develop and test the ForCent model, a forest-centric version 
of the DayCent model that built seasonal plant growth and root devel
opment into the model subroutines. Further, it enhances the determi
nation of carbon flux in different pools by adding a plant-stored 
carbohydrate pool and a slow surface litter pool (Parton et al., 2010). 
This improvement provides a new approach for the partitioning between 
various sources of heterotrophic respiration and the subsequent effect of 
leaf and root; it offers insights into the complex processes that control 
the long-term stabilization of SOM. This ForCent model uses EBIS 14C 
isotopic study to determine turnover rates of different SOM pools with 
high accuracy. It shows progress in accuracy for predicting critical as
pects of soil carbon cycle and organic matter stabilization in different 
pools.

The present study seeks to enhance the precision and efficacy of the 
existing approach using ML techniques as a surrogate for the ForCent 
model. The use of 14C-tracer studies to develop the DayCent model is 
restricted to a small scale because of the high cost and adverse envi
ronmental effects (Andresen et al., 2018). The development of a process- 
based model is costly and requires high resources, and it is challenging 
to use for guidance on how climate and management changes affect 
sustainability and GHG emissions (Lardy et al., 2014; Seppelt and Voi
nov, 2002). Further, it requires long-term field histories and showed low 
accuracy when calibration process-based models were used to predict 
CO2 emissions (McClelland et al., 2021). The results and the model's 
ability to predict CO2 emissions depend on many factors, including field 
experiments that do not accurately measure emissions, systems that do 
not accurately parameterize process-based models, and mathematics 
that do not accurately describe the system's complexity.

The ability of ML can potentially transcend the existing capabilities 
of the ForCent model; it offers an advanced approach to analyzing the 
dynamic interplay between litter decomposition, SOM formation, and 
GHG emissions. Researchers have successfully used different ML models 
to predict soil GHG emissions (Harsányi et al., 2024; Lu et al., 2021). 
Recently, ensemble learning (Mendes-Moreira et al., 2012), a machine 
learning-based approach, was found effective for soil CO2 flux predic
tion. Generally, the performance of ensemble models is better than 
single models as ensemble modeling performs prediction combining 
multiple model predictions. Classical Random Forest (RF) has been 
found to be an efficient ML model for agricultural CO2 flux prediction 
(Abbasi et al., 2021; Hamrani et al., 2020; Tavares et al., 2018). The RF 
model has also been successfully applied for other GHG emission pre
diction such as N2O emission prediction (Philibert et al., 2013; Saha 
et al., 2021). Random Forest (RF) and Gradient Boosting (GB) regressor 
have been identified as the best performing model for soil CO2 flux 
prediction (Adjuik and Davis, 2022). (Zhao et al., 2017) predicted 
biome-specific global soil respiration from 1960 to 2012 using Artificial 
Neural Network (ANN). ML models combined with unmanned aerial 
vehicle (UAV) spectral information have been proven to be effective for 
soil respiration estimation in desertified mining areas (Liu et al., 2023). 
A stacking-based ensemble model has been proposed for predicting GHG 
emission from irrigated paddy fields (Jiang et al., 2023). A study on soil 
CO2 emission found RF and generalized regression neural network 
(GRNN) promising for soil respiration prediction of reforested areas in 
the Brazilian Cerrado site (Alzubaidi et al., 2021). Recently, spatial 
distribution pattern and driving mechanism of global soil respiration 
have been analyzed using ML and big data (Liu et al., 2024). (Wang 
et al., 2024) developed a clustering-based framework, CLUSTER-ARIMA 
for soil respiration prediction. A new framework, Dish-ECA-Adain- 
Autoformer (DEAF) has been proposed for soil CO2 flux prediction 
(Yang et al., 2024).

In this study, we proposed a novel ensemble-based model for CO2 
flux prediction. Ensemble models, such as RF, have been recognized for 
their high accuracy in CO2 flux prediction (Abbasi et al., 2021; Mirzaei 
et al., 2023). Our model exceeds the performance benchmarks set by RF. 
The enhanced ability of our model to predict CO2 flux is attributed to the 
ensemble approach, which amalgamates predictions from multiple 
models to capture complex interactions among input variables effec
tively. Previously, the ML model has been used as a surrogate of DayCent 
for the agriculture landscape (Nguyen et al., 2019). However, to our 
knowledge, there are no reports on using ML models to surrogate Day
Cent for predicting GHG emissions from forest lands. Existing methods 
for soil respiration prediction ignore the relationship between soil car
bon pool and SR. Considering this limitation, we develop a novel ML 
model that can function as a powerful surrogate in refining the ForCent 
model, especially in calibrating the turnover rates of different SOM pools 
using process-based ecosystem models. The objective of this study is to 
pave the way for more accurate predictions related to the soil carbon 
cycle in forests and to help develop a toolset to guide decision-making in 
response to the challenges posed by a changing climate. The model is 
implemented in Python.

