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Abstract 

Soil carbon flux is the primary pathway of carbon (C) cycling between the 

atmosphere and terrestrial ecosystems. It determines the rate at which soil absorbs C 

from the atmosphere or releases C back into the atmosphere. In terrestrial ecosystems, 

nearly half of the total organic C is stored in forest soils, highlighting the importance of 

forest soils in regulating soil C balance and global climate change. Soil carbon flux 

primarily refers to the flux of soil methane (CH4) and carbon dioxide (CO2), with the 

latter also known as soil respiration (RS). Soil CH4 dynamics are primarily influenced 

by soil microbial processes. Soil respiration consists of two main components: 

heterotrophic respiration (RH) and root respiration (RR). RH is a result of the 

decomposition of soil organic matter (SOM), while RR is a result of root metabolism. 

Therefore, RH and RR respond differently to environmental factors. Accurately 

partitioning RS is crucial for understanding the dynamic changes in soil C stock. Gross 

primary production (GPP) provides the substrate for root metabolism, which 

significantly affects RR. However, since it is not possible to directly measure RR, the 

relationship between RR and GPP remains unclear.  

 

The field experiment was conducted in a naturally regenerating immature open 

forest located in Tomakomai, southern Hokkaido, Japan (42°44′ N, 141°31′ E; elevation 

125 m) after a severe blowdown caused by a typhoon in 2004. Soil CH4 and CO2 fluxes 

were continuously measured using an automated chamber system during the growing 

seasons in 2021 and 2022. The chamber system was composed of a control unit and 

transparent rectangular chambers with an open area of 0.9 m × 0.9 m and height of 0.5 

m. Eighteen transparent chambers were randomly distributed within an area of 30 m × 

30 m, among which 10 chambers were used in this study. The 10 chambers were 

allocated to two treatments: five trench chambers (no vegetation, corresponding to RH) 

and five root chambers (with root but no aboveground vegetation, corresponding to RR). 
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Among five root chambers, fine root biomass and production were measured by the soil 

core sampling and ingrowth core methods, respectively. Physicochemical properties of 

the surface soil and meteorological factors were used to explain the spatiotemporal 

variation in CO2 and CH4 fluxed. Soil carbon flux was predicted by environmental 

variables using RF and Gradient Boost Model (GBM) modelling algorithms, in which 

feature importance extracted from RF models was used to represent the controlling 

factors of soil CO2 and CH4 fluxes. Moreover, RS was separated using a conventional 

method according to an empirical equation: RR = RS − RH. Meanwhile, a high-

accuracy RF model, which was developed from Trench chambers’ flux data, was used 

to estimate RH in Root chambers. Thus, RR could be calculated as a difference between 

RS and the estimated RH using the RF model. RRs calculated using the two methods 

were fitted with soil temperature using an exponential regression. Moreover, the two 

types of RR were fitted with GPP, which was measured by the eddy covariance method 

at 11 m near the chambers, by a Cross Correlation Function (CCF) and wavelet cross 

power analysis to determine the time delay between ecosystem productivity and root 

respiration. 

 

Results and conclusions of this study are summarized as follows: 

 

Part 1: Soil carbon dynamics 

For two years, mean daily CH4 fluxes in Trench and Root chambers were −2.35 ± 

0.47 nmol m-2 s-1 and −2.56 ± 0.61 nmol m-2 s-1 (± 1 standard deviation), respectively, 

and daily CO2 flux was 2.14 ± 1.49 μmol m-2 s-1 and 2.67 ± 1.69 μmol m-2 s-1, 

respectively, indicating that the forest soil functioned as a net CH4 sink and CO2 source 

in 2021 and 2022. Daily CH4 and CO2 fluxes showed a clear seasonal trend, and the 

peaks of CH4 uptake and CO2 emission appeared at around DOY of approximately 220, 

corresponding to the seasonality of soil moisture and temperature. The RF algorithm 

had a better performance in predicting soil C flux than the GBM algorithm; the RF 
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approach had higher R2 and lower RMSE in both treatments. Models based on Root 

chambers data had higher accuracy than Trench chambers, and CO2 models had higher 

accuracy than CH4 models. The soil O2 diffusion rate had the highest relative 

importance in CH4 models in both treatments, followed by water-filled pore space 

(WFPS), suggesting that soil CH4 uptake was controlled by soil moisture. In contrast, 

soil temperature was the dominant factor in CO2 models, with relative influence of soil 

temperature contributed for around 35% of relative influence in both treatments, 

indicating soil temperature was the main factor to regulate soil CO2 emission. Soil 

temperature had a positive effect on soil CH4 uptake and CO2 emission, while soil 

moisture posted a negative effect on soil CH4 uptake, and a complex both positive and 

negative effect on soil CO2 emission. 

 

Part 2: Separation of soil respiration 

Two-year mean daily RR separated using conventional method (RR_C) was 0.53 

± 0.39 μmol m-2 s-1, which was significantly lower (P < 0.05) than that by RF modelling 

(RR_RF) (0.61 ± 0.50 μmol m-2s-1), suggesting conventional method tended to 

underestimate RR by 15% in this study. Significant spatial variation emerged among 

Root chambers in RR estimated by both methods, with unreasonable minus RR in R1 

chamber (−0.069 ± 0.38 μmol m-2 s-1 for RR_C and −0.003 ± 0.45 μmol m-2s-1 for 

RR_RF). To ensure the credibility of data analysis, RR in chamber R1 and R2 was 

excluded from following analysis for low data quality and big data gap. Fitting between 

soil temperature and RR_RF was better than RR_C; R2 of exponential regression was 

0.52 and 0.44, respectively. Sensitivity to temperature (Q10) of RR_RF was 2.43 ± 1.27, 

higher than that of RR_C (2.00 ± 0.98), suggesting root respiration estimated by RF 

modelling method was more sensitive to the change of soil temperature. 

 

Part 3: Time lag estimation between GPP and RR 

RS, along with separated RR in Part 2, was standardized and denoised for wavelet 
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analysis with processed GPP data. Hourly data was averaged for the diurnal trend of 

GPP, RS and RRs in different months, and results showed that GPP peaked at noon 

throughout the whole growing seasons and RS peaked at 15-18 PM, suggesting that 

time lag between GPP and root respiration was approximately 5-8 hours. RR_RF had a 

similar diurnal trend to GPP while RR_C showed a vague diurnal trend in some months. 

The result of wavelet power analysis showed that GPP, RS, and RRs had a significant 

one-day period, suggesting that GPP, soil respiration and root respiration had a clear 

diurnal trend in this study. However, diurnal trend of GPP and RS was more significant 

than RRs, especially RR_C did not show a clear trend in 2022.  Two-year mean daily 

time lags estimated using wavelet cross power method and phase difference method 

was 6.56 ± 4.06 hours for GPP/RS, which means change of GPP led the change of soil 

respiration by about 6.5 hours. Time lag of GPP/RR_RF was estimated to be 5.12 ± 

4.70 hours, significantly higher than that of RR_C (2.97 ± 5.00 hours). Significant 

seasonal variation (P < 0.05) appeared in GPP/RR_RF, but no significant interannual 

variation (P > 0.05) was found, which was considered to be reasonable in an 

undisturbed ecosystem. As a contrast, significant variation (P < 0.001) appeared both 

within each year and interannually in lags of GPP/RR_C, suggesting an unreliable result 

of time lag between GPP and root respiration estimated by the conventional method, 

which indicates RF modelling method was more reliable than the conventional method 

in estimating root respiration. In addition, RS and two RRs (RR_C and RR_RF) were 

normalized at a base temperature of 15 °C to exclude the impact from soil temperature 

on soil respiration and root respiration. However, fitting performance based on 

temperature-normalized data was poor and time lags estimated using normalized data 

were unreliable, with minus lags appeared commonly. As a result, time lag between 

GPP and soil respiration in Tomakomai site was estimated to be approximately 6.5 

hours, longer than the lag between GPP and root respiration (around 5 hours). 

 

Soil carbon dynamics are closely related to carbon cycling between terrestrial 
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ecosystem and atmosphere, which has widely acknowledged as one of the main factors 

to regulate future global climate change. Findings in this study could help to increase 

the understanding of mechanism of how the environmental factors interacted with soil 

carbon dynamics, and to quantify the lag between ecosystem production and root 

respiration, which has a great application potential in increasing the model accuracy in 

predicting soil respiration. 

 

Keywords: Soil carbon flux; Machine learning models; Automated chamber system; 

Soil respiration separation; Wavelet cross power; Time lag. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 
 

 
Contents 

 
Abstract ........................................................................................................................... i 
1. General Introduction .................................................................................................. 1 

1.1 Introduction ...................................................................................................... 1 

1.2 Backgrounds .................................................................................................... 1 

1.2.1 Forest soil carbon stock and its role on global carbon cycles ............... 1 

1.2.2 Controlling factors of soil carbon dioxide flux ..................................... 3 

1.2.3 Controlling factors of soil methane flux ............................................... 4 

1.2.4 Methods to measure and analyze soil carbon flux ................................ 6 

1.3 Objectives ........................................................................................................ 7 

2. Materials and methods ............................................................................................... 9 

2.1 Study site description ....................................................................................... 9 

2.2 Automated chamber system ........................................................................... 10 

2.2.1 System Design .................................................................................... 10 

2.2.2 Carbon flux calculation and processing .............................................. 12 

2.3 Environment variables measurement and calculation .................................... 13 

2.3.1 Soil properties measurement and calculation ..................................... 13 

2.3.2 Gross Primary Production measurement ............................................ 15 

2.3.3 Other environmental variables and data processing ........................... 15 

2.4 Machine learning models ............................................................................... 16 

2.5 Separation of soil respiration ......................................................................... 19 

2.6 Wavelet analysis ............................................................................................. 20 

2.7 Time delay analysis between GPP and root respiration ................................. 20 

3. Results ...................................................................................................................... 23 

3.1 Environmental variables ................................................................................ 23 

3.1.1 Soil physical properties ....................................................................... 23 

3.1.2 Metrological variables ........................................................................ 24 

3.1.3 Soil temperature and moisture ............................................................ 27 

3.1.4 Root dynamics .................................................................................... 30 

3.2 Soil methane flux ........................................................................................... 31 

3.2.1 Spatiotemporal variation of soil methane flux .................................... 31 

3.2.2 Fitting of machine learning models .................................................... 34 

3.2.3 Feature importance of models ............................................................. 35 

3.2.4 Relationship between soil methane flux and soil moisture and 
temperature .................................................................................................. 36 

3.3 Soil carbon dioxide flux ................................................................................. 37 

3.3.1 Spatiotemporal variation of soil respiration ........................................ 37 

3.3.2 Fitting of machine learning models .................................................... 40 

3.3.3 Feature importance of models ............................................................. 41 

3.3.4 Relationship between carbon dioxide flux and soil moisture and 



 
 

temperature .................................................................................................. 42 

3.4 Separation of soil respiration ......................................................................... 43 

3.4.1 Root respiration estimated by a conventional method ........................ 43 

3.4.2 Root respiration estimated by RF modelling ...................................... 44 

3.4.3 Relationship between root respiration and soil temperature ............... 46 

3.5 Relationship between root respiration and GPP ............................................ 47 

3.5.1 Seasonal trend of GPP ........................................................................ 47 

3.5.2 Gap-filling of root respiration ............................................................. 48 

3.5.3 Wavelet power of two types of RR, RS and GPP ............................... 49 

3.5.4 Wavelet cross power of GPP/RS, GPP/RR_C and GPP/RR_RF ........ 55 

3.6 Time lag between root respiration and GPP .................................................. 59 

3.6.1 Diurnal trend of GPP, RS and RR ....................................................... 59 

3.6.2 Time lag estimated by CCF method .................................................... 60 

3.6.3 Time lag estimated by wavelet phase difference method ................... 64 

3.7 Time lags estimated based on temperature-normalized RS and RR .............. 67 

3.7.1 Diurnal trend of normalized RS, RR_C and RR_RF .......................... 67 

3.7.2 Time lags estimated based on soil temperature normalized data ........ 69 

4. Discussion ................................................................................................................ 72 

4.1 Soil carbon flux .............................................................................................. 72 

4.1.1 Seasonal variation of soil carbon flux ................................................. 72 

4.1.2 Spatial variation of soil carbon flux .................................................... 72 

4.1.3 Controls on soil carbon flux ................................................................ 73 

4.2 Machine learning models and wavelet analysis ............................................. 75 

4.2.1 Accuracy of RF and GBM models ...................................................... 75 

4.2.2 Advantages and disadvantages of wavelet analysis ............................ 77 

4.3 Root respiration .............................................................................................. 78 

4.3.1 Separation of soil respiration .............................................................. 78 

4.3.2 Relationship between GPP and root respiration.................................. 78 

5. Limitation, future plan and conclusions ................................................................... 81 

5.1 Limitation and future research plan ............................................................... 81 

5.2 Conclusion ..................................................................................................... 82 

Acknowledgement ....................................................................................................... 84 

Reference ..................................................................................................................... 86 



1 
 

 

1. General Introduction 

1.1 Introduction 

In this study, soil carbon (C) fluxes of carbon dioxide (CO2) and methane (CH4) 

were measured using an automated chamber system from 2021 to 2022 in a 

regenerating cool-temperate deciduous forest in Tomakomai, Japan. Large-quantity 

flux data were related to environmental variables using machine learning (ML) 

modelling methods. Results of ML models were further used to separate soil respiration 

(RS), and then separated root respiration (RR) was related to gross primary production 

(GPP) using wavelet analysis methods. In this part, research backgrounds and 

objectives are introduced. Background includes soil C cycling process and its important 

role in climate change, controlling factors of soil CO2 and CH4 fluxes, and measurement 

and analysis methods of soil C flux. 

 

1.2 Backgrounds 

1.2.1 Forest soil carbon stock and its role on global carbon cycles 

Soil carbon flux is the primary pathway of the C cycle between soil and the 

atmosphere, determining how fast the soil fix C from the atmosphere or emit C to the 

atmosphere (Brevik, 2012; Trumbore, 2006). In terrestrial ecosystems, forests cover 

more than 4 billion hectares, nearly 30% of Earth’s land surface, accounting for 75% of 

gross primary production (GPP, Mukul et al., 2021; Beer et al. 2010) and containing 

more carbon in biomass and soils than which is stored in the atmosphere (Pan et al. 

2013; Jhariya et al., 2019). Forest ecosystems play a crucial role in regulating the global 

climate by acting as significant carbon sinks. Generally, carbon cycling in forest 

ecosystems can be divided into two processes: the photosynthesis of vegetation, which 

transfers carbon absorbed from atmosphere to the stems, roots, fruits, and leaves for 

growth and maintenance (Kondo et al., 2018), and the respiration of plants and microbes, 

which releases the C stored in forests back to the atmosphere (Janzen et al., 2006). 

Forests are also considered as one of the main global anthropogenic carbon sources 
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(second to the fossil fuel combustion), primarily through deforestation and forest 

degradation (Malhi et al., 2002; Gatti et al., 2021). 