In this study, we propose to estimate SR of forests and CO2 flux in 
different soil organic pools using an ML model that works as a surrogate 
for the ForCent model. The specific objectives of this study are (1) assess 
the ML model's capability to estimate soil respiration in forests and 
predict CO2 flux across different soil carbon pools; (2) propose a novel 
ML modeling-based approach for CO2 flux prediction that can be used as 
surrogate for ForCent; and (3) introduce the usability of new predictor 
variables (mineral soil respiration, litter respiration by machine learning 
model) for CO2 fluxes estimation.
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2. Methods

2.1. Description of database

This study utilized data derived from the ForCent model published 
by Parton et al. (Parton et al., 2010), which focuses on carbon cycling 
dynamics in forest ecosystems, particularly the partitioning of autotro
phic and heterotrophic respiration processes. The primary purpose of 
the ForCent model was to address issues in the carbon cycle related to 
the partitioning of autotrophic and heterotrophic respiration processes 
for forest ecosystems. The data originated from a 65- to 150-year-old 
Oak Ridge National Laboratory deciduous forest located on ridgetop 
and upslope positions. Five independent variables were chosen for 
analysis: air temperature (◦C), soil temperature (◦C), daily precipitation 
(cm d− 1), daily delta 13C/14C values for both surface litter respiration (g 
C m− 2 d− 1) and mineral soil respiration (g C m− 2 d− 1). CO2 flux served as 
the dependent variable. A detailed statistical characterization of the 
input features is provided in Table 1.

The experiment involved two soil types and two levels of 14C expo
sure established in 1999. Reciprocal transplants of enriched and near- 
background litter were implemented at sites (i.e., East, West) with 
contrasting levels of 14C exposure. Enriched 14C leaf litter was collected 
from the western site in fall 2000, while background 14C litter was 
collected from the eastern site during the same period.

Near background and enriched 14C leaf litter were added to the plots 
in May 2001, with continued additions of elevated and ambient leaf 
litter (during winter months) for the next two years. Plots in the repli
cated experimental design included those with (1) 14C enriched.

soil carbon, root litter, and leaf litter; (2) 14C enriched roots, soil 
carbon, and near background leaf litter; (3) near-background roots, soil 
carbon, and elevated 14C leaf litter; and (4) near background leaf litter, 
roots, and soil carbon. The 14C content of surface litter, humus, mineral 
soil layers, and soil respiration rates were measured from 2001 to 2005. 
The “East high site” refers to the plot in the eastern location that was 
subjected to high treatments of 14C enriched leaf litter. “East low site” 
represents the plot in the eastern location subjected to low or near- 
background treatments of 14C in leaf litter. Depending on the specific 
experiment, “high” and “low” refer to several different variables such as 

the amount of 14C in the litter, soil carbon, or root litter. The same 
principle is used for the “West high site” and “West low site”. These refer 
to different experimental plots in a western location of the study area 
that were subjected to high and low treatments, respectively. The di
versity in experiment design allows for a range of conditions under 
which the researchers can study carbon dynamics in the ecosystem. A 
detailed statistical characterization of the input features is provided in 
Table 2.

2.2. Preprocessing

To develop a robust deep-learning model, we needed to pre-process 
the dataset. The dataset is split into a training set covering the years 
1980 to 2000 and a test set spanning 2001 to 2005. The dataset contains 
a total of 9498 observations. To standardize the dataset, the median was 
removed, and data were scaled between 25th and 75th quantile range. 
We also generated a new feature average temperature (atemp) which is 
calculated by taking the average of minimum temperature (mint) and 
maximum temperature (maxt).

2.3. Machine learning models

To estimate CO2 flux, we initially assessed the effectiveness of 
traditional regression models in predicting CO2 flux, as elaborated upon 
in the following section.

2.3.1. Classical regression models

• KNN: K-Nearest Neighbors (KNN) (Maltamo and Kangas, 1998) is a 
non-parametric supervised ML algorithm popular for both classifi
cation and regression. In KNN regression, the algorithm finds the k- 
nearest neighbors of a new data point and assigns the average (or 
weighted average) of their target values as the prediction.

• MLP: Multi-layer perceptron (MLP) (Mohamadi et al., 2021; Ram
choun et al., 2016) is a type of ANN used for regression. MLP 
regression follows a parametric approach that involves training a 
neural network with multiple layers.

• CART: CART (Gey and Nedelec, 2005) is a decision tree-based 
regression model that builds a binary tree structure recursively, 
where each node in the tree represents a decision based on a feature, 
and the leaves contain the predicted values.

• SVR: Support Vector Regression (SVR) (Noble, 2006) is a regression 
algorithm based on Support Vector Machines (SVM). SVR focuses on 
minimizing the error while still staying within a margin around the 
true output.

• RF: Random Forest (RF) Regression (Segal, 2003) is an ensemble 
learning method based on the RF algorithm. It extends the idea of 
decision tree regression by constructing a multitude of decision trees 
during training and outputting the average prediction of the indi
vidual trees for regression tasks.