Forest carbon stock can be mainly divided into five pools: 1) aboveground biomass; 

2) belowground biomass; 3) litter; 4) deadwood / woody debris (coarse woody debris: 

CWD); and 5) soil (Zhang et al., 2013; Latte et al., 2013). Forest soil C stock refers to 

the amount of C stored in the soil of forested areas, which can be recognized in two 

forms: organic and inorganic C (Tan et al., 2014). Organic C is the dominant form of 

soil C that is available in soil organic matters (SOM). Inorganic C, on the other hand, 

is the mineral form of C that is originated from Earth’s parent materials primarily 

through weathering (Das et al., 2023; Azam et al., 2020). Forest soils store 400–800 Pg 

soil organic C (SOC) out of a global total of 1200-1600 Pg SOC (Hiederer et al., 2011; 

Yu et al., 2020; Díaz-Hernández et al., 2010). When it comes to the CH4 cycle, forest 

soil is reported to account for up to 62% of global soil CH4 sink (Lee et al., 2023). 

The size of the forest soil C stock is influenced by the interacting driving factors 

that determine the fertility and productivity of the whole ecosystems, including climate 

patterns, vegetation communities, local topography, soil chemical, physical and 

biological properties, and the land-use and management practices (Mayer et al., 2020; 

Chen et al., 2018; Noormets et al., 2015). Natural and anthropogenic disturbances 

influence forest soil C stocks by affecting rates of organic matter input and 

decomposition (Jandl et al., 2007). Natural disturbances such as wildfire, pests, diseases 

and windthrow can temporarily reduce soil C stocks (Lindgren, 2011), while 

anthropogenic disturbance relates to both conversion of forests to other land uses and 

modifications of forests involved in the provision of forest products and services (Nave 

et al., 2010; Payn et al., 2015). In the context of global climate change, influences from 

increasing temperature and atmospheric greenhouse gas (GHG) concentration on forest 

soil C stock are complex. On one hand, continuous increase of temperature led to 

increasing C loss of forest soil through enhancing soil microorganism activities and 

decomposition of SOM (Ramesh et al., 2019). Increased C release from soil rises the 

atmospheric concentration of GHGs, leading to higher temperature and more carbon 
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loss from forest soil (known as a positive feedback, Stuart Chapin et al., 2019). On the 

other hand, increased CO2 concentration improved plant photosynthesis which helped 

forest ecosystems fix more atmospheric C into plant biomass and soil (CO2 fertilization 

effect), resulting in the mitigation of global climate change (known as a negative 

feedback, Walker et al., 2021; Launiainen et al., 2022). Thus, comprehensive 

understanding of certain quantity and dynamics of forest soil C stock is a key when 

formulating sustainable development strategies in the future. 

 

1.2.2 Controlling factors of soil carbon dioxide flux 

Soil CO2 flux is the basic form of RS (Jian et al., 2022), which can be divided into 

two parts: autotrophic respiration (RA) and heterotrophic respiration (RH). RA mainly 

originates from the metabolic activities of plant fine root (Gessler et al., 2024), thus RA 

is also widely acknowledged as RR. RH primarily comes from the activities of soil 

microorganisms (Suseela et al., 2012). These two components have different sources 

and respond differently to changes in environmental factors (Hu et al., 2018; Savage et 

al., 2013). Therefore, accurately separating RS into RH and RR is crucial for 

understanding the feedback of soil C storage on global climate (Phillips et al., 2017). 

However, it is very difficult to measure RR directly in the field for the long term. 

Exploring a reliable and convenient method to separate RS has become an urge need in 

the context of global climate change. 

The factors influencing forest soil CO2 flux can be broadly categorized into biotic 

and abiotic components. Biotic factors include the types and activities of soil organisms, 

from microorganisms such as bacteria and fungi to larger soil fauna, and the plant roots 

that interact with and modify the soil environment (Pritchard et al., 2011; Drigo et al., 

2008). These biological activities are instrumental in the decomposition of SOM, which 

significantly influences CO2 emissions through respiration processes (Li et al., 2018). 

Abiotic factors encompass a wide range of physical and chemical soil properties, 

and environmental conditions. Soil texture, moisture, temperature, and pH levels play 

critical roles in determining CO2 flux (Iqbal et al., 2008; Feizienė et al., 2010; Wu et al., 
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2010). For example, soil temperature affects soil CO2 flux through five ways: 1) The 

rate of microbial metabolism increases with temperature, following a roughly 

exponential relationship up to a certain threshold (Mikan et al., 2002). As soil 

temperature rises, the activity of  microorganisms increases, leading to faster 

decomposition of organic matter and subsequently higher RH (Fang et al., 2001); 2) RR 

increases with soil temperature because metabolic processes in plant tissues speed up 

as temperatures rise, which contributes to higher CO2 fluxes from the soil (Dusenge et 

al., 2019; Hopkins et al., 2013); 3) Enzymatic reactions which decompose SOM will be 

enhanced when soil temperature rises, leading to higher RH (Wang et al., 2020; 

Davidson et al., 2006); 4) Soil temperature interacts with soil moisture levels to affect 

CO2 flux especially when drought events occur. High temperatures can lead to soil 

drying, which might limit microbial activity and reduce CO2 emissions (Schaufler et al., 

2010); 5) Higher temperatures can change the physical structure of the soil (e.g. soil 

porosity), potentially increase the diffusion rate of CO2 from the soil to the atmosphere 

(Ganot et al., 2014). 

Additionally, human activities and natural disturbances significantly impact forest 

soil CO2 flux. Land use changes, such as deforestation, afforestation, and agricultural 

practices, will alter soil structure, composition, and the organic matter content, thereby 

affecting soil CO2 dynamics (Ahirwal et al., 2021; Ramesh et al., 2019). Similarly, 

natural disturbances like wildfires, extreme weathers, and pest plagues can lead to 

significant changes in soil C stocks and CO2 flux patterns (Koulelis et al., 2023). 

 

1.2.3 Controlling factors of soil methane flux 

Methane in forest soils is primarily produced and consumed by microbial 

processes. Methanogens produce CH4 under anaerobic conditions, typically found in 

waterlogged or saturated deep soil layers where oxygen (O2) is limited (Wilmoth et al., 

2021; Kluber et al., 2020). Conversely, methane-oxidizing bacteria (MOB) consumes 

CH4, predominantly in more aerobic or O2-rich soil layers (Reay et al., 2001). The 

balance between these two processes determines the net CH4 flux between forest soils 
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and the atmosphere. 

The dynamics of forest soil CH4 cycling are influenced by a complex interplay of 

environmental factors. Soil moisture and temperature are among the most critical; 

wetter and warmer conditions generally enhance the reaction rate of methanogenesis 

(Feng et al., 2020; Zhang et al., 2024). The physical structure of the soil, including 

porosity and water retention capacity, also affects the extent of anaerobic conditions, 

thereby influencing CH4 production (van Verseveld et al., 2020; Busman et al., 2021). 

Generally, CH4 production is enhanced in soils with high temperature and high moisture. 

On this occasion, activities of CH4-producing bacteria (MPB) can reach to a such high 

level; thus, the production rate of CH4 is accelerated. For example, tropical rainforest 

and peat forest soils were reported to emit more CH4 in rainy seasons (Wong et al., 2018; 

Yuping et al., 2008). 

In principle, soil CH4 uptake is directly controlled by the gas diffusion rate in the 

soil, which affects the transport of atmospheric CH4 and O2 to MOB (Liu et al., 2019). 

The soil gas diffusion rate is mainly controlled by air-filled porosity, which is 

determined by the soil porosity and volumetric water content. In addition, previous 

studies have revealed the importance of many environmental factors, such as soil 

physical and chemical properties, soil microbial activity, and climatic factors (Figure 1) 

(Castaldi and Fierro, 2005; Feng et al., 2020; Subke et al., 2018). These factors can 

affect soil CH4 uptake directly and indirectly. For example, the growth of fine roots 

changes the soil texture and influences the transport of CH4 and O2 from the atmosphere 

to soil profiles (Eviner and Chapin, 2003). Decomposable carbon nutrients produced 

through litter decomposition can affect the activities of methanotrophs, which are 

directly related to CH4 uptake (Xiong et al., 2024). The direction and rate of soil CH4 

flux result from the dynamic balance of several biotic and abiotic factors. 
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Figure 1. Illustration of biotic and abiotic controlling factors of soil CH4 dynamics 

 

1.2.4 Methods to measure and analyze soil carbon flux 

Commonly used soil carbon flux measurement techniques include 1) chamber 

methods, 2) eddy covariance methods, 3) isotopic methods (13C or 14C route tracking 

methods), 4) remoting sensing (RS) methods, and 5) laboratory incubation methods 

(Smith et al., 2020). Chamber methods refer to placing a chamber over a soil surface to 

measure the releasing or absorbing rate of CO2 and CH4 by the soil, and thus soil carbon 

flux can be calculated from the mass balance inside the chamber. Chambers can be 

divided into static and dynamic ones, depending on the method to measure gas 

concentration in chamber headspace. In the static chamber method, air is periodically 

sample from the headspace manually and later analyzed for gas concentration, while 

gas concentration is continuously measured using gas analyzers in the dynamic 

chamber method (Sha et al., 2021; Wang et al., 2023). In recent years, automated 

chamber techniques have been developed as the dynamic method and widely used for 

its convenience, continuity, precision of soil carbon flux measurement (Basri et al., 

2024; Yu et al., 2021; Yao et al., 2022). 

The eddy covariance method is widely used for larger-scale and continuous 

monitoring of ecosystem-scale energy and mass balance (Baldocchi, 2008; Baldocchi, 
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2014). This method provides a big data quantity of trace gas fluxes, ecosystem 

production and environmental variables, providing an overall understanding of carbon 

and energy fluxes between terrestrial ecosystems and the atmosphere over large areas 

and long timescales (Kang et al., 2021). However, when it comes to small spatial scale 

study, chamber method will be a more suitable choice than eddy covariance technique. 

Classical statistics are insufficient to quantitatively understand the spatiotemporal 

variation in soil carbon flux caused by the nonlinear interaction between flux and 

environmental factors (Ludwig et al.,2022). Compared with traditional linear models, 

main advantages of the Machine Learning (ML) approaches are (1) high fitting accuracy, 

(2) quantitative interpretation of the relative importance of observed environmental 

drivers, and (3) flexible data analysis, including regression and classification questions 

(Tavares et al., 2018). Recently, the Random Forest (RF) algorithm and other KL 

methods have been widely used to analyze soil greenhouse gases (GHGs) fluxes 

(Tavares et al., 2018; Hamrani et al., 2020; McCandless et al., 2018). However, to apply 

ML approaches, a large quantity of measured data is required for model training 

(Vogelsang and Borg, 2019).  

Wavelet analysis has been demonstrated as an effective tool to resolve the role of 

variable carbon sources for RS through the transformation of time series measurements 

into different frequency sub-signals (Torrence and Compo, 1998; Vargas et al., 2011). 

Using wavelet cross power and coherence analysis, the phase relationship (i.e., the 

differences in the frequency distribution) between two time series can be used to 

establish possible cause-effect relationships between RS and environmental variables 

(Vargas et al., 2010). In this study, thus, wavelet analysis was used as a useful tool to 

help identifying the relationship between RS, RR and GPP. Photosynthate translocated 

from leaves is the main substrate of RR. Thus, RR links to GPP with some delay. 

 

1.3 Objectives 

The main objectives of this study are 1) to  investigate the dynamic variations of 

soil CO2 and CH4 fluxes, including their small-scale spatial variations, and seasonal and 
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diurnal variations, and to determine the controlling factors of the soil carbon fluxes 

using ML modelling methods, 2) To separate RS into RH and RS using a conventional 

trenching method and RF modelling method, and to compare the performance of the 

two methods, and 3) To estimate the time delay between GPP and RR using wavelet 

analysis and phase difference methods. 
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2. Materials and methods 

2.1 Study site description 

The study was conducted in a naturally regenerating immature open deciduous 

forest located in southern Hokkaido, Japan (42◦44′ N, 141◦31′ E; elevation 125 m) after 

a severe blowdown caused by a typhoon in 2004. The terrain was almost flat with a 

slope of less than 2◦. The study site had been a mature Japanese larch (Larix kaempferi) 

plantation before disturbance. After the disturbance, all tree trunks were harvested in 

2005; however, branches, leaves, and stumps remained at the site (Sano et al., 2010; 

Wu et al., 2019). The soil was classified as an immature volcanogenous regosol with 

high water permeability and poor nutrient content. A thin litter layer (1–2 cm) overlaid 

an approximately 10–15 cm thick organic soil layer (A horizon). Volcanic pumice 

stones (C horizon) underlay the A horizon, because the B horizon was absent (Liang et 

al., 2010). The surface soil profile was patchily disturbed by the logging. In mid-

September 2021, the total biomass of trees taller than 2 m was estimated to be 13.2 Mg 

ha-1 from diameter at breast height (DBH) and tree height, using allometric equations 

(Yazaki et al., 2016). The forest was dominated by Betula platyphylla Sukaczev, 

followed by Betula ermanii, Larix kaempferi, Magnolia Kobus, and Maackia amurensis, 

which accounted for 62.2%, 9.7%, 7.6%, 6.7%, and 5.6% of the total tree biomass, 

respectively. In addition, the total biomass of understory species was estimated to be 

1.97 Mg ha-1 from harvesting in mid-September, 2021, of which Solidago gigantea 

accounted for 93.7%. The mean annual temperature and precipitation were 8.2 ◦C and 

1327 mm, respectively, in the last decade (2012-2021), with mean monthly 

temperatures ranging from 3.8 ◦C in January to 21.0 ◦C in August at the Tomakomai 

observatory 14 km from the study site. Snow usually covers the ground between early 

December and early April. Please refer to Sano et al. (2010) and Hirano et al. (2017) 

for further information regarding the study site. 
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2.2 Automated chamber system 

2.2.1 System Design 

Soil carbon flux was measured by means of chamber-based techniques. Liang et 

al. (2017) designed a multichannel automated chamber system to continuously measure 

soil carbon flux in non-snowing seasons in this study. Briefly, the system comprised a 

control unit (controlling box) inside a field-accessible case and up to 18 automated 

chambers. The control unit’s main components were a datalogger (CR1000, Campbell 

Scientific Inc., Logan, Uath, USA), two valve-manifold (CKD-LAC-V-4SB010, CKD 

Corp., Nagoya, Japan), a laser-based CH4/CO2/H2O trace gas analyzer (LI-7810, LI-

COR Corp., Lincoln, Nebraska, USA), a none-dispersive infrared CO2 gas analyzer (LI-

820, LI-COR Corp., Lincoln, Nebraska, USA), and a home-made sensor multiplexer. 