• LR: Linear Regression (LR) (Seber and Lee, 2003) is a simple and 
widely used supervised learning algorithm for predicting a contin
uous outcome variable (also called the dependent variable) based on 
one or more predictor variables (independent variables). The 
fundamental idea behind linear regression is to model the relation
ship between the predictor variables and the outcome variable as a 
linear eq.

• BR: Bayesian Regression (BR) (Bishop and Tipping, 2003) is a su
pervised regression model that incorporates Bayesian principles into 
the linear regression model. Bayesian regression provides a distri
bution of possible parameter values. This distribution is updated 
based on prior knowledge (prior distribution) and observed data, 
resulting in a posterior distribution of parameters.

• GB: Gradient Boosting (GB) Regression (Natekin and Knoll, 2013) is 
an ensemble learning-based regression model that builds a predictive 
model in the form of an ensemble of weak learners, usually decision 

Table 1 
Input data specification for CO2 flux forecasting.

Input Abbreviation Description Unit

Avg. Temp atemp Mean of max and min 
temperature

◦C

Soil Temperature stemp Average soil 
temperature near the 
soil surface

◦C

Precipitation prec Precipitation for day Cm 
d− 1

Intermediate 
Variable

Litter 
respiration

pdsrfclit Daily delta 13C/14C 
value for 
heterotrophic 
respiration for the 
surface litter (surface 
metabolic, structural, 
som1c, and som2c) 
prediction using a 
machine learning 
model

g 
Cm− 2 

d− 1

Mineral soil 
respiration

pdsmnrl Daily delta 13C/14C 
value for 
heterotrophic 
respiration for the 
mineral soil (soil 
metabolic, structural, 
som1c, som2c, and 
som3c) prediction 
using a machine 
learning model

g 
Cm− 2 

d− 1
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trees. The model is built sequentially by adding weak learners to 
correct the errors of the existing ensemble.

2.3.2. Snapshot ensemble
Ensemble learning (Arbib, 1998; Ferdous et al., 2023; Mohamadi 

et al., 2022,Sagi and Rokach, 2018) is an ML technique combining 
multiple models to predict an outcome. Snapshot ensemble (Huang 
et al., 2017) is an ML technique where several diverse models (snapshot 
models) are created by converging to multiple local minima. Snapshot 
models are saved after the completion of each cycle. During the 
convergence to multiple local minima, the Cyclic Cosine Annealing al
gorithm (Loshchilov and Hutter, 2017) is used to schedule the learning 
rate of the model. In this analysis, the learning rate for the schedule used 
the following formula: 

η = 1+
ηinit

2
cos

⎛

⎜
⎜
⎝

π mod
(

t − 1,
[

T
M

]

[
T
M

]

⎞

⎟
⎟
⎠ (2) 

Here, ηinit is the initial learning rate, η is the updated learning rate, t is 
the current iteration number, T is the total number of iterations, and M 
denotes the number of cycles.

2.3.3. Proposed model
To develop an ML model suitable for predicting CO2 flux, which can 

also act as a surrogate of ForCent, we followed the design principles of 

ForCent. Our novel hybrid ensemble model adopts a two-step training 
approach for CO2 flux prediction considering both meteorological var
iables (air temperature, soil temperature, precipitation) and intermedi
ate variables (mineral soil respiration, litter respiration predicted by 
ML) similar to ForCent. First, we predict surface and mineral soil 
respiration using supervised ML regressor models. To incorporate tem
poral information effectively, we perform forecasting. Extracted features 
from the best forecasting model (in our case, Prophet) are concatenated 
with input features. Five features (air temperature, soil temperature, 
precipitation, predicted mineral soil respiration, and predicted litter 
respiration) along with the extracted Prophet features were selected for 
the final model simulation on the testing dataset. This selection provided 
the most robust performance across all algorithmic scenarios examined, 
evidenced by a higher R2 value. Nevertheless, the feature set constructed 
in this two-stage way outperformed training with three set features (air 
temperature, soil temperature, precipitation) for CO2 flux prediction. 
The final prediction is performed by the snapshot ensemble model 
(Huang et al., 2017). Fig. 1 illustrates the framework of the proposed 
prediction model.

The proposed deep hybrid model comprises Prophet (Taylor and 
Letham, 2018) and ANN (Wang, 2003). Prophet is a time series fore
casting model based on an additive model used to capture the under
lying temporal relationship of data. The Prophet model decomposes a 
time series into three components: trend, seasonality, and holiday effect, 
which can be expressed using the following formula: 

Table 2 
Statistical characteristics of input features for oak forest site.

Features Min Max Mean Variance Skewness Kurtosis

Atemp (◦C) − 1.400 30.75 14.4957 53.709 − 0.174 9.235
Stemp (◦C) − 19.371 32.6522 11.0568 10.4763 0.2363 − 1.388
prec (cm d− 1) − 99.900 12.100 0.31328 2.21845 − 38.611 1751.68
pdsrfclit 

(g Cm− 2 d− 1)
98.625 320.779 190.925 50.314 0.5264 − 0.602

pdsmnrl 
(g Cm− 2 d− 1)

150.952 286.850 219.307 38.450 4.3195 103.471

Fig. 1. Methodology framework of a proposed deep hybrid snapshot ensemble model for CO2 flux forecasting. First, temporal features are extracted using Prophet 
forecasting model. The candidate feature set is constructed by concatenating original features (air temperature, soil temperature, precipitation), extracted temporal 
features by Prophet and features predicted by ML (mineral soil respiration and litter respiration). The concatenated input is fed through ANN. Final prediction is 
performed using a snapshot ensemble approach.
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Y(t) = g(t)+ s(t)+h(t)+ €(t) (1) 

where, g(t) is the trend function, s(t) represents the periodic seasonal 
effects, ℎ(t) is the holiday effects, and €(t) the residuals. The trend 
represents non-periodic changes in data. Seasonality represents periodic 
changes (daily, weekly, monthly, yearly) in data. The holiday effect 
tracks the occurrence of events on irregular intervals, and residuals are 
the error terms not explained by the model.

The extracted features from the Prophet model (trend, seasonality, 
additive terms, predicted soil respiration) along with five input features 
(air temperature, soil temperature, precipitation, predicted mineral soil 
respiration, and predicted litter respiration) are fed to the ANN. ANN 
works similarly to the human biological brain system. ANN models the 
problem as a non-linear approximation. It comprises input, hidden, and 
output layers interconnected by neurons. The input first passes through 
the input layer. Then, the hidden layer performs a series of trans
formations, and activation functions (e.g., sigmoid, tanh, etc.) are 
applied to compute the hidden representation of features. Finally, the 
output layer performs specified prediction, in this case, CO2 flux 
prediction.

The last step of our proposed model was snapshot ensembles, where 
diverse snapshot models of hybrid Prophet-ANN were created, and final 
forecasting was performed by computing the average of the predictions 
from snapshot models.

3. Model development

This section delineates the development process of our snapshot 
ensemble model for the “East low site,” a methodology that is extendable 
to the other three sites examined in this study. The model aims to predict 
one year ahead CO2 flux, using cross-validation. Initially, the Prophet 
statistical forecasting model was employed for temporal feature 
extraction pertinent to CO2 flux forecasting.

We conducted a preliminary Pearson's correlation analysis to 
examine the relationship between input and output variables. Fig. 2 il
lustrates a significant correlation between ‘Average_Temperature’ and 
both ‘Maximum_Temperature’ and ‘Minimum_Temperature’ prompting 

the exclusion of the latter two features to focus solely on ‘Aver
age_Temperature’. This decision also served to simplify the problem 
space by reducing its dimensionality. The correlation matrix in Fig. 2
identified air and soil temperatures as pivotal predictors of CO2 flux, 
while precipitation was deemed the least influential one. The analysis 
supports the findings presented in (Joshi et al., 2022). Also, the analysis 
validates the findings, highlighting strong correlations between CO2 flux 
and both air and soil temperatures (Hamrani et al., 2020; Oertel et al., 
2016).

3.1. Intermediate variable generation

While designing our soil respiration prediction framework, we 
considered two intermediate components: litter respiration and mineral 
soil respiration. This design principle is inspired from ForCent model soil 
C pool (Parton et al., 2010). In the development of the model's feature 
set, the original feature set was enhanced with intermediate features 
(predicted mineral soil respiration and litter respiration) derived from 
supervised ML regressors. To predict mineral soil respiration and litter 
respiration, various ML models underwent cross-validation. The box- 
plot performance, illustrating the comparative efficacy of different ML 
algorithms for both mineral soil and litter respiration, is depicted in 
Fig. 3. The RF model emerged as the most effective, accounting for 
approximately 99 % of the variation in litter respiration prediction, as 
shown in Fig. 3(a). Conversely, the GB Regression model surpassed other 
ML models in predicting mineral soil respiration, explaining around 96 
% of the variation, as illustrated in Fig. 3(b). Leveraging the highest- 
performing models, we generated predictions for litter respiration and 
mineral soil respiration to refine our forecasting model. The annual and 
2001–2005 predictions for both litter respiration and mineral soil 
respiration are presented in Figs. 4 and 5, respectively.

3.2. Temporal feature extraction

To assess the temporal feature extraction capability for CO2 flux 
forecasting, a wide range of forecasting models were analyzed: 

Fig. 2. Cross-correlation matrix showing different correlations between features.
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• NBeats: Neural Basis Expansion Analysis (NBeats) (Oreshkin et al., 
2020) is a simple and efficient deep neural network (DNN) archi
tecture based on multi-layer perceptron (MLP) with backward and 
forward residual links. It consists of a very deep stack of fully con
nected layers.

• NHiTS: Neural Hierarchical Interpolation for Time Series (NHiTs) 
(Challu et al., 2023) is a time series forecasting model that comprises 
several blocks of MLPs connected in a doubly residual stacking 
fashion. It performs long-horizon forecasting by applying multi-scale 
hierarchical interpolation and multi-rate data sampling techniques. 
The model performs prediction in a memory-efficient way with 
improved accuracy.