The chambers (0.9 m × 0.9 m × 0.5 m, length × width × height) were constructed of 

PVC plastic sheets (2 mm thick) glued to aluminum frames. To minimize the chamber 

effects and accurately estimate soil carbon flux, chamber size was designed to be as 

large as possible (Remy E et al., 2017). The chamber lids were raised and closed by two 

pneumatic cylinders (CKD-LAC-C-20B, CKD Corp., Komaki, Aichi, Japan) that 

operated at a pressure of about 0.2 MPa, which was generated by a micro-compressor 

(0.2LP-7s, Hitachi Ltd., Tokyo, Japan). In the none-measuring periods, the two sections 

of the chamber lid were raised (Figure 3 (a)) to keep the air condition inside the chamber 

as the same as that outside. In addition, leaf litter could also normally reach the enclosed 

soil surface, thus keeping the soil conditions as natural as possible. During the 

measurement periods, the chamber lids were closed and the chamber air was mixed by 

two micro fans (MF12B, Kyoei Tsushin Kogyo Ltd., Tokyo, Japan). The chamber air 

was circulated through the gas analyzers by a 5 L min−1 diaphragm pump (CM-50, 

Enomoto Micropump Ltd., Tokyo, Japan), and the change in the CO2/CH4 

concentration over time was measured by the analyzers. Opening and closing of the 

chambers were controlled by a home-made relay board that was controlled by the 

datalogger. Further information on the automated chamber system can be referred to 

Liang et al. (2003, 2017). 
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During the growing seasons (from mid-April to mid-November) in 2021 and 2022, 

18 chambers were distributed randomly on the forest floor within an area of 30 m × 30 

m (Figure 2). All chambers were allocated to three treatments (Figure 3 (c)): five Root 

chambers (R1-R5, with roots but no aboveground plants), five Trench chambers (T1–

T5, without both roots and aboveground plants) and eight Plant chambers (with both 

underground roots and aboveground plants). However, Plant chambers were not 

involved in this study. In Trench chambers, four PVC boards (4 mm thick) were 

installed into the soil at a depth of 30 cm to prevent outside roots from invading into 

inside chamber area. To precisely measure soil carbon flux, maintenance was conducted 

at intervals of 3-5 weeks in the growing seasons, including clipping aboveground new-

emerging plants in Root chambers, testing gas tightness of chambers and pipes, and 

checking data records.  
 

 
Figure 2. Illustration of chamber distribution. The relative size of the chamber is 

enlarged in the figure for the ease of viewing. Vegetation chambers (red chambers in 

the figure) were not used in this thesis. 
 



12 
 

 

Figure 3. Chamber condition during non-measuring period (a) and measuring period 

(b), and illustration of two treatments (c). 
 

2.2.2 Carbon flux calculation and processing 

Each of 18 chambers was automatically closed for 200 s, one after the other, for 

one hour. During chamber closure, air was circulated between the closed chamber 

(Figure 3 (b)) and control unit with an air pump at a flow rate of 5.0 L min-1 and 

bypassed into the gas analyzer at 0.35 L min-1. The soil carbon concentration (CO2: 

μmol CO2 mol (dry air)-1; CH4: nmol CH4 mol (dry air)-1) in the closed chamber 

headspace was measured every 5 s, and the change rate of CO2/CH4 concentration 

(slope, μmol/nmol mol-1 s-1) was determined using the least-squares method. The soil 

CO2/CH4 flux (F, μmol m-2 s-1 for CO2 and nmol m-2 s-1 for CH4) was calculated using 

the following simple mass balance equation (1) (Liang et al., 2017) 

 

𝐹𝐹 = 𝑃𝑃 ∗𝐻𝐻
𝑅𝑅∗（ 𝑇𝑇𝑎𝑎+273.15）

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠  (1) 

 
where P is the air pressure (Pa), H is the chamber height (0.5 m), R is the gas constant 

(8.314 Pa m3 K-1 mol-1), and Ta is the air temperature in each chamber (◦C). The 

precision (1 standard deviation (SD)) of the gas analyzer is 0.25 ppb for CH4 

concentration with 5-s averaging from an instruction manual. Based on the error 
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propagation law, 1 SD of the slope of the temporal change in CH4 concentration is 

estimated to be 0.015 nmol mol-1 s-1. Finally, according to t-test, the detection limit in 

a single CH4 flux measurement is calculated to be 0.10 nmol mol-1 s-1 (95% confidence 

intervals) from the estimated SD of the slope using Eq. (1) at 20 ◦C and 1013 hPa.  

Ideally, CO2/CH4 concentration is expected to change linearly with time after 

chamber closure. However, some data points deviated from linearity, especially 

immediately after closing, because of the replacement of the sampling air in the tubing. 

Therefore, to exclude such outliers and control flux quality, linear regression was 

applied to the time course of the CO2/CH4 concentration, which was measured 40 times 

during a chamber closure for 200 s, and residuals from the regression were calculated. 

If the residual was beyond the mean ± 3 × SD, the data point was excluded as an outlier. 

This procedure was repeated twice, using the remaining data points (Liang et al., 2017). 

If the final coefficient of correlation (R) was > 0.9, the flux was calculated using the 

slope (Eq. (1)). Valid data quantity after data quality control. Data gaps were not filled 

before ML modelling to maintain the original changing trend of soil fluxes and to avoid 

potential biases from gap-filling algorithms (Yuan et al., 2022).  

In each chamber, volumetric soil water content (SWC, m3 m-3) at a depth of 10 cm 

was monitored with time-domain reflectometry (TDR) sensors (CS616, Campbell 

Scientific Inc. Logan, Utah, USA), and soil temperature (◦C) at a depth of 5 cm and air 

temperature (◦C) at a height of 25 cm were monitored with thermocouple thermometers, 

which were recorded every 5 s simultaneously with gas concentration monitoring. 

The field experiment was conducted in the growing season (mid-April to mid-

November) of 2021 and 2022. Data gaps appeared because of power failure or 

mechanical disorders caused by unexpected bad weather conditions (e.g. High 

temperature and thunder stroke).  

 
2.3 Environment variables measurement and calculation  

2.3.1 Soil properties measurement and calculation 

Physicochemical properties of the surface soil, fine root dynamics, and 

meteorological factors were used to explain the spatiotemporal variation in CO2 and 
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CH4 fluxes. Surface soil was separately sampled from 0-5 and 5-10 cm depths at four 

points in each chamber using core samplers of 100 cm3 in 2020 or 2021. The total 

volume (TV) of solid and liquid phases in each sample was measured with a digital 

actual volumenometer (DIK-1150, Daiki, Kusatsu, Japan), and then core samples were 

dried at 105 ◦C for 48 h and weighed. Bulk density (kg m-3) was determined from the 

dry weight, and liquid volume was calculated from the weight loss of soil samples 

through oven-drying assuming that liquid specific weight is one. Soil porosity (φ, m3 

m-3) was determined by subtracting solid volume (= TV – liquid volume) from the 

sampler capacity (100 cm3). Using the soil samples, carbon (C) content (kg kg-1) and 

nitrogen (N) content (kg kg-1) were analyzed with a CN analyzer (FlashEA 1112, 

Thermo Fisher Scientific, Waltham, Massachusetts, USA). Finally, the 

physicochemical properties of the two depths were averaged at each point (n = 4 per 

chamber). The water-filled pore space (WFPS, %) was determined hourly as the ratio 

of SWC to φ (WFPS = SWC / φ). The soil O2 diffusion coefficient (DO2, m2 s-1) was 

estimated hourly from the relative gaseous diffusion coefficient (D / D0) using the 

following empirical equation (Campbell, 1985): 

 

𝐷𝐷𝑂𝑂2 = 1.62 × 10−5 𝐷𝐷
𝐷𝐷0
�𝑇𝑇𝑠𝑠+273.15

273.15
�
1.75

(1013
𝑃𝑃

) (2) 

 
where D0 is the gaseous diffusion coefficient in the atmosphere at 1013 hPa and 273.15 

K, Ts is the soil temperature at a depth of 5 cm (◦C), and P is the air pressure (hPa). The 

D / D0 was calculated using the following equation: 

 
𝐷𝐷
𝐷𝐷0

= 0.82𝜀𝜀2.03  (3) 

 
where ε is the air-filled porosity (= φ – SWC). Eq. (3) was determined from a laboratory 

experiment (Currie, 1960) using soil core samples extracted from the same area as this 

study area (Kim, 2005). The ε was calculated from hourly SWC measured in each 

chamber. 

In each Root chamber, the biomass and production of fine roots (< 2 mm in 
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diameter) in 10 cm thick surface soil were measured at six points at intervals of 6-8 

weeks using soil core sampling using a stainless-steel edged tube with an inner diameter 

of 2.4 cm and the ingrowth core method, respectively. Living fine roots were visually 

extracted from the soil core samples dispersed in tap water, dried at 70 ◦C for 48 h, and 

weighed to determine biomass. As ingrowth cores, plastic hair curlers with an outer 

diameter of 2.3 cm were used. The ingrowth cores were filled with air-dried root-free 

soil, which was collected from the study site and sieved through 2 mm meshes. In each 

Root chamber, six ingrowth cores were inserted down to 10 cm into the pit dug through 

soil core sampling, and the six ingrowth cores installed the previous time were collected 

(Sakaguchi, 2023). Ambient CH4 concentration was determined hourly from the mean 

CH4 concentrations 25-40 s after chamber closing, when the concentration peaked in 

each measurement. For ML modeling, periodic biomass data was linearly interpolated 

on a daily basis in each chamber, whereas production data was fixed between two 

successive sampling dates. 

 

2.3.2 Gross Primary Production measurement 

Half-hourly gross primary production (GPP, μmol m-2 s-1) or ecosystem gross 

photosynthesis was determined from net ecosystem CO2 exchange (NEE, μmol m-2 s-1) 

measured on a tower near the chambers by the eddy covariance method. GPP was 

calculated as the sum of daytime NEE and ecosystem respiration (RE), which was 

estimated from the nighttime. Half-hourly data were adjusted to hourly resolution in 

wavelet analysis. 

Please refer to Hirano et al. (2017; 2024) for further information regarding the 

eddy covariance method. 

 

2.3.3 Other environmental variables and data processing  

Site common variables, including wind speed (m s-1) and precipitation (mm h-1), 

were measured on the tower and on the ground near chambers, respectively. Real-time 

wind speed was put into ML modelling as an explanatory parameter. 
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Data processing of flux and environmental variables was conducted using R 4.2.2 

(R core team, https://www.r-project.org/), with R packages. “lubridate”, “stats”, and 

“dplyr” were used for data filtering and primary processing. R package “ggplot2” and 

Origin 2023 Learning ver. (Origin Lab, Northampton, Massachusetts, USA) were used 

for graphing. 

 

2.4 Machine learning models 

Two supervised ML algorithms of Random Forest (RF) and Gradient Boosting 

Machine (GBM) were used for modeling soil carbon fluxes. Since ML models are built 

on black box algorithm, it is impossible to show specific fitting equations. Conceptual 

formula is shown as follows: 

 
𝐹𝐹~𝑥𝑥1 + 𝑥𝑥2 + 𝑥𝑥3 … (4) 
 

where F indicates CO2 or CH4 flux, x1, x2, x3…indicate different environmental 

variables. Hourly flux data and corresponding environmental variables were used for 

modelling, with 80% of raw data was set as a training dataset and 20% for testing. Used 

variables can be found in Table 1.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

https://www.r-project.org/
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Table 1 Used explanatory variables in ML models for soil CH4 and CO2 flux fitting 
Variables Unit Abbreviation Timescale 

Soil temperature °C Ts Hourly 

Water filled pore space % WFPS Hourly 

Air temperature °C Ta Hourly 

Wind speed m s-1 ws Hourly 

Ambient CH4 concentration a 
nmol CH4 mol 

(dry air)-1) 
CH4.con Hourly 

Soil O2 diffusion rate a m2 s-1 DO2 Hourly 

Carbon/Nitrogen – C/N Fixed 

Bulk density kg m-3 BD Fixed 

Fine root biomass b g m-2 Root.bio Daily 

Fine root production c g m-2 day-1 Root.pro Daily 

a CH4.con and DO2 were only used in CH4 flux fitting. 
b Root.bio was only used in Root chambers, and was linearly interpolated on a daily 

basis in each chamber. 
c Root.pro was only used in Root chambers, and was fixed between two successive 

sampling dates. 

 
The RF algorithm is a bootstrap aggregating (“bagging”) ML technique that 

belongs to the family of ensemble learning methods, where many models, often called 

“decision trees”, are combined to solve a particular computational problem more 

effectively than a single model could. At its core, RF constructs a multitude of decision 

trees during training. Each tree is built from a random subset of the training data and 

during the growth of each tree, at each node, a random subset of features is chosen to 

decide the split. The final result is an average of the results from each decision tree 

(“voting from each tree”, Breiman, 2001). Two important parameters needed to be tuned 

in this study are: 

 

“n.trees”: the number of decision trees, which was set at 70% of the quantity of 

training dataset. 
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“mtry”: the number of variables used in each decision tree, which was set at a half of 

the quantity of variables combination. 

Similar with RF, GBM is one of the decision trees algorithm family. However, 

GBM builds on the logic of boosting, which is a method of converting a collection of 

weak learners into a strong learner (“boosting”). Procedures of GBM models include: 

1) Building an initial “weak” model (basic decision tree model), 2) Computing residuals 

of each instance in the initial model, 3) Using residuals as targets to train new basic 

models as new base learners, 4) Updating predictions of existing models based on 

results of new base learners, 5) Repeating above procedures until the prediction bias 

reaches to presupposed level (Cai et al., 2022; Burges et al., 2010). In GBM models, 

four main parameters needed to be tuned:  

 “n.trees”: the number of decision trees, which was set at 70% of the quantity of 

training dataset. 

“interaction.depth”: The complexity of each decision tree, which was set at 2, 

representing a two-way interactions. 

“n.minobsinnode”: the number of observations of the final decision tree, which was 

set at 100, representing the quantity of observations in the last tree node. 

“shrinkage”: the learning rate or step-size reduction, which was set at 0.1 to control 

the fitting quality of each tree. 

 
Differences between RF and GBM algorithms can be concluded as follows: 1) RF 

uses a replacement sampling method, and each sampling is independent from each other. 

GBM uses an unchanged dataset in each boosting round, with the weight of each sample 

is decided by results from the last round; 2) Result of each decision tree has the same 

weight in RF models, while results with lower errors have higher weight in GBM 

models; 3) Each decision tree in RF models can calculate synchronously, while 
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calculation in GBM model must follow step-by-step order because results from the last 

learners are the targets of following learners; 4) RF models focus more on the variation 

of the distribution of original dataset, while GBM models concentrate on the bias of 

original dataset (Golden et al., 2019; Cha et al., 2021).  

Model performance was evaluated using determination coefficients (R2) and root-

mean-square error (RMSE). A 10-fold cross-validation method was used to avoid 

overfitting. To avoid model bias caused by random data selection, each model was run 

10 times using different random seeds. The model performance was determined based 

on the best result of these 10 trials. R packages “caret”, “caretEnsemble”, 

“randomForest”, “gbm” were used for building models. R packages “pdp”, “DALEX” 

and “iml” were used for interpreting and visualizing ML models. 