• Prophet: Prophet (Taylor and Letham, 2018) is a time-series fore
casting model based on modular regression and Bayesian inference.

• Random Forest: Random Forest (Breiman, 2001) is an ensemble 
learning-based supervised ML algorithm. It works based on the 
bagging principle, combining multiple decision trees to make 
predictions.

• LSTM: Long Short-Term Memory (LSTM) (Gers and Schmidhuber, 
2001) is a type of Recurrent Neural Network (RNN) used to learn 
long-term dependencies addressing vanishing gradient problems in 
time series data using memory cells and feedback connections. LSTM 
utilizes three gate structures, namely input, output, and forget gate, 
to process information.

• TFT: Temporal Fusion Transformer (TFT) (Lim et al., 2020) is a 
Transformer interpretable time series forecasting model that uses 
self-attention to model complex temporal time-series patterns. The 
model comprises novel components such as a static covariate 
encoder, sequence-to-sequence (LSTM) layer, gating module, and 
temporal self-attention decoder. The model uses quantile predictions 
to obtain output intervals across all prediction horizons.

• TCN: Temporal Convolutional Network (TCN) (Bai et al., 2018) TCNs 
have the advantages of parallelism, low memory requirements for 
training, and flexible receptive field size. It employs causal convo
lution and dilation to avoid information leakage from the future to 
the past.

Fig. 3. Box plot performance of predicted values of (a) litter respiration (b) mineral soil respiration for oak forest low east site. A higher R2 indicates a better- 
performing model. 
K-nearest neighbor: KNN, Multilayer Perceptron (MLP), Decision Tree (CART), Support Vector Regression (SVR), Random Forest (RF), Linear Regression (LR), 
Bayesian Ridge Regression (BR), Gradient Boosting (GB) regression.

Fig. 4. Comparison of observed and predicted values of (a) litter respiration (b) mineral soil respiration for the oak forest low east site.

S.N. Ferdous et al.                                                                                                                                                                                                                              Ecological Informatics 85 (2025) 102991 

6 



In this study, the efficacy of various time-series forecasting models 
was scrutinized to evaluate their capacity for temporal feature extrac
tion, which is crucial for integrating CO2 flux predictions (Fig. 6). Daily 
timesteps are considered to perform five-year ahead predictions.

The performance of both traditional and cutting-edge forecasting 
models, including Prophet, NBeats, NHiTs, TFT, TCN, and LSTM, was 
assessed with respect to CO2 flux forecasting for the site under study. 
The findings unequivocally indicated that the Prophet model out
performed other time-series forecasting models, underscoring its supe
rior capability to encapsulate temporal information effectively. The 
forecasting outcomes advocated for the Prophet model as the most 
appropriate model for CO2 flux forecasting at the studied site, based on 
considered error metrics (mean absolute error (MAE), mean absolute 
percentage error (MAPE), and root mean squared error (RMSE). 
Furthermore, the Prophet model is characterized by its rapid training 
process and simplicity, offering a distinct advantage over more complex 
deep forecasting models.

3.3. Prediction using snapshot ensemble

Finally, the extracted prophet features were concatenated with five 
features (air temperature, soil temperature, precipitation, predicted 

mineral soil respiration, and predicted litter respiration) and fed to an 
ANN to improve predictions. Because the increased number of hidden 
layers may risk overfitting the model, we trained an ANN with three 
hidden layers containing 10, 15, and 10 neurons, respectively. For 
training the hidden layers, ‘relu’ activation function was used. The 
model was optimized through an Adaptive Moment Estimation (ADAM) 
optimizer (Alzubaidi et al., 2021; Zhang, 2018). This hybrid Prophet- 
ANN model was further refined using a cosine annealing rate schedule 
algorithm. The model underwent training over 200 epochs, distributed 
across 20 cycles, with a peak learning rate set at 0.001. Each model is 
saved upon the completion of a cycle, resulting in a collection of snap
shot ensemble models. The final prediction is performed by averaging 
predictions of snapshot models.

4. Model evaluation metrics

To evaluate the reliability of the proposed model, we estimated the 
model performance using several metrics or key performance indicators 
like R2, RMSE, MAE, and MAPE (Hyndman and Koehler, 2006). R2 is the 
goodness-of-measure that indicates fitness to data computed using Eq. 3. 
RMSE and MAE are scale-dependent error metrics computed using Eq. 4
and Eq. 5, respectively. In RMSE, because errors are squared, relatively 

Fig. 5. Comparison of observed and predicted values for (a) litter respiration (b) mineral soil respiration for oak forest low east site from 2001 to 2005.

Fig. 6. Comparison of time-series forecasting model performance in terms of error metrics.
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large weights are assigned to higher errors compared to MAE. MAPE is 
the percentage error metric computed using Eq. 6. 

R2 = 1 −

∑n

i=1

(
Sa − Sp

)2

∑n

i=1
(Sa − Sa)

2
(3) 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1

(
Sp − Sa

)2
√

(4) 

MAE =
1
n
∑n

i=1
‖Sp − Sa‖ (5) 

MAPE =
100
n

∑n

i=1
∣
Sa − Sp

Sa
∣ (6) 

where n is the number of samples, Sa, Sp, and Sa are the ground truth, 
predicted values, and actual mean values, respectively.

5. Results and discussion

5.1. Results

To demonstrate the generalization ability of our model, we tested it 
on four different oak forest sites in the Oak Ridge National Laboratory 
deciduous forest. The performance of our model is evaluated against 
eight other ML models to see which one works best. A good model has a 
high R2 (which means it can predict outcomes well) and low errors 
(MAE, RMSE, and MAPE), meaning it makes fewer mistakes. Our 
method did better than the other ML models we investigated, getting 
higher R2 and lower errors for all four places we studied (see Table 3). Of 
all the models we compared (KNN, MLP, CART, SVR, RF, LR, BR, and 
GB), the RF model was the top performer. The RF model was very good 
at predicting what happens at our study sites, predicting correctly about 
98.9 % of the time for one site, and similarly high for the others 
(Table 3). Our new model outperformed the RF model, improving pre
dictions by 0.8 % to 1.3 % for two sites and by about 1 % for the other 
two sites. This indicates that our model provides more accurate pre
dictions at these sites. Results showing how our model compares to the 
others are detailed in Table 3. Our study findings yielded estimates of 
CO2 flux with high explanatory performance.

The prediction results of the proposed model are illustrated in Fig. 7. 
A higher R2 with lower MAE, RMSE and MAPE ensure a better- 
performing model that can forecast with high certainty and less error. 
Our proposed model achieved high performance with high R2 and lower 
error metrics (MAE, RMSE, and MAPE), suggesting that the proposed 
model can capture the pattern of data very well and can be used for CO2 
flux prediction. To discern the validity of the proposed model, residuals 
of modeling the four sites are shown in Fig. 8; the residual values are 
close to zero and follow a gaussian distribution which ensure the stable 
prediction of the models.

Employing a hybrid modeling approach and ensemble techniques, 
the proposed model exhibited high performance. The forecasting inac
curacies of the Prophet model were rectified through integration with 
the ANN model, and the final prediction was derived by averaging the 
outcomes of the hybrid Prophet-ANN model, thereby ensuring a robust 
and diversified forecast. The proposed model counterparts performed 
better than the others, achieving an R2 of approximately 0.99 across all 
four sites under investigation as shown in Fig. 7 (a), (b), (c), and (d), 
which attests to the model's robustness. Furthermore, the model's per
formance was notably superior in the East sites compared to the West 
sites for both high and low regions (Table 3). In comparison with eight 
other ML models, the proposed model registered the lowest RMSE for all 
sites (Table 2), with MAPE values of 0.002 and 0.001 for the East low 
and East high sites, respectively, and 0.007 for both West sites.

When evaluated against other established error metrics (MAE and 

RMSE), the model demonstrated lower error values; MAE ≈ 0.451 and 
0.854 and RMSE ≈ 0.153 and 0.003 for the East low and West low sites, 
respectively. A similar trend was observed for the East high and West 
high sites, where the model secured superior predictive performance 
across R2, RMSE, MAE, and MAPE metrics. The satisfactory performance 
of the proposed model across the four sites underscores its robustness 
and reliability for CO2 flux prediction.

5.2. Model hyperparameter selection

To gain a more in-depth knowledge of the proposed deep hybrid 
model, we analyzed the performance of the proposed model, varying 
different parameters associated with model training. The impact of 
changing parameters is shown in Fig. 9. We changed the maximum 
learning rates to 0.1, 0.01, and 0.001 and found that maximum learning 
of 0.001 helped the model to achieve stable and robust optimization. 
Also, we tested the model by changing the Prophet interval width. The 
interval width of 0.95 gave the best-performing model. We also inves
tigated the effect of varying number of cycles on model performance. We 
found that setting the cycle number to 20 gave the best performance. 
From the analysis performed, we can conclude that the performance of 
the model is significantly dependent on appropriate hyperparameter 
values, which require careful selection of hyperparameter.

5.3. Discussion

Previous studies have used machine learning to predict agricultural 

Table 3 
Baseline and proposed model comparison for CO2 flux forecasting for the 
experimental oak forest site.

Sites Model R2 MAE RMSE MAPE

East low KNN 0.948 8.001 11.034 0.049
MLP 0.872 4.918 2.582 0.025
CART 0.989 3.030 5.004 0.010
SVR 0.853 5.925 2.662 0.034
RF 0.989 2.405 3.690 0.010
LR 0.918 9.832 13.793 0.056
BR 0.917 9.993 13.982 0.053
GB 0.983 4.372 6.300 0.020
Snapshot 
Prophet-ANN

0.997 0.451 0.153 0.002

West low KNN 0.966 8.023 10.023 0.0425
MLP 0.864 4.890 2.460 0.037
CART 0.986 3.041 5.085 0.068
SVR 0.842 9.922 10.075 0.076
RF 0.983 2.431 3.930 0.014
LR 0.916 9.874 13.794 0.045
BR 0.912 9.948 13.985 0.056
GB 0.971 4.367 6.126 0.034
Snapshot 
Prophet-ANN