 

2.5 Separation of soil respiration 

Commonly used conventional methods to separate RS use the trenching method to 

exclude RR and measure RH, and then RR (RR_C) is estimated as a difference between 

mean RS measured in Root chambers and mean RH measured in Trench chambers. 

 
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚(𝑅𝑅𝑅𝑅1~5) −𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚(𝑅𝑅𝑅𝑅1~5) (5) 
 
where RS1–5 indicates CO2 flux of Root chambers, RH1–5 indicates CO2 flux of Trench 

chambers. However, spatial variation of each chamber was ignored during averaging 

process. To solve this problem, a RF-model-based estimating method was developed in 

this study. Flux data from Trench chambers were used to build a RH-estimation model 

with environmental variables; then environmental variables from Root chambers were 

introduced into the RH-estimation model to calculate corresponding RH in Root 

chambers. Thus, RF-model-based RR (RR_RF) was calculated as: 

 
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖 = 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚(𝑅𝑅𝑅𝑅𝑖𝑖 − 𝑅𝑅𝑅𝑅𝑖𝑖) (6) 
 
where i denotes the chamber number of Root chambers. In this way, the spatial variation 

of RR was taken into consideration. 
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To illustrate the relationship between RR and soil temperature, two types of RR 

(RR_C and RR_RF) were fitted with soil temperature using an exponential equation 

shown as follows (Liang et al., 2004):  

 
𝑅𝑅𝑅𝑅 = 𝑎𝑎1 ∗  exp  (𝑎𝑎2 ∗ 𝑇𝑇) (7) 
 
where a1 and a2 are fitting parameters. T (°C) is soil temperature. In addition, 

temperature sensitivity Q10 (=exp (10*a2), Van’t et al., 1900) was calculated by the 

fitting parameter a2 determined from Eq. (7). 

 
2.6 Wavelet analysis 

Typical time-series data analysis methods, including wavelet analysis, do not allow 

data gaps in the dataset. Thus, gaps in GPP data were filled by an RF algorithm from 

environmental variables of day length (h), air temperature (°C), vapor pressure deficit 

(VPD, hPa), and photosynthetic photon flux density (PPFD, μmol m-2s-1). Similarly, RS 

and RR data were gap-filled from the gap-filled GPP, global radiation (W m-2), 

precipitation (mm h-1), wind speed (m s-1), soil temperature (°C), and soil moisture (%). 

Wavelet power analysis was used to check the periodicity of GPP, RS and two RRs 

(RR_C and RR_RF), with wavelet cross-power analysis to determine the correlation 

strength of significant common periods of GPP/RS, GPP / RR_C and GPP / RR_RF.  

R package “mice” was used to fill data gaps. R package “WaveletComp” was used 

to conduct wavelet analysis. 

 

2.7 Time delay analysis between GPP and root respiration 

In principle, it takes time for carbohydrate generated by photosynthesis to be 

transported from the canopy to the roots. That is to say, time delay exists between GPP 

and RR, indicating that RR links to GPP with some delay. Length of time delay depends 

on many factors, including plant species, age, height, disturbance, etc. 

Cross correlation function (CCF) is a widely used method to estimate period 

difference between two time series. In essence, CCF quantifies the similarity between 

two signals as a function of their relative time delay, and a specific delay time 
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corresponding to the highest correlation would be considered as the time lag between 

two signals. (Shen C et al., 2015; Zhang et al., 2006). In this study, an autocorrelation 

factor (ACF) between GPP and RRs (RR_C and RR_RF) with different lags was 

calculated, and the lag with the highest ACF will be considered as the most possible 

time delay between GPP and RR 

Wavelet cross power method was another method to estimate time lag between 

two time series. To conduct the wavelet cross power analysis, GPP, RS and RR data 

were firstly standardized and de-noised using the Z-score method and Loess regression 

method (Grinsted A et al., 2004). Significant phases of two time series data with 

significant wavelet cross power (P < 0.05) were extracted independently using the 

“white noise” method. Then difference of two phases was calculated using the empirical 

Eq. (8), and significant phase differences were considered as time lags. Compared with 

CCF method, wavelet cross power method could describe time lag in a more intuitive 

way, and microcosmic or long-term changing trends can also be extracted if time lags 

exist in a long-term observation dataset with a high time resolution. 

 

𝑃𝑃ℎ𝑎𝑎𝑎𝑎𝑎𝑎.𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 = 2𝜋𝜋 (∆𝑡𝑡
𝑓𝑓𝑓𝑓

)  (8) 

 
where Phase.diff (radian, rad) denotes the hourly instant phase difference between two 

time series. ∆𝑡𝑡 (h) indicates time lag between two time series (GPP vs. RS or RR). ft (h) 

denotes a frequency period which was set at 24 hours (1 day). π was set to 3.1416 in 

this study. 

For those phase differences which were over the range of one period (−π to π), the 

corresponding phase differences within one period would be calculated. For example, 

the original instant phase difference between GPP and RR_C at 2:00 AM on May 1, 

2022 was –4.78 rad (< -π), and it was transformed to −1.64 rad (–4.78 + π); thus, time 

lag between GPP and RR_C was controlled within the range of −12 to 12 hours 

(Cazelles et al., 2008; Veleda et al., 2012). Negative lags mean that RR led the changing 

trend (change of RR led to the change of GPP) while positive lags represented GPP led 

the trend (change of GPP caused the change of RR). Hourly flux data from May to 
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October (six full-length months) in two years was used for CCF analysis and wavelet 

analysis. The first 12 hours and the last 12 hours in wavelet cross power analysis were 

excluded to prevent edge effect (Carmona et al., 1998; Aguiar-Conraria and Soares, 

2011). Hourly valid instant time lags were finally averaged to calculate the daily lags.  

In addition, to exclude the impacts of soil temperature, soil respiration and root 

respiration were normalized with Eq. (9) (Law et al., 1999; Hirano et al., 2003).  

 
𝐹𝐹𝑛𝑛𝑛𝑛𝑛𝑛 = 𝐹𝐹 · exp [𝑎𝑎2(𝑇𝑇𝑏𝑏 − 𝑇𝑇)] (9) 
 
where Fnor is normalized CO2 flux (F, nmol m-2s-1) at Tb, and Tb is the base temperature, 

which was set to 15 °C. a2 is the fitting parameter in Eq. (7). T (°C) is the real-time soil 

temperature. 

 

Normalized RS and RRs were fitted with GPP to calculate time lags without being 

affected by temporal variation of soil temperature. 

R package “astsa” was used for CCF analysis, and R packages “WaveletComp” 

was used for wavelet cross power method. Please refer to the manual of package 

“WaveletComp” for detailed information of building of wavelet cross power between 

two sets of time series data, extraction of phase differences and calculation process of 

time lags (http://www.hs-stat.com/WaveletComp/). 

  

http://www.hs-stat.com/WaveletComp/
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3. Results 

3.1 Environmental variables 

3.1.1 Soil physical properties  

Porosity, C content, and N content showed a significant difference within each 

treatment, except for bulk density for Root chambers (Table 2), which means that such 

soil physicochemical properties varied spatially in each treatment. The spatial variation 

was more significant in Trench chambers with lower P values. Between treatments, 

only porosity was significantly different (Table 3, P < 0.05).  

 

Table 2 Soil physical properties of each chamber (mean ± SD) 

Treatment 
Bulk density 

(kg m-3) 

Porosity 

(m3 m-3) 

C content 

(kg kg-1) 

N content 

(kg kg-1) 

Trench     

T1 0.660 ± 0.046 0.421 ± 0.027 4.220 ± 0.438 0.220 ± 0.027 

T2 0.764 ± 0.072 0.735 ± 0.021 3.210 ± 0.360 0.174 ± 0.025 

T3 0.621 ± 0.119 0.767 ± 0.045 6.90 ± 0.161 0.400 ± 0.011 

T4 0.711 ± 0.095 0.734 ± 0.036 5.963± 0.597 0.367 ± 0.045 

T5 0.871 ± 0.087 0.680 ± 0.032 6.221 ± 0.436 0.353 ± 0.022 

 P a 0.043* < 2e-16 < 2e-16 < 2e-16 

Root     

R1 0.688 ± 0.064 0.772 ± 0.017 4.732 ± 0.405 0.283 ± 0.027 

R2 0.752 ± 0.028 0.700 ± 0.026 3.494 ± 0.494 0.190 ± 0.034 

R3 0.791 ± 0.076 0.693 ± 0.027 5.711 ± 0.898 0.324 ± 0.058 

R4 0.627 ± 0.060 0.765 ± 0.028 7.784 ± 0.936 0.491 ± 0.084 

R5 0.664 ± 0.107 0.768 ± 0.046 5.189 ± 0.332 0.290 ± 0.022 

P a 0.082 0.009 < 2e-16 < 2e-16 

a One-way ANOVA (n = 5) in each treatment. 
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Table 3 Soil physical properties of two treatments (mean ± SD) 

Treatment 
Bulk density 

(kg m-3) 

Porosity 

(m3 m-3) 

C content 

(kg kg-1) 

N content 

(kg kg-1) 

Trench 0.718 ± 0.119 0.667 ± 0.134 5.23 ± 1.39 0.299 ± 0.091 

Root 0.704 ± 0.093 0.740 ± 0.047 5.38 ± 1.56 0.315 ± 0.111 

P a 0.693 0.031 0.627 0.757 

a t-test between two treatments (two-tailed). 
 

3.1.2 Metrological variables 

Mean daily precipitation and air temperature were shown in Figure 4 and Table 4. 

Typical seasonal trend appeared in mean air temperature in growing seasons of 2021, 

while mean air temperature increased from spring to summer, and appeared at DOY of 

approximate 200, then decreased from summer to autumn. Differently, air temperature 

of 2022 did not peak at around DOY of 200, but mean air temperature kept at a relatively 

high level during the period of around DOY of 190 and 240 (Figure 4). Max and 

minimum daily air temperature shared a similar trend with mean daily air temperature 

(Figure 4). Significant seasonal variation (P < 0.001) existed in mean air temperature 

in both years, but no significant interannual variation emerged between two years (P > 

0.05, Table 4). Neither within year nor interannual variation appeared in mean daily 

precipitation (P > 0.05, Table 4), but distribution of precipitation in two years was 

different. Rainfall in summer in 2021 was a bit lower than that of 2022, with mean daily 

precipitation during DOY of 200-250 was 2.79 ± 7.96 mm day-1 in 2021 and 4.21 ± 

8.37 mm day-1 in 2022, respectively (Table 4). Although the variation was not 

significant (P > 0.05, t-test), this result suggested a wetter summer in 2022 than in 2021.  

Two-year mean daily air temperature was  14.70 ± 5.43 °C and precipitation was 2.94 

± 7.35 mm day-1 (Table 4). 
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Figure 4. Seasonal variations in daily precipitation and daily mean, maximum, and 

minimum chamber air temperatures in 2021 (a, from April 17th to November 15th) and 

2022 (b, from April 22nd to November 16th). Since no significant spatial variation was 

found in air temperature among chambers, air temperatures of 10 chambers were 

averaged. 
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Table 4 Mean daily precipitation and air temperature in each month of growing 

seasons in two years (mean ± SD) 

Month 
Precipitation 
(mm day-1) 

Air temperature 
(°C) 

2021  
Apr a 4.75 ± 10.32 6.27 ± 2.06 
May 1.83 ± 3.09 11.30 ± 2.34 
Jun 3.41 ± 10.53 16.19 ± 1.76 
Jul 1.70 ± 4.25 20.99 ± 3.37 

Aug 4.21 ± 9.86 19.46 ± 3.15 
Sep 2.54 ± 7.61 16.40 ± 1.78 
Oct 2.53 ± 3.30 9.78 ± 3.47 

Nov a 3.87 ± 7.27 7.70 ± 2.21 
Mean 2.93 ± 7.34 14.64 ± 5.43 

P b  0.787 < 2e-16 
2022  

Apr a 0.19 ± 0.36 9.21 ± 1.44 
May 2.69 ± 6.02 11.48 ± 2.44 
Jun 3.59 ± 9.45 14.46 ± 3.13 
Jul 1.82 ± 4.70 20.25 ± 1.72 

Aug 5.84 ± 9.91 20.65 ± 1.37 
Sep 3.08 ± 7.79 17.66 ± 2.48 
Oct 2.69 ± 7.70 10.39 ± 3.95 

Nov a 0.78 ± 2.27 5.77 ± 3.22 
Mean 2.96 ± 7.39 14.76 ± 5.45 

P b 0.298 < 2e-16 
2-y Mean  2.94 ± 7.35 14.70 ± 5.43 

P c 0.962 0.828 
a Precipitation and air temperature data in April and November were around half-month 

long. High mean daily precipitation in April 2021 was caused by a heavy precipitation 

event happened in 19th April (35.7 mm). 
b One-way ANOVA within growing seasons in a year (n = 213 in 2021, n = 209 in 2022). 
c t-test between daily precipitation and air temperature of growing seasons in two years 

(two-tailed). 
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3.1.3 Soil temperature and moisture 

Mean daily soil temperature and WFPS in two years were shown in Figure 5 and 

Figure 6. To note, WFPS of R2 was excluded from data processing because SWC of 

2021 and the period before Jul. 15th, 2022 in R2 was not recorded, which was caused 

by mechanical disorders. Seasonal trends appeared in soil moisture and temperature in 

2021. Soil temperature increased and WFPS decreased from spring to summer, and then 

soil temperature decreased and WFPS increased from summer and autumn (Figures 5 

and 6). The peak of soil temperature and the bottom of WFPS appeared at around DOY 

of 220 in 2021. Compared with 2021, seasonality of soil moisture was weak in 2022, 

especially no significant seasonal trend could be found in WFPS in both treatments 

(Figures 6 c and d), which might be caused by different distribution patterns of 

precipitation in two years. Higher mean daily precipitation in summer of 2022 reduced 

the seasonal variation of soil moisture (see 3.1.2).  

Significant spatial variation of soil temperature appeared among five chambers in 

each treatment (Table 5, P < 0.01), but no significant difference of two-year mean soil 

temperature appeared between two treatments (Table 6, P > 0.05). In contrast, 

significant variation of WFPS not only emerged within two treatments (Table 5, P < 

0.01), but also appeared between two treatments (Table 6, P < 0.01). Root chambers 

had a significant higher soil moisture (27.90 ± 6.94%) than that of Trench chambers 

(24.97 ± 6.84%). 
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Figure 5. Seasonal variations in mean daily soil temperature in 2021 (a and b, from 

April 17th to November 15th) and 2022 (c and d, from April 22nd to November 16th). 

Shaded areas denote SD of five chambers in each treatment. 