0.996 0.854 0.003 0.001

East high KNN 0.546 18.679 42.207 0.092
MLP 0.908 3.416 5.669 0.043
CART 0.977 4.405 9.713 0.022
SVR 0.814 5.541 10.757 0.031
RF 0.983 3.405 8.029 0.018
LR 0.278 53.397 28.627 0.139
BR 0.298 28.737 52.572 0.140
GB 0.892 8.694 20.283 0.045
Snapshot 
Prophet-ANN

0.993 2.722 6.210 0.007

West high KNN 0.532 19.341 43.162 0.094
MLP 0.901 3.120 5.311 0.129
CART 0.975 3.342 10.634 0.158
SVR 0.845 7.671 11.326 0.435
RF 0.981 3.684 10.025 0.142
LR 0.274 55.461 28.783 0.279
BR 0.283 28.987 53.438 0.192
GB 0.862 8.863 25.231 0.078
Snapshot 
Prophet-ANN

0.991 3.171 8.124 0.007
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soil CO2 flux prediction. (Adjuik and Davis, 2022) analyzed the perfor
mance of four ML models for daily CO2–C emissions. This study reported 
Gradient Boosting as the best-performing model, capturing around 82 % 
variation of the test set. (Ebrahimi et al., 2019) reported ANN as the best 
model for two states of soil respiration, basal respiration with R2 = 0.66 
and substrate induced respiration with R2 = 0.52 respectively. ANN was 
also found to be effective for modeling soil CO2 emissions with R2 =

0.80. (Hamrani et al., 2020) compared the performance of nine machine 
learning models and elicited LSTM suitable for successfully simulating 
soil CO2 flux, capturing around 87 % variation of soil CO2 flux. (Joshi 
et al., 2022) demonstrated that the RF model can be utilized to predict 
daily CO2–C emissions with 85 % explained variation. However, the 
current employed models neglect the correlation between soil carbon 
pool and soil respiration. In this study, we integrated soil carbon pool 
information by considering the intermediate variables, litter respiration 

and mineral soil respiration while developing the snapshot ensemble 
model. Moreover, the performance of our proposed model was 
comparatively higher than the best-performing model results described 
in the literature.

This study integrates temporal features extracted by Prophet along 
with environmental variables and leverages predicted mineral and litter 
soil respiration from an ML model linking SOM pool with soil respira
tion. This approach enhances the model's performance significantly. Our 
proposed model captured around 99 % of the variation for the daily CO2- 
C emission forecast, which was higher than the previous works.

The outcomes of our analysis hold significant potential for informed 
decision-making processes in land management, agriculture (e.g., 
forestry), and strategies aimed at mitigating climate change. The model's 
precise predictions of SR can guide farmers and forestland managers in 
making informed decisions about planting, fertilization, and crop 

Fig. 7. Comparison of observed and predicted values for soil respiration for four scenarios of oak forest sites (a) East low (b) West low (c) East high (d) West high.
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rotation practices, thereby enhancing forest sector productivity. The 
model's accurate estimation of CO2 can support carbon management 
policies and promote effective land-use practices, greatly enhancing the 
practical relevance of this study. Integrating the model insights into 
policy frameworks allows for more precise carbon budgeting, enabling 
policymakers to design effective strategies for reducing atmospheric 
CO2. By providing real-time insights into soil health and carbon cycling, 
our model supports sustainable land use planning and contributes to 
climate change mitigation efforts. The proposed model not only ad
vances scientific understanding but also provides actionable insights for 

managing carbon footprints and improving environmental resilience.
Machine learning models, due to their reduced computational time 

compared to biophysical models, offer a viable alternative for predicting 
soil respiration (Nguyen et al., 2019). In this research, we propose an 
innovative machine learning model for SR prediction, enabling the ex
amination of temporal information and environmental factors, thus 
automating the SR system's workflow. Simulating CO2 flux using the 
DayCent model on high-performance computing (HPC) infrastructure is 
computationally intensive, requiring roughly 5 h per simulation. For a 
region with about 1000 to 5000 grid cells (one grid cell cover minimum 

Fig. 8. Model residuals for soil respiration prediction for four scenarios of oak forest sites (a) East low (b) East high (c) West low (d) West high.

Fig. 9. Impacts of parameter tuning for the proposed snapshot ensemble model: a) learning rate, b) interval width, and c) number of cycles.
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1 km2 region), usage of 64 to 256 cores is generally recommended. The 
5 h per run is consider based on a regional-scale study area cover few 
thousand square kilometers, though the time may vary depending on the 
length of the simulation period, ecosystem complexity, resolution and 
extent of the input data, as well as the specific HPC hardware and 
configuration used. At an HPC usage cost of approximately $0.50 per 
hour, conducting 1000 simulations for a regional-scale study incurs a 
total cost of $2500. In contrast, machine learning (ML) models offer a 
much more efficient alternative. Training an ML model for the same 
region takes about 5 min on a cloud GPU instance, priced at $2.00 per 
hour, leading to a minimal cost of $0.16. After training, generating 
predictions with the ML model takes mere minutes or seconds, making it 
highly scalable. The prediction phase is computationally inexpensive 
due to evaluation of different scenarios and optimization. The potential 
benefits of ML models are important in reducing computational time, 
energy requirement and costs for large-scale environmental studies.