 

Figure 6. Mean daily WFPS in 2021 (a and b, from April 17th to November 15th) and 

2022 (c and d, from April 22nd to November 16th). Shaded areas denote SD of four or 

five chambers in each treatment. Data from R2 chamber was excluded from (b) because 

of many data gaps. 
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Table 5. Mean daily soil temperature and WFPS for two years in each chamber in two 

treatments (mean ± SD) 

Treatment 
Soil temperature 

(°C) 

WFPS 

(%) 

Trench   

T1 16.25 ± 5.51 15.84 ± 1.31 

T2 15.67 ± 5.36 24.37 ± 2.60  

T3 14.84 ± 4.91 21.64 ± 2.61 

T4 14.75 ± 4.96 32.98 ± 4.25 

T5 14.46 ± 5.08 30.03 ± 4.01 

P a < 2e-16 < 2e-16 

Root   

R1 15.72 ± 5.34 26.74 ± 5.10 

R2 16.15 ± 5.99 32.06 ± 2.77 b 

R3 14.96 ± 5.17 20.78 ± 3.94 

R4 14.57 ± 4.77 34.68 ± 5.46 

R5 14.99 ± 5.02 28.06 ± 5.57 

P a < 2e-16 < 2e-16 

a P values of one-way ANOVA (n=5) in each treatment. 
b WFPS of R2 was the mean of daily data from Jul. 15th to Nov. 16th, 2022. 
 
Table 6. Mean soil temperature and WFPS for two years in two treatments (mean ± SD) 

Treatment 
Soil temperature 

(°C) 

WFPS 

(%)) 

Trench 15.19 ± 5.21 24.97 ± 6.84 b 

Root 15.26 ± 5.29 27.90 ± 6.94 

P a 0.793 0.003 

a t-test between two treatments (two-tailed). 
b WFPS of Trench treatment was the mean of four chambers except for R2 which had 

many data gaps. 
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3.1.4 Root dynamics 

The seasonal trend of fine root biomass and production were shown in Figure 7. 

In 2021, peak of fine root biomass was observed around July in the summer. However, 

no significant seasonal trend of biomass appeared in 2022. Root biomass was 

significantly higher in R4 and R5 than in other chambers (Table 7, P < 0.05). Root 

production increased from June to August in four chambers except for R5 in 2021, while 

a similar seasonal variation emerged in four chambers except for R4 in 2022. (Figure 

7). 

 

Table 7. Fine root biomass (dry weight, mean ± SD) 
 
 
 
 
 
 
 
 
 

a Mean dry weight of nine samples during experiment period. 

 
 
 

 

 

 

 

 

 
 

Chamber Fine root biomass a 

（g  m⁻²） 

R1 101.0 ± 30.4 

R2 48.3 ± 27.6 

R3 63.8 ± 41.6 

R4 161.2 ± 50.2 

R5 129. 3 ± 43.8 
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Figure 7. Seasonal variations in fine root biomass (a) and fine root production in five 

Root chambers for two years. 

 

3.2 Soil methane flux 

3.2.1 Spatiotemporal variation of soil methane flux 
Soil CH4 flux was always negative in all chambers, indicating that the soils with 

high water permeability functioned as a net CH4 sink over the growing season (Figure 

8). In both treatments, CH4 flux varied seasonally in almost parallel with WFPS (Figure 

6). The seasonal trend of CH4 flux in 2022 was more not clear because of almost no 

seasonal trend of WFPS in 2021 (Figure 8).  In addition, CH4 flux negatively peaked in 

early August in synchronization with the peaks of soil temperature (Figure 5). Soil CH4 

flux showed significant spatial variation within each treatment (Table 8, Figure 9). The 

CH4 flux of Trench chambers ranged from −1.99 ± 0.40 nmol m-2 s-1 (T2) to −2.62 ± 

0.47 m-2 s-1 (T3), that of Root chambers ranged from −2.11 ± 0.48 nmol m-2 s-1 (R4) to 

−3.07 ± 0.40 nmol m-2s-1 (R1) (Table 8). Seasonal mean CH4 flux in Root chambers (－

2.56 ± 0.61 nmol m-2 s-1) was significantly more negative (by 8.2 %, P < 0.001) than 
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that of Trench chambers (−2.35 ± 0.47 nmol m-2 s-1) (Table 8), which means that more 

CH4 was absorbed in Root chambers.  

 

 
Figure 8. Seasonal variations in mean daily CH4 flux in two treatments in 2021 (a and 

b, from April 17th to November 15th) and 2022 (c and d, from April 22nd to November 

16th). Shaded areas denote SD of five chambers in each treatment. 
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Figure 9. Seasonal variations in mean daily CH4 flux in each chamber in 2021 (a and c, 

from April 17th to November 15th) and 2022 (c and d, from April 22nd to November 16th). 

T1-T5 represent Trench chambers (a and c) while R1-R5 represent Root chambers (b 

and d). 
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Table 8. Two-year mean daily CH4 flux in each chamber (mean ± SD) 

Treatment 
CH4 flux 

(nmol m-2s-1) 

Trench  

T1 −2.44 ± 0.33 

T2 −1.99 ± 0.40 

T3 −2.62 ± 0.47 

T4 −2.15 ± 0.36 

T5 −2.57 ± 0.45 

P a < 2e-16 

Root  

R1 −2.76 ± 0.69 

R2 −3.07 ± 0.40 

R3 −2.58 ± 0.49 

R4 −2.11 ± 0.48 

R5 −2.30 ± 0.45 

P a < 2e-16 

a One-way ANOVA (n=5) in each treatment. 

 

Table 9. Two-year mean daily CH4 flux in two treatments (mean ± SD) 

Treatment CH4 flux 

(nmol m-2s-1) 

T −2.35 ± 0.47 

R −2.56 ± 0.61 

P a < 2e-1 

a t-test between two treatments (two-tailed). 

 
3.2.2 Fitting of machine learning models 

Eight and ten explanatory variables (Table 1) were used to build ML models using 

RF and GBM algorithms. RF models had a higher R2 and a lower RMSE than that of 
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GBM models in both treatments, suggesting that RF algorithm was more reliable to 

predict CH4 flux (Table 10). The accuracy of Trench models was lower than Root 

models, even though Trench models used more observations than Root models (Table 

10). 

 

Table 10. Performance of RF and GBM models for CH4 flux 

Treatment 
Observation 

quantity a 
Algorithm R2 b 

RMSE 

(nmol m-2s-1) 

Trench 37063 
RF 0.731 0.299 

GBM 0.649 0.421 

Root 32772 
RF 0.788 0.263 

GBM 0.672 0.415 

a Chamber R2 data in 2021 were excluded from modelling because of the lack of soil 

moisture data. 
b Models were repeated 10 times using different seeds, and the best result was shown. 

 

3.2.3 Feature importance of models 

O2 diffusion rate had the highest influence in regulating CH4 flux, followed by 

WFPS. The relative importance of O2 diffusion rate was 19.69% and 18.38% in Trench 

and Root models, respectively, slightly higher than that of WFPS (17.72% in Trench 

model and 17.93% in Root model) (Figure 10). Generally, soil physical properties of 

bulk density and C/N ratio had higher importance ranking in Trench models than in 

Root models. In contrast, root dynamics showed high importance in Root models; root 

biomass and root production were the second and fourth most important variables, 

respectively. Ambient CH4 concentration had a higher importance than soil temperature 

in both models, and both of these two features contributed to approximately 10% of 

relative influence, followed by air temperature and wind speed. 

The influence of O2 diffusion rate was positive, while WFPS had a negative impact. 

In Trench models, ambient CH4 concentration shared a positive influence with soil 

temperature, whereas soil temperature had both effects and ambient CH4 concentration 
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rate showed a positive effect in Root models. The bulk density, C/N ratio, air 

temperature and wind speed influenced the CH4 flux both positively and negatively. 

Additionally, root biomass and root production showed both positive and negative 

effects, suggesting root dynamics influenced CH4 uptake in both positive and negative 

ways. 

 

 
Figure 10. Feature importance of variables in RF models for two treatments. Relative 

importance (total to 100%) was used to represent the importance of each feature. Mean 

± SD of 10 replicates with different seeds were shown. The symbols of +, − and ± 

represent positive, negative and both impacts of different features on CH4 flux. 

 

3.2.4 Relationship between soil methane flux and soil moisture and temperature 

Figure 11 is the partial dependence of CH4 flux on soil moisture and temperature. 

Generally, CH4 flux is positively correlated with WFPS in the range of 15-30%. 

Compared with WFPS, the relationship of CH4 flux with soil temperature is more 

complex, especially in Trench models. Although soil temperature had an enhancing 

influence on CH4 uptake in both models, CH4 uptake was discontinuously decreased by 

soil temperature in the range of 10-15 °C in Trench models. Linearity of the relationship 

of CH4 flux with soil temperature was weaker than that with WFPS (Figure 11). 
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Figure 11. Partial dependence plot between predicted CH4 flux and WFPS (a and c) or 

soil temperature (b and d) in RF models. 

 

3.3 Soil carbon dioxide flux  

3.3.1 Spatiotemporal variation of soil respiration 

Soil CO2 flux was always positive in all chambers, indicating that the forest soil 

was a continuous CO2 source over the growing season (Figure 12). In both treatments, 

CO2 flux changed seasonally, almost synchronously with soil temperature with a peak 

in August (Figure 5). Soil CO2 flux had significant small-scale spatial variation within 

each treatment (Table 11). Chamber T3 (3.05 ± 1.01 μmol m-2s-1) and R4 (3.01 ± 1.89 

μmol m-2s-1) had the highest CO2 flux in each treatment, respectively. The coefficients 

of variation (CV) of Trench and Root chambers were 53.3% and 39.1%, respectively, 

suggesting that CO2 flux in Trench chambers had a larger spatial variation than in Root 

chambers (Table 11, Figure 13). Also, two-year mean daily CO2 flux in Root chambers 
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(2.67 ± 1.69 μmol m-2 s-1) was significantly higher (by 19.9%, P < 0.001) than that of 

Trench chambers (2.14 ± 1.49 μmol m-2 s-1) (Table 12), which means Root chambers 

were emitting CO2 faster than Trench chambers by approximately 20% on average.  

 
Figure 12. Seasonal variations in mean daily CO2 flux in two treatments in 2021 (a and 

b, from April 17th to November 15th) and 2022 (c and d, from April 22nd to November 

16th). Shaded areas indicate SD of five chambers in each treatment. 
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Figure 13. Seasonal variations in mean daily CO2 flux in each chamber in 2021 (a and 

b, from April 17th to November 15th) and 2022 (c and d, from April 22nd to November 

16th). T1-T5 represent Trench chambers (a and c) while R1-R5 represent Root 

chambers (b and d). 
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Table 11. Two-year mean daily CO2 flux in each chamber (mean ± SD) 

Treatment 
CO2 flux 

(μmol m-2s-1) 

Trench  

T1 2.25 ± 1.44 

T2 1.50 ± 0.92 

T3 3.05 ± 1.01 

T4 1.97 ± 1.31 

T5 1.98 ± 1.18 

P a < 2e-16 

Root  

R1 2.05 ± 1.35 

R2 3.01 ± 1.70 

R3 2.52 ± 1.59 

R4 3.01 ± 1.89 

R5 2.74 ± 1.67 

P a < 2e-16e 

a One-way ANOVA (n=5) in each treatment. 

 

Table 12. Two-year mean daily CO2 flux in two treatments (mean ± SD) 

Treatment CO2 flux 

(μmol m-2s-1) 

T 2.14 ± 1.49 

R 2.67 ± 1.69 

P a < 2e-16 

a t-test between two treatments (two-tailed). 
 
3.3.2 Fitting of machine learning models  

CO2 models used the same variables combination with CH4 models except for 

ambient CH4 concentration and O2 diffusion rate (Table 1). Similar to CH4 models, RF 
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models had higher accuracy than GBM models in both treatments (Table 13). Root 

models had a better performance than Trench models. Although observations used for 

modeling were fewer than that of CH4 modeling in both treatments because of data 

quality control, CO2 models showed higher accuracy than CH4 models (Table 10), 

indicating the combination of explanatory variables is more appropriate for CO2 flux 

modeling. 

 

Table 13. Performance of RF and GBM models in predicting CO2 flux 

Treatment 
Observation 

quantity a 
Algorithm R2 b 

RMSE 

(μmol m-2s-1) 

Trench 35379 
RF 0.933 0.40 

GBM 0.861 0.51 

Root 31591 
RF 0.973 0.28 

GBM 0.892 0.33 

a Chamber R2 data in 2021 were excluded from modelling because of the lack of soil 

moisture data. 
b Models were repeated 10 times using different seeds, and the best result was shown. 

 
3.3.3 Feature importance of models 

Soil temperature was considered as the main controlling factor for CO2 emission; 

the relative influence of soil temperature was approximately 35% in both treatments 

(Figure 14). Root biomass and production showed high importance in Root models, 

suggesting the important role of root dynamics in regulating CO2 emission. Bulk 

density contributed to approximately 13% in both models, followed by WFPS. However, 

WFPS was more important in Trench models than in Root models, partly because the 

number of variables was smaller in Trench models. Wind speed still had the lowest 

importance in both models. 

Soil temperature had a positive promoting effect on soil CO2 emission, whereas 

bulk density, WFPS, C/N ratio, air temperature and wind speed had both positive and 

negative influences (Figure 14). Root production had a positive influence, while root 
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biomass influenced CO2 flux both negatively and positively. 
 

 

Figure 14. Feature importance of variables in RF models for two treatments. Relative 

importance (total to 100%) was used to represent the importance of each feature. Mean 

± SD of 10 replicates with different seeds were shown. The symbols of + and ± represent 

positive and positive/negative impacts of different features on CO2 flux. 

3.3.4 Relationship between carbon dioxide flux and soil moisture and 

temperature  

Partial dependence plot (Figure 15) revealed the complex relationship between 

CO2 flux and WFPS, especially in Trench models, indicating complex interactions 

between soil moisture and CO2 emission. In Root models, sudden drops appeared at 

WFPS of 20% and 30% in the linear regression. On the contrary, CO2 flux showed a 

positive linear relationship (R2 > 0.9) with soil temperature in the range of 10-25 °C in 

both models. 
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Figure 15. Partial dependence plot between predicted CO2 flux and WFPS (a and c) or 

soil temperature (b and d) in RF models. 

 

3.4 Separation of soil respiration 

3.4.1 Root respiration estimated by a conventional method 

Usually, RR is estimated as the difference of mean values of Root chamber CO2 

flux (corresponding to RS) and Trench chamber CO2 flux (corresponding to RH) using 

a trenching method. RR estimated by the conventional method showed a clear seasonal 

trend (Figure 16). Unnaturally larger RR appeared in the spring between late April and 

early May. 

For each Root chamber, conventional RR ranged from −0.069 ± 0.38 μmol m-2 s-1 

(R1) to 0.95 ± 0.49 μmol m-2 s-1 (R2) (Table 14). Since RS in R1 was relatively low 

compared to that in other chambers, especially in 2022, it was difficult to separate RS 



44 
 

precisely using this method. Minus RR also appeared even in other chambers especially 

in October when RS decreased.  
 

 
Figure 16. Seasonal variations in daily mean root respiration calculated by the 

conventional method on average (a) and in each Root chamber (b) in 2021 (from April 

17th to November 15th) and 2022 (from April 22nd to November 16th).  

 

3.4.2 Root respiration estimated by RF modelling 

Six variables, excluding fine root biomass and production (Table 1), from Root 

chambers were put into the RF model trained using Trench chamber data to predict the 

RH in Root chambers. Using the estimated RH of each Root chamber, RR (RR_RF) 

was calculated as the difference between measured RS and estimated RH in each Root 

chamber. Like conventional RR, RR_RF showed seasonality with a peak before DOY 

200 (Figure 17). Unnaturally larger RR in the spring, which was found in RR_C (Figure 

16), did not appear in RR_RF, and the frequency of minus values decreased than that 

RR_C except for R1 chamber (Table 14). The highest RR_RF emerged in R4 chamber 
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(0.95 ± 0.75 μmol m-2 s-1). RR_RF in R2 was shown from July in 2022, because soil 

moisture was not available before. Mean daily RR_RF (0.61 ± 0.50 μmol m-2 s-1) was 

significantly larger than RR_C (0.53 ± 0.39 μmol m-2 s-1) (by 15.1%, P < 0.05) (Table 

14). In addition, CV was larger in RR_RF (72.6%) than in RR_C (62.1%) (Table 14).  
 

 

Figure 17. Root respiration estimated by the RF modelling method. Black lines denote 

RH predicted by RF models on average (a) and in each Root chamber (b−f), while red 

lines denote RR. Shaded areas (a) denote SD of five chambers. 
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Table 14. Two-year mean daily root respiration estimated by two methods (RR_C and 

RR_RF, mean±SD) 

Chamber 
RR_C 

(μmol m-2 s-1) 

RR_RF 

(μmol m-2 s-1) 

R1 −0.069 ± 0.38 −0.003 ± 0.45 

R2 a 0.95 ± 0.49 0.80 ± 0.94 

R3 0.41 ± 0.44 0.66 ± 0.55 

R4 0.92 ± 0.66 0.95 ± 0.75 

R5 0.64 ± 0.42 0.64 ± 0.58 

P b < 2e-16 < 2e-16 

Mean 0.53 ± 0.39 0.61 ± 0.50 

P c  0.023 

Q10 
d 2.00 ± 0.98 2.43 ± 1.27 

P e 0.567 

CV 62.1% 72.6% 

a RRs of R2 chamber were calculated using only 2022 data. 
b One-way ANOVA within each treatment. 
c t-test between two-year mean daily RR calculated by two methods (Two-tailed). 
d Q10 was the mean of five chambers. 
e t-test between Q10 of two RRs (Two-tailed). 
 

3.4.3 Relationship between root respiration and soil temperature 

RR_C and RR_RF of chamber R3, R4, R5 was averaged to fit with average soil 

temperature (Eq. (7)), respectively (Figure 18). Chamber R1 was excluded because of 

low data quality. Fitting performance with soil temperature was better in RR_RF than 

that of RR_C, with R2 was 0.54 and 0.44 in RR_RF and RR_C, respectively (Figure 

18). Sensitivity of RRs to soil temperature was determined by temperature coefficient 

Q10, which was calculated using the fitting parameter a2 in Eq. (7) using daily data. Q10 

of RR_RF (2.43 ± 1.27, mean of five chambers) was higher than RR_C (2.00 ± 0.98, 
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mean of five chambers), indicating RR estimated by RF modelling method was more 

sensitive to change of soil temperature, but this kind of variation was not significant 

(P > 0.05, Table 14). Small-scale spatial variation in RR_RF was more significant than 

RR_C, with CV of RR_RF and RR_C was 72.6% and 62.1%, respectively. 
 

 

Figure 18. Exponential regression between root respiration and soil temperature for 

RR_C (a) and RR_RF (b). Daily mean data were plotted using the data from chamber 

R3, R4, and R5.  

 

3.5 Relationship between root respiration and GPP 

3.5.1 Seasonal trend of GPP 

Gap-filled 30-min GPP data was averaged to daily scale to illustrate the seasonal 

trend of GPP. Generally, GPP increased from around DOY of 110 to 150, and changed 

frequently until around DOY of 220, then showed a decreasing trend to the DOY of 320 

(Figure 19). Seasonal trend in two years was similar. 
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Figure 19. Seasonal variation in mean daily gross primary production (GPP) measured 

by the eddy covariance method in 2021 (from April 17th to November 15th) and 2022 

(from April 22nd to November 16th). 

 

3.5.2 Gap-filling of root respiration  

To apply wavelet analysis, data gaps of hourly RS, RR_C and RR_RF were filled 

using an RF algorithm. RS and RR data from chambers R3, R4, and R5 were averaged 

and used for wavelet analysis. RR_RF had more data gaps in the summer of 2021 

(Figure 20 c), because soil water content was not measured during this period owing to 

system malfunction. Gap filling seems to be successful, but some spiky data were 

produced (Figure 20). 
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Figure 20. Gap-filled hourly data of RS (a), RR_C (b) and RR_RF (c) using RF 

algorithm. Black lines denote original observed data and red lines denote gap-filled data. 

Hourly data was averaged from chamber R3, R4 and R5. R1 and R2 were excluded 

from data analysis because of low data quality and many data gaps. 

 

3.5.3 Wavelet power of two types of RR, RS and GPP 

Z-score standardized, de-noised GPP, RS, RR_C and RR_RF data were used for 

wavelet power analysis and wavelet cross power analysis, respectively. Time resolution 



50 
 

was set at 1/24 day (one hour), consistent with the hourly GPP, RS and RR dataset. 

Frequency resolution was set at 1/120 day, and Fourier period was set from 1 / 8 day to 

32 days. “White noise” method was used to generate the surrogate time series data of 

GPP, RS and RR. Strength of wavelet power indicates the strength of period. For 

example, significant wavelet power at a period of 24 hours denotes a diurnal trend. 

Spectrum of wavelet power of GPP, RS, RR_C and RR_RF were shown in Figures 

21 to 24. Generally, GPP and RS had a significant one-day period, especially continuous 

ridges appeared in GPP wavelet spectrum in both years, suggesting a typical diurnal 

trend of GPP (Figure 21). As a contrast, ridges of one-day period were not continuous 

in RS spectrum, indicating an unstable diurnal trend of RS (Figure 22). Wavelet power 

of GPP and RS became stronger in summer (June-August), indicating the diurnal trend 

of GPP and RS was more obvious in summer. Although significant one-day period 

appeared in RR_C and RR_RF, this kind of diurnal trend was not continuous in both 

kinds of RR (Figures 23a and Figure 24). No significant period was found in RR_C 

wavelet power spectrum in 2022, indicating that RR_C had no typical short-term 

temporal trend in 2022 (Figure 23b). Overall, diurnal trend of RR_RF was more 

significant than that of RR_C (Figures 23 and 24). 
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Figure 21. Spectrum of wavelet power of GPP in 2021 (a) and 2022 (b) from May 1st 

to October 31st. Light blue part is the cone of influence (COI) where edge effects might 

distort the picture (95% confidence). White lines denote significant periods (P < 0.05) 

and black line is the ridge of period, representing the general trend of periods. Color of 

significant period indicates the strength of wavelet power. 
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Figure 22. Spectrum of wavelet power of RS in 2021 (a) and 2022 (b) from May 1st to 

October 31st. Light blue part is the cone of influence (COI) where edge effects might 

distort the picture (95% confidence). White lines denote significant periods (P < 0.05) 

and black lines are the ridge of periods, representing the general trend of periods. Color 

of significant period indicates the strength of wavelet power. 
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Figure 23. Spectrum of wavelet power of RR_C in 2021 (a) and 2022 (b) from May 1st 

to October 31st. Light blue part is the cone of influence (COI) where edge effects might 

distort the picture (95% confidence). White lines denote significant periods (P < 0.05) 

and black lines are the ridge of periods, representing the general trend of periods. Color 

of significant period indicates the strength of wavelet power. 
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Figure 24. Spectrum of wavelet power of RR_RF in 2021 (a) and 2022 (b) from May 

1st to October 31st. Light blue part is the cone of influence (COI) where edge effects 

might distort the picture (95% confidence). White lines denote significant periods (P < 

0.05) and black lines are the ridge of periods, representing the general trend of periods. 

Color of significant period indicates the strength of wavelet power. 
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3.5.4 Wavelet cross power of GPP/RS, GPP/RR_C and GPP/RR_RF 

Parameters of wavelet cross power analysis were set at the same as wavelet power 

analysis. Strength of wavelet cross power represents the intensity of synchronize 

change of two time series datasets. For example, significant cross power at a period of 

24 hours represents both two datasets have a diurnal trend and change synchronously, 

but this kind of the common period was not a completely synchronized period and time 

lag (shorter than the common period) might exist between two datasets.  

Overall, GPP had a significant common one-day period with RS and both types of 

RR in each year (Figures 25-27), which indicates that RS and RR were changing 

synchronously with GPP at a one-day period. Compared with cross power between GPP 

and RR_C, power of one-day common period between GPP and RR_RF was stronger 

and more stable especially in 2021 (Figures 26 a and 27a), indicating that RR estimated 

by RF modelling method corresponded to GPP more sensitively than by the 

conventional method. Stronger power of one-day period appeared from June to August 

in all three cross power spectrums, suggesting that correlation between GPP and RS, 

RRs became stronger in summer (Figures 25-27). 
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Figure 25. Spectrum of wavelet cross power of GPP over RS in 2021 (a) and 2022 (b) 

from May 1st to October 31st. Light blue part is the cone of influence (COI) where edge 

effects might distort the picture (95% confidence). White lines denote significant 

common periods (P < 0.05) and black lines are the ridge of common periods, 

representing the general trend of common periods. Color of significant common period 

indicates the strength of cross power. 
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Figure 26. Spectrum of wavelet cross power of GPP over RR_C in 2021 (a) and 2022 

(b) from May 1st to October 31st. Light blue part is the cone of influence (COI) where 

edge effects might distort the picture (95% confidence). White lines denote significant 

common periods (P < 0.05) and black lines are the ridge of common periods, 

representing the general trend of common periods. Color of significant common period 

indicates the strength of cross power. 
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Figure 27. Spectrum of wavelet cross power of GPP over RR_RF in 2021 (a) and 2022 

(b) from May 1st to October 31st. Light blue part is the cone of influence (COI) where 

edge effects might distort the picture (95% confidence). White lines denote significant 

common periods (P < 0.05) and black lines are the ridge of common periods, 

representing the general trend of common periods. Color of significant common period 

indicates the strength of cross power. 
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3.6 Time lag between root respiration and GPP 

3.6.1 Diurnal trend of GPP, RS and RR 

Hourly data of GPP, RS and two RRs, which were averaged from R3, R4, and R5 

chambers, were ensemble-averaged in each month to acquire diurnal variations (Figures 

28 and 29). To reflect the real trend of GPP and RR, data were not de-noised. GPP 

showed a clear diurnal variation with a peak just at noon. Overall, RS showed a similar 

variation to the GPP variation, but the diurnal variation became less significant in July 

and August (Figures 28 c, 28 d and Figures 29 c, 29 d). RR_RF had a similar diurnal 

trend corresponding to RS, while RR_C showed a vague diurnal variation, especially 

in July, August and September in 2021, and in June, July and August in 2022 (Figures 

28 c, 28 d, 28 e and Figures 29 b, 29 c, 29 d). Minus values appeared in both RRs in 

October 2022 (Figure 29 f). As a whole, RS and RR peaked at around 15-18 PM with 

approximately 5-8 hours delay from the GPP peak.  

 

 
Figure 28. Diurnal trend of GPP, RS, RR_C and RR_RF in 2021. Black, red, and blue 

points demote RS, RR_RF, and RR_C, respectively. Hollow points indicate GPP. 
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Figure 29. Diurnal trend of GPP, RS, RR_C and RR_RF in 2022. Black, red, and blue 

points demote RS, RR_RF, and RR_C, respectively. Hollow points indicate GPP. 

 

3.6.2 Time lag estimated by CCF method 

De-noised hourly GPP and two RRs, which were averaged from R3, R4, and R5 

chambers, were used to calculate autocorrelation factors (ACF) (Figures 30-33), and 

the highest ACF in each month was shown in Table 12. 

Objectively speaking, the fitting ability of the cross-correlation function (CCF) 

method was poor, with the highest ACF of only 0.52 (GPP over 2-hour lagged RR_C 

in September 2022, Table 15). Some unnatural results appeared, like the ACF of -0.16 

for RR_RF in August 2021, indicating that GPP was five hours late after RR_RF (Table 

15, Figure 32). It is unnatural for RR to precede GPP. Fitting of CCF was worse 

especially in July and August than in other months in 2021, and fitting in 2022 was 

generally worse than that in 2021; minus lags and negative ACFs commonly appeared 

for RR_RF (Table 15). Overall, however, lags between GPP and RR could be estimated 

to be approximately 3-5 hours using the ACF method, because the lags of 3, 4 and 5 

hours had the highest ACF in common. 
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Table 15. Time lag with the highest ACF in each month 

Month 
Lag of GPP/RR_C a 

(hours) 
ACF b 

Lag of 

GPP/RR_RF a 

(hours) 

ACF b 

2021   

May 4 0.44 5 0.21 

Jun 4 0.36 4 0.33 

Jul −12 0.13 5 0.19 

Aug 8 0.08 −5 −0.16 

Sep 2 0.30 4 0.22 

Oct 4 0.46 6 0.28 

2022   

May 5 0.37 4 0.26 

Jun −5 −0.16 −5 −0.25 

Jul 4 0.21 6 0.32 

Aug 3 0.10 −5 −0.29 

Sep 2 0.52 2 0.22 

Oct 4 0.43 −5 −0.26 

a Lag was set to −12-12 hours. Minus lag indicates RR lead, while positive lag indicates 

GPP lead. 
b ACF ranges from −1 (absolute negatively correlated) to 1 (absolute positively 

correlated). Absolute value of ACF reflects the correlation between GPP and 

lagged RR.  
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Figure 30. ACF of different lags between GPP and RR_C in each month in 2021. 

Positive and negative ACF indicate positive and negative correlations, respectively. 
 

 

Figure 31. ACF of different lags between GPP and RR_C in each month in 2022. 

Positive and negative ACF indicate positive and negative correlations, respectively. 
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Figure 32. ACF of different lags between GPP and RR_RF in each month in 2021. 

Positive and negative ACF indicate positive and negative correlations, respectively. 
 

 
Figure 33. ACF of different lags between GPP and RR_RF in each month in 2022. 