Analysis of model predictions and the importance of features allows 
researchers to identify the most impactful factors influencing SR rates. 
The influence of various input features on CO2 flux prediction can be 
discerned through the application of SHapley Additive exPlanation 
(SHAP) values (Winter, 2002). SHAP values, which serve to interpret the 
model, highlight the importance of individual input features in evalu
ating the performance of the forecasting model. The impact of different 
features on SR, as illustrated in Fig. 10, underscores temporal features 
(yhat, predicted CO2 flux forecasting from Prophet time-series data, 
extracted trend series from Prophet) as crucial for CO2 flux prediction. 
SHAP analysis verifies the significant role of temporal features (e.g., 
yhat_lower, trend_lower) derived from Prophet in CO2 flux prediction. 
Additionally, the output from the intermediate variable prediction stage 
has proven effective, aligning with previous findings on CO2 flux pre
diction (Lynch et al., 2006; Parton et al., 2010; Savage et al., 2013). This 
study highlights a positive correlation between predicted mineral soil 
respiration and litter respiration, with higher values for both variables 
enhancing the accuracy of predicted CO₂ flux. Among meteorological 
variables, soil temperature is identified as a pivotal factor for CO2 flux 
prediction, consistent with earlier research in the field (Adjuik and 
Davis, 2022; Joshi et al., 2022; Mirzaei et al., 2023).

Here, temporal features are predicted CO2 flux forecasting from 

Prophet (yhat), uncertainty interval (yhat_lower, yhat_upper), trend, 
lower and upper range minimum of trend series (trend_lower, tren
d_upper), combination of seasonality, holiday effect and residuals 
(additive_terms), lower and upper range minimum of the decomposed 
additive series (additive_terms_lower, additive_terms_upper) 
respectively.

We also analyzed our proposed model's sensitivity to different input 
variables using a partial dependence plot (PDP) (Friedman, 2001). In 
this work, we used several environmental variables, including air tem
perature, soil temperature, and precipitation, along with predicted litter 
and mineral soil respiration, as inputs for CO2 flux predictions.

The PDP plot in Fig. 11 illustrates the effect of individual predictor 
variables on the soil CO2 flux prediction (partial dependence). In 
agreement with the findings from the meta-analysis performed by Zhang 
et al., Fig. 11 demonstrates that CO2 flux prediction increases with the 
increase in soil temperature and precipitation (Zhang et al., 2023).

To discuss the limitations of this study, we examined model perfor
mance specifically for experimental oak forests. It's worth mentioning 
that the sensitivity of soil respiration varies across ecosystem types (Han 
et al., 2014). Thus, investigating the model performance in a variety of 
ecosystems beyond the experimental oak forest could provide a more 
comprehensive understanding of the model's effectiveness and gener
alization. Enhancing the model's robustness by accounting for ecosystem 
diversity can further increase its usefulness, making it more adaptable to 
a wide range of ecological contexts. Therefore, in future research, we 
plan to investigate the proposed model performance for diverse eco
systems. Furthermore, variations in soil types and climatic conditions 
may lead to significant differences in model prediction outcomes, 
highlighting the need for further research in this area.

The proposed ensemble-based model achieves high performance in 
CO₂ flux prediction for the studied sites. The trained model delivers 
accurate predictions within sub-second execution times (less than 0.1 s). 
This study demonstrates its efficacy as a surrogate for the ForCent 
model, also the framework's generalizability paves the way for its 
application as a surrogate for other ecosystem models (e.g., RothC, 
CEVSA, DNDC) to facilitate efficient CO₂ flux prediction.

Fig. 10. Feature importance according to the developed model for CO2 flux prediction.
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6. Conclusion

This study demonstrated the use of a snapshot ensemble modeling 
technique that can be used as a surrogate for the ForCent model for CO2 
flux prediction. For this study, we used the database from an experi
mental oak forest for a 13C study to enrich the background isotope. The 
comparative analysis of other machine-learning models in terms of 
statistical metrics shows that Random Forest had the best performance 
in training and predicting soil respiration but less than our proposed 
snapshot ensemble model. The proposed hybrid snapshot model dem
onstrates impressive performance, effectively capturing the high vari
ance within the studied data. Results showed the potential use of our ML 
model to predict trends of surface soil respiration, mineral soil respira
tion, and total soil respiration. This approach could reduce uncertainties 
in soil CO2 flux, aiding in the identification and monitoring of green
house gas sources and sinks within ecosystems. In addition, this method 
may be an effective, low-cost alternative for scale-up of measuring and 
verifying soil respiration; most of the model attributes are commonly 
determined in routine soil analysis.
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