Positive and negative ACF indicate positive and negative correlations, respectively. 
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3.6.3 Time lag estimated by wavelet phase difference method 

Valid hourly instant lags with a significant wavelet cross power (P < 0.05) were 

extracted from the results of wavelet cross power analysis (3.5.3) in a one-day period 

and averaged daily to calculate daily means (Table 16, Figure 34). In theory, time lag 

between GPP and RR should be stable in a relative short-term time window if the 

ecosystem was not disturbed, which could be reflected in lags between GPP and RS, 

RR_RF in Table 16. Compared with RR_C, lags for RR_RF was relatively stable at 

around 5 hours in two years while lags for RS was around 6.5 hours. The lag for RR_C 

showed a significant annual variation (P < 0.001) with the seasonal means of 1.83 ± 

5.85 hours in 2021 and 4.11 ± 4.10 hours in 2022; the interannual difference of 2.23 

hours was much larger than that for RR_RF (0.42 hour) or RS (0.31 hour). In addition, 

lags were minus in July and August 2021 for RR_C, suggesting that the result for RR_C 

was unreliable (Figure 34 b). Significant seasonal variation appeared in lags between 

GPP and RR (P < 0.05, Table 16), but the seasonal variation was a bit inconsistent 

between two years; the shortest lag (3.59 ± 4.35 hours) appeared in June in 2021 for 

RR_RF, whereas it increased to 6.71 ± 4.41 hours, the second longest lag, in 2022 (Table 

16). Compared with lags for RR_RF, that for RR_C was significantly shorter by 72.4% 

in 2022 even without minus lags. Significant seasonal variation appeared in lags of 

GPP/RS in 2021 (P < 0.05), but not showed in 2022 (P > 0.05, Table 16), indicating 

that time delay between GPP and soil respiration basically kept stable in two years 

(Figure 34 a). Significant seasonal variation (P < 0.05) of the lag of GPP/RR_RF 

suggests that lag between GPP and root respiration changed according to season 

changes, but insignificant interannual variation (P > 0.05) indicates the delay of root 

respiration to GPP kept stable in different years (Table 14). 
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Table 16. Lags extracted from one-day period with significant wavelet cross power 

(mean ± SD) a 

Month 
Lag of GPP/RS b 

(hours) 

Lag of GPP/RR_C b 

(hours) 

Lag of 

GPP/RR_RF b 

(hours) 

2021  

May 5.65 ± 2.66 6.36 ± 2.55 5.28 ± 4.73 

Jun 5.63 ± 1.98 3.06 ± 1.45 3.59 ± 4.35 

Jul 7.05 ± 4.34 −5.55 ± 5.15 5.22 ± 6.08 

Aug 7.05 ± 4.56 −0.95 ± 5.55 5.72 ± 5.79 

Sep 7.16 ± 1.60 1.80 ± 5.21 4.55 ± 3.20 

Oct 7.79 ± 1.10 6.42 ± 2.68 7.81 ± 1.76 

Mean c 6.72 ± 3.10 1.83 ± 5.85 5.35 ± 4.71 

P d  0.032 < 2e-16 0.015 

2022  

May 5.52 ± 1.73 5.57 ± 2.15 4.47 ± 4.32 

Jun 6.75 ± 1.36 5.59 ± 3.14 6.71 ± 4.41 

Jul 7.77 ± 1.44 4.53 ± 3.94 8.28 ±1.45 

Aug 6.16 ± 6.46 1.83 ± 6.30 4.33 ± 6.16 

Sep 7.23 ± 1.83 2.75 ± 1.62 4.45 ± 2.99 

Oct 4.80 ± 6.83 4.06 ± 4.21 1.38 ± 4.38 

Mean c 6.41 ± 4.06 4.11 ± 4.10 4.93 ± 4.69 

P d 0.055 < 2e-16 < 2e-16 

2-y Mean  6.56 ± 3.58 2.97 ± 5.00 5.12 ± 4.70 

P d 0.413 < 2e-16 0.459 

a Significance level of wavelet cross power was set at 0.05 (P < 0.05). 
b Daily lags were averaged from instant hourly lags. 
c One-way ANOVA within the treatment (n = 3, Chambers R3, R4, and R5). 
d t-test between mean daily lags of GPP/RS, GPP/RR_C and GPP/RR_RF in 2021 and 

2022 (two-tailed). 
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Figure 34. Mean daily lags of GPP/RS (a), GPP/RR_C (b) and GPP/RR_RF (c) in two 

years (from May 1st to October 31st). Mean daily lags were averaged from hourly instant 

phase differences with significant wavelet cross power (P < 0.05) and selected period 

was one day (24 hours). 
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3.7 Time lags estimated based on temperature-normalized RS and RR 

To exclude the effect of soil temperature on correlation between GPP and RS, RR, 

hourly RS and RRs from chamber R3, R4 and R5 were normalized using Eq. (9), 

respectively, and then normalized RS and RRs were averaged to estimate time lags of 

GPP/RS, GPP/RR_C and GPP/RR_RF using wavelet cross power analysis and phase 

difference method (see 3.5 and 3.6). Since CCF method had a poor performance in 

estimating time lags between GPP and RR (see 3.6.2), normalized data would not be 

fitted using CCF method. 

 

3.7.1 Diurnal trend of normalized RS, RR_C and RR_RF 

After normalization, RS and RR almost lost diurnal trend. Only in May and 

October, normalized RS showed a typical diurnal trend, which corresponded to GPP 

roughly in each (Figures 35 a, 35 f and Figures 36 a, 36 f). Compared with normalized 

RR_RF, normalized RR_C had a more insignificant diurnal variation and showed a 

nearly flat trend at a daily scale (Figures 35 and 36). This result suggested that the 

diurnal trend of RS and RR might be mainly controlled by soil temperature. 
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Figure 35. Diurnal trend of GPP, normalized RS, RR_C and RR_RF (at base soil 

temperature of 15 °C) in 2021. Black, red, and blue points demote normalized RS, 

RR_RF, and RR_C, respectively. Hollow points indicate GPP. 
 

 
Figure 36. Diurnal trend of GPP, normalized RS, RR_C and RR_RF (at base soil 

temperature of 15 °C) in 2022. Black, red, and blue points demote normalized RS, 

RR_RF, and RR_C, respectively. Hollow points indicate GPP. 

 



69 
 

3.7.2 Time lags estimated based on soil temperature normalized data  

Time lag between GPP and RS, RR calculated based on normalized data was 

shown in Table 17 and Figure 37. Compared with unnormalized data, lags of 

GPP/normalized RS and GPP/normalized RR_C showed more minus values from June 

to August in 2021, and July, August in 2022 (Table 17, Figure 37), which made the 

results unreliable. Lags between GPP and normalized RR_RF were slightly higher 

credibility, but minus values still commonly appeared in June, July and August in 2021 

(Table 17). Both significant interannual variation between two years and seasonal 

variation within each year emerged in lags of GPP/RS, GPP/RR_C and GPP/RR_RF, 

which was unreasonable. This result also suggested that soil temperature was the main 

regulating factor even for root respiration in Tomakomai site because that time lag 

between GPP and root respiration (expected to keep stable) changed frequently at short-

and-long-term scale when impacts from soil temperature were excluded. 
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Figure 37. Mean daily lags of GPP/normalized RS (a), GPP/normalized RR_C (b) and 

GPP/normalized RR_RF (c) in two years (from May 1st to October 31st). Mean daily 

lags were averaged from hourly instant phase differences with significant wavelet cross 

power (P < 0.05) and selected period was one day (24 hours). 
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Table 17. Lags extracted from one-day period with significant wavelet cross power 

(mean ± SD) a 

Month 

Lag of 

GPP/normalized RS b 

(hours) 

Lag of GPP/normalized 

RR_C b 

(hours) 

Lag of 

GPP/normalized 

RR_RF b 

(hours) 

2021  

May 5.80 ± 5.76 4.86 ± 5.67 4.25 ± 6.64 

Jun −1.33 ± 7.44 −0.50 ± 3.41 −0.13 ± 6.77 

Jul −9.33 ± 1.99 −7.05 ± 1.98 −6.37 ± 6.99 

Aug −7.88 ± 5.86 −3.87 ± 5.19 −0.30 ± 8.23 

Sep −3.17 ± 9.29 −1.62 ± 5.71 2.30 ± 6.09 

Oct 7.87 ± 4.87  5.70 ± 3.87 7.07 ± 5.44 

Mean c −1.47 ± 8.91 −0.37 ± 6.37 1.15 ± 7.90 

P d  < 2e-16 < 2e-16 < 2e-16 

2022  

May 5.72 ± 3.54 6.26 ± 2.52 3.93 ± 4.72 

Jun 3.00 ± 8.66 3.76 ± 6.87 1.03 ± 8.28 

Jul −2.75 ± 9.68 −0.43 ± 6.65 7.23 ± 5.97 

Aug −4.18 ± 9.08 −6.44 ± 3.36 0.44 ± 7.63 

Sep 7.00 ± 5.94 0.17 ± 4.46 4.35 ± 3.73 

Oct 1.69 ± 8.39 4.00 ± 4.64 2.51 ± 4.33 

Mean c 1.71 ± 8.76 1.21 ± 6.47 3.26 ± 5.35 

P d < 2e-16 < 2e-16 < 2e-16 

2-y Mean  0.13 ± 8.88 0.47 ± 6.38 2.66 ± 7.06 

P d 0.001 0.019 0.005 

a Significance level of wavelet cross power was set at 0.05 (P < 0.05). 
b Daily lags were averaged from instant hourly lags. 
c One-way ANOVA within the treatment (n = 3, Chambers R3, R4, and R5). RS, 

GPP/RR_C and GPP/RR_RF in 2021 and 2022 (two-tailed). 
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4. Discussion 

4.1 Soil carbon flux 

4.1.1 Seasonal variation of soil carbon flux  

The soil CH4 uptake rate and CO2 emission rate showed clear seasonal variations 

according to the seasonality of WFPS and soil temperature, respectively (Figures 5, 6, 

8, and 12), which are similar to previous studies (Mazzola et al., 2021; Sch¨afer et al., 

2012; Sakabe et al., 2016; Lang et al., 2019; Goodrick I et al., 2016; Fang et al., 2010). 

The peak of CO2 emission appeared at DOY of 220 in two years (early August, Figure 

12) when soil temperature was high. This result agrees with and Lu et al. (2022), who 

reported that CO2 emission rate increases in subsequent hot conditions. Different from 

CO2 emission rate, CH4 uptake rate showed no typical peaks in summer in 2022 

(Figures 8 c and d), which was consistent with seasonal trend of WFPS in 2022 (Figure 

6 c and d), emphasizing the important impact of soil moisture on CH4 uptake (Sakabe 

et al., 2015). Higher mean daily precipitation in range of DOY 200-250 in 2022 led to 

a high soil moisture in this period (see 3.1.2), resulting in a lower CH4 uptake rate.  

 

4.1.2 Spatial variation of soil carbon flux 

Significant spatial variation of the soil CH4 uptake rate and CO2 emission rate 

appeared both among chambers within each treatment and between two treatments 

(Table 8, 9, 11 and 12). Spatial variation between two treatments can be explained by 

the variation of soil properties. Higher porosity in Root chambers ensured a better soil 

aeration which allowed atmospheric CH4 and O2 to enter into the soil and faster CO2 

emission to the atmosphere, leading to the higher soil CH4 uptake rate and CO2 emission 

rate in Root chambers (Table 3). Higher soil moisture measured in Root chambers was 

expected to decrease the soil CH4 uptake rate (Table 6). However, existence of fine 

roots might increase the absorption of soil inorganic N, leading to a decrease in soil 

inorganic nitrogen, decreasing the osmotic stress and toxic inhibition to methanotrophs, 

and then further increasing the methanotrophic gene abundance, thus leading to an 

increase in soil CH4 uptake rates (Jing et al., 2021; Xiong et al., 2024). Nitrogen content 
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shown in Table 3 was the total N content, which showed no significant difference 

between two treatments, suggesting a need to separate total N content into organic and 

inorganic N content in the further study. Overall, the inhibiting effect on soil CH4 uptake 

of high soil moisture in Root chambers was buffered by the promoting effect of the 

existence of fine roots.  

Small-scale spatial variation (also known as “hot spot”) was mainly consistent 

with small-scale variation of soil physical properties (Stoyan et al., 2000; Jordan et al., 

2009). For example, chambers T3 and R4 had the lowest bulk density (T3: 0.621 ± 

0.119 kg m-3, R4: 0.627 ± 0.060 kg m-3) and the highest porosity (T3: 0.767 ± 0.045 m3 

m-3, R4: 0.765 ± 0.028 m3 m-3) in each treatment, indicating these two chambers had 

the best diffusion condition, allowing a higher CH4 uptake rate CO2 emission rate (Table 

2). Additionally, the canopy was also very important for explaining small-scale spatial 

variation of soil carbon dynamics (Penne et al., 2015). Chambers R4 and R5 were 

installed in a woody area with the high canopy (Figure 2), which led to the relative low 

soil temperature among five Root chambers because of shade cover from surrounding 

trees. However, high production in the woody area also increased root biomass in these 

two chambers, which helped increase root respiration in a direct way.  

The automated chamber system provided a high-accuracy continuous 

measurement of soil carbon flux and the soil environment factors of temperature and 

moisture at a small scale, proving an outstanding advantage in explaining the “hot spot” 

phenomenon which was acknowledged as a difficult problem (Boudoire et al., 2018). 

Clear relationship between soil carbon dynamics and environmental variables would 

help to understand feedbacks and interactions between soils and the atmosphere, which 

is important for improving the accuracy of forecasting future global climate change. 

 

4.1.3 Controls on soil carbon flux 

In CH4 models, two water-related factors, O2 diffusion rate and WFPS had a 

similar high relative importance, suggesting that soil CH4 uptake was mainly controlled 

by soil moisture (Figure 10). This result is also consistent with many previous studies 
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(Liu et al., 2019; Xiu-jun et al., 2000; Venturini et al,m 2022; Duan et al., 2022). Higher 

soil moisture decreases the soil air-filled porosity, resulting in low gas diffusion below 

the soil surface (Wu et al., 2010). Therefore, soil moisture has been widely reported as 

the main factor controlling CH4 dynamics in forest soils (Shoemaker et al., 2014; Lohila 

et al., 2016; Lang et al., 2019). Ambient CH4 concentration had a moderately high 

importance and positive influence in both treatments (higher than soil temperature but 

lower than soil moisture, physical properties and root dynamics, Figure 10), 

representing that the supply of atmospheric CH4 to methanotrophs (Subke et al., 2018) 

was a relatively important factor (not a main limited factor) for soil CH4 uptake in this 

study, which means soil in our site had not reached saturated as a CH4 sink. Soil 

temperature is considered an important driver of CH4 dynamics, mainly by stimulating 

microbial activities (Yvon-Durocher et al., 2014; Helbig et al., 2017). Specifically, soil 

temperature has promoting effects on both methanogens and methanotrophs within a 

temperature range, and methanogenesis seems to be more sensitive to changes in soil 

temperature (Koh et al., 2009). Therefore, the final effect of soil temperature on CH4 

flux can be explained as a balance of synergistic and antagonistic effects regulating 

other environmental factors in direct and indirect ways (Feng et al., 2020). In Trench 

chambers, soil temperature showed a positive effect on soil CH4 uptake, while the effect 

of soil temperature was both positive and negative in Root chambers. These different 

results can be explained by the relatively simple environment of bare soil in Trench 

chambers. The activities of methane-oxidizing bacteria were accelerated by the increase 

of soil temperature with low soil moisture, which enhanced CH4 uptake (Balser et al., 

2010). However, promoting effect of increasing soil temperature on soil CH4 uptake 

might be buffered by high soil moisture at a specific temperature range (10-15 °C, 

Figure 11 b). Within this temperature range, the positive effect on methanogens was 

stronger than that on methane-oxidizing bacteria, resulting a negative relationship 

between soil temperature and the CH4 uptake rate in Root chambers. Overall, soil 

temperature had an enhancement on soil CH4 uptake in Root chambers (Praeg et al., 

2017; Benstead et al., 1997). Moreover, some studies also reported that rhizosphere 
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might compete with methanotrophs for diffused soil O2 (Van et al., 2001; Lee et al., 

2011; Chowdhury et al., 2013). Increased soil temperature promoted the growth of fine 

roots, which would lead to an increased activity of rhizosphere, causing a decrease of 

CH4 oxidation efficiency. 

In contrast with CH4 models, soil temperature was the dominating factor 

(contributing for approximately 35% relative importance, Figure 14) in CO2 models in 

both treatments, indicating that soil CO2 emission was almost totally controlled by soil 

temperature. Compared with the complex physical and chemical processes involved in 

the soil-atmosphere CH4 cycle, the soil CO2 cycle mechanism is relatively simple. 

Increase in soil temperature speeds up the decomposition of SOM and the turnover rate 

of fine roots, corresponding to the increase of RH (Hartley et al., 2008; Paré et al., 2006; 

Karhu et al., 2010) and RR (Badraghi et al, 2021; Jian et al., 2022), respectively. 

However, the effects of soil moisture on soil CO2 dynamics are more complicated. On 

one hand, increased soil moisture will decrease the diffusivity, which makes it difficult 

for CO2 to be emitted to the atmosphere. Davidson et al. (2000) reported that RS 

declined significantly in saturated soils. On the other hand, soil microbial oxygen 

utilization efficiency might decrease significantly if the soil moisture decreased to a 

certain low level, resulting in the decrease of RS (Borken et al., 2006). In this study, 

WFPS showed no typical trends in regulating CO2 flux, reflecting the complex 

relationship between soil moisture and soil CO2 dynamics. 

 

4.2 Machine learning models and wavelet analysis 

4.2.1 Accuracy of RF and GBM models 

In this study, the RF algorithm had higher accuracy than GBM models in both CH4 

and CO2 flux prediction (Table 10 and 13), which is consistent with previous studies 

(Abbasian et al., 2022; Ghosh et al., 2021). These two algorithms are both based on 

decision tree models, but many differences exist in dataset re-sampling, tree 

construction and parallel computing (Bentéjac et al., 2021). Compared with GBM, the 

requirements for data quality of RF algorithm are relatively low, and even some outliers 
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can have a positive effect on the model regularization process, making RF algorithm 

widely used in flux estimation and data gap-filling in recent years (Irvin et al., 2021; 

Cui et al, 2021; Kim et al., 2020). For datasets with large standard deviations, like our 

dataset, the RF algorithm is very useful to decrease the estimation error. However, for 

datasets with small standard deviations but large bias, a boosting algorithm might be 

more suitable to effectively reduce prediction bias (Derbentsev et al., 2021; Das et al., 

2022). Higher accuracy of Root models can be explained by the addition of two more 

important explanatory variables of fine root biomass and production. Performance of 

machine learning models is expected to increase with the increase of observations (Bui 

et al., 2020). Trench models had more observations than Root models, but performance 

of Trench models is worse than that of Root models, which indicates that increasing 

observations to improve prediction accuracy has reached a boundary effect. That is to 

say, using more explanatory variables (fine root dynamics used in Root models) would 

be more effective to increase model accuracy than introducing more observations into 

the model in this study (Chen et al., 2020). 

Although RF and GBM modeling showed good performance, there are some 

potential limitations, including robustness, high requirement for data quantity 

(especially for GBM algorithm), data gap-filling, and dependence on feature selection. 

In this study, filling data gaps was avoided to maintain the original data pattern. As a 

result, four long-term data gaps (> a week) probably increased uncertainty in predicting 

the seasonal variation of soil carbon dynamics. In addition, ML approach is a kind of 

black box method with opacity in interpreting the fitted models (Orlenko and Moore, 

2021). Although some useful tools, such as partial dependence plots, Shapley Additive 

exPlanations, feature contribution, have been developed to explain interactions between 

outcomes and variables, ML approach still has limitation to explain the dynamic 

variation of non-stationary data, especially time-series data (Kim et al., 2020; Hu et al., 

2021; Greenwell, 2017; Kim and Kim, 2022). 
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4.2.2 Advantages and disadvantages of wavelet analysis 

As a useful time-series data analysis tool, wavelet provides a detailed examination 

of both high-frequency and low-frequency signals in a given time series data, which is 

very important to capture the detailed changing trends of data at a short-term (diurnal) 

or long-term (seasonal) period (Maraun et al., 2004). In this study, CCF models showed 

poor performance with hourly data (Table 15, Figure 30-33). As a linear model, the 

performance of the CCF model greatly depends on the correlation between two time 

series data (Rehfeld et al., 2011). GPP data had a typical diurnal trend, but the daily 

variation of RS and RR data were not as significant as GPP, resulting in that the simple 

linear correlation method failed to explain the complex corresponding trend changes at 

a high time resolution. In contrast, the wavelet method decomposed seasonal-scale 

hourly datasets into a 24-hour period, which provided a relatively reliable periodic 

pattern to the seasonal dataset. Additionally, the wavelet cross power method, 

combining with the instant phase difference method, provided time lags between GPP 

and RR, which has a great potential to increase fitting accuracy in many models. 

Alternatively, R package “TSLSTM” provides a convenient Long Short-Term Memory 

modelling method, which has been widely acknowledged as a very accurate deep 

learning method in estimating time-series data. However, a very specific parameter 

“tsLag” is needed for this model training, which requires an accurate estimation for 

time lag between target time series data and variables (Paul et al., 2021). 

Main disadvantages of wavelet analysis in this study can be concluded as follows 

(Sleziak et al., 2015; Guo et al., 2022), 

 1) Data Integrity: Wavelet analysis does not allow data gaps, indicating that all gaps 

must be filled before the analysis, which inevitably introduces errors and bias to the 

dataset. Especially for field measurement data, gaps are very common, which 

increases the uncertainty in models. 

2) Selection of wavelet functions: Balance between the time resolution of raw dataset 

and wavelet period, time step, and the method for generating surrogate time series 

directly decide the fitting quality. After several attempts, a 24-hour period in a 
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monthly time scale window was selected in this study. 

3) Detrending of raw data: Abnormal signals have significant impacts on data 

characteristics extraction in wavelet analysis. In this study, although GPP and RR 

data had been de-noised and standardized, few abnormal signals still made the result 

unreliable, especially in RR_C. 

 

4.3 Root respiration 

4.3.1 Separation of soil respiration 

Root respiration mainly comes from root metabolism, which means it is very 

difficult to directly measure RR in the field for a long term. Thus, separating RS has 

become a common indirect method to estimate RR. Conventionally, spatially-mean RR 

is estimated as a difference between mean RS and mean RH measured by a trenching 

method. The conventional method has two disadvantages to separate RS in this study. 

Firstly, the conventional method used the mean CO2 flux from five Trench chambers as 

a common RH of Root chambers, ignoring the spatial variation of RH. However, the 

small-scale spatial variation of soil properties had significant effects on soil carbon 

dynamics in high-time-resolution and small-spatial-scale studies (Comeau et al., 2018; 

Mei-Yee 2023). Secondly, the conventional method requires a high-accuracy 

measurement of soil CO2 flux to avoid unreasonable minus RR appearing in R1 

chamber. Unlike the conventional method, the RF modelling approach took the soil 

properties of each chamber into consideration to estimate RH in each Root chamber, 

resulting in a more reliable performance. Better fitting result with soil temperature and 

GPP proved the reliability of the RF modelling method, which suggests that the RF 

method is applicable to other study sites as a reliable method to estimate RR. 

 

4.3.2 Relationship between GPP and root respiration 

Ecosystem photosynthesis (GPP) has been widely reported to regulate RS in a 

short-term time scale of several hours (Tang et al., 2005, Riveros-Iregui et al., 2007, 

Davidson and Holbrook, 2009; Han et al., 2014), but few studies focused on the 
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relationship between GPP and RR. In general, RS lagged photosynthetic activity on 

hourly scales (Baldocchi et al., 2006; Bahn et al., 2008). In this study, time lag between 

GPP and RS was estimated to be 6.56 ± 3.58 hours (two-year mean daily lag, Table 16), 

which was consistent with previous studies (Liu et al., 2020). Short lags between GPP 

and RS can be explained by two reasons according to the previous studies. Firstly, there 

might be a fast transport of recent photosynthate from the canopy to the soil (Bahn et 

al., 2009; Vargas et al., 2011). High transport rates of assimilates from leaves into roots 

and their subsequent loss in the processes of root respiration have been demonstrated 

by previous laboratory experiments (Gregory and Atwell, 1991; Kuzyakov et al., 2010). 

Secondly, RR may dominate the total RS signal on a diurnal scale during the growing 

season (Vargas et al., 2011), which means diurnal trend of root respiration was the main 

reason for explaining the diurnal trend of soil respiration which matched the diurnal 

trend of GPP in growing seasons. Differently, RR in this study was lower than that of 

RH in our young generating forest (Figure 17) even in summer, which means RS in this 

forest was mainly affected by RH. However, strong cross power between GPP and RS 

appeared in July and August, corresponding to the strong cross power between GPP and 

RR_RF (Figures 25 and 27), indicating that the impact of RR on RS in summer was 

more significant than in other seasons.  

In this study, time lag between GPP and RR estimated by a RF model (5.12 ± 4.70 

hours, two-year mean daily lag, Table 16) was found from wavelet analysis, shorter 

than the lag between GPP and RS. In principle, autotrophic soil respiration is a direct 

consequence of RR, so it is coupled to rates of photosynthesis (Baldocchi et al., 2006). 

Meanwhile, the flux of recent photosynthate supports substantial microbial activity in 

the rhizosphere, which can in turn influence the relative fraction of RH (Cardon et al., 

2002, Tang et al., 2005; Han et al., 2014). However, RR and RH had different sensitivity 

to tree canopy photosynthesis (Hopkins et al., 2013) because they respond to ecosystem 

productivity in different ways. As mentioned above, RS in this study was mainly 

affected by RH, which was more related to abiotic factors (Yu et al., 2015). As a whole, 

the response of RS to GPP might be slowed down by lower response rate of RH to GPP. 
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As a contrast, RR could respond to GPP in a direct and faster way. 

Temperature-normalized data had a poor performance in estimating time lag 

between GPP and RS, RR, which could be explained by that: 1) Poor fitting accuracy 

of CO2 flux to soil temperature. R2 of RR to soil temperature was around 0.5 (Figure 

18), which was hardly to be acknowledged as a precise fitting, leading to the 

normalization of RR was not accurate enough. 2) Some important hidden variables, like 

community structure and functions of soil microorganisms, were ignored in this study. 

When the key factor, soil temperature, was excluded but no other important explanatory 

variables were taken into consideration, poor estimation results based on temperature-

normalized data could be understood. 
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5. Limitation, future plan and conclusions 

5.1 Limitation and future research plan 

Although some important innovations, like developing a reliable Random Forest 

modelling method to estimate heterotrophic respiration and separate soil respiration 

into root respiration and figuring out the relationship between ecosystem gross primary 

production and root respiration, some limitations still exist in this study. First, fitting 

accuracy of soil methane flux and environmental variables were relatively low, which 

indicates some important hidden explanatory variables were not used in the model (e.g. 

litter accumulation). Similarly, soil microorganism activities should also be taken into 

consideration for a more detailed and precise explanation for soil carbon dynamics. 

Second, prediction of heterotrophic respiration using random forest model was not 

accurate enough. Some abnormal minus values still appeared when soil respiration and 

root respiration were low in October. Third, lag between ecosystem productivity and 

soil dynamics should be viewed on a long-term scale, especially the interannual 

variation in a stable and undisturbed ecosystem. A certain degree of randomness might 

exist in the two-year observation data in this study. 

According to the limitations mentioned above, future research plan can be 

concluded as follows: 

1) Increasing quantity of explanatory variables in machine learning models. 

Variables like litter accumulation and soil microorganism activities should be taken into 

consideration. Also, more reliable fitting algorithms should be explored. 

2) Adding regulation and error correction in prediction of heterotrophic respiration. 

In this study, heterotrophic respiration was mainly controlled by soil temperature, which 

was relatively high in October, leading to the overestimation of heterotrophic 

respiration and minus root respiration. If time could be considered as an explanatory 

variable, overestimation of heterotrophic respiration in the end of growing season could 

be corrected. 

3) Maintaining the long-term observation of Tomakomai site for soil dynamics and 

ecosystem energy cycle. Also, a more accurate observation of fine root dynamics should 
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be considered. Root dynamics measured by soil core sampling method might not be 

enough to explain soil carbon dynamics. 

 

5.2 Conclusion 

Based on the automated chamber system measured soil carbon flux data and 

machine learning, wavelet analysis methods, soil carbon dynamics in Tomakomai site 

in 2021 and 2022 can be concluded as follows: firstly, soils in Tomakomai site 

functioned as a net CH4 sink and a CO2 source in 2021 and 2022, and soil CH4 uptake 

rate and CO2 emission rate had a typical spatiotemporal variation which can be 

explained by spatiotemporal variation of soil temperature and moisture. Secondly, main 

controlling factor for soil CH4 uptake and CO2 emission was soil moisture and 

temperature, respectively. Soil temperature had a positive effect on soil CH4 uptake and 

CO2 emission, while soil moisture had a negative effect on CH4 uptake and a 

complicated both positive and negative impact on soil CO2 emission. Existence of fine 

roots significantly improved soil CH4 uptake and CO2 emission. Thirdly, Random 

Forest modelling method had a higher accuracy in predicting CH4 and CO2 flux than 

GBM algorithm. Accuracy of Root models was higher than Trench models, with 

accuracy of CO2 models were higher than that of CH4 models. Fourthly, soil respiration 

was separated using conventional trenching method and RF modelling method. 

Conventional method tended to underestimate root respiration by 15.1%, and RR 

estimated by the conventional trenching method performed worse when fitted with soil 

temperature and gross primary production data than that by RF modelling method, 

indicating RF modelling method was a more reliable method to separate soil respiration. 

Fifthly, GPP and RS, RR data had a typical common diurnal period, indicating that GPP 

changed synchronously with soil respiration and root respiration. In addition, wavelet 

cross power of GPP/RR_RF was more significant and regulated than that of RR_C, 

emphasizing the credibility of RF modelling method in separating soil respiration. Last, 

linear CCF method had a poor performance in estimating time delay between GPP and 

RS, RR. As a contrast, phase difference method extracted time lag between GPP and 
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RS was around 6.5 hours (GPP lead), while lag between GPP and RR was approximate 

5 hours (GPP lead, based on RR estimated by RF modelling method). RR estimated by 

conventional method had a poor performance in estimating time lags. 
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