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Abstract. Paddy fields serve as a critical methane (CH4) source and carbon dioxide (CO2) sink, playing an essential role in 

terrestrial carbon cycling and greenhouse gas budgets. The effects of atmospheric turbulence on the vertical dispersion of CO2 

and CH4 were investigated in this study, using high-frequency observations over subtropical paddy fields. The pronounced 10 

diurnal variations in surface concentrations and turbulent fluxes of both gases suggest the dominant control of boundary-layer 

turbulent diffusion. Focusing on nocturnal stable conditions, mutual information was introduced to characterize relevant 

nonlinear processes. Turbulence over the paddy fields becomes intermittent when the nighttime wind speed falls below 1.5 m 

s−1. This weak and intermittent turbulence generally leads to the accumulation of CO2 and CH4 near the surface, whereas short 

turbulent bursts promote rapid dispersion, showing strong non-stationarity. Under intermittent turbulence, interference from 15 

submeso motions renders similarity relationships inapplicable for describing the transport of momentum, heat, as well as 

passive scalars (CO2 and CH4). This limitation can be effectively mitigated by removing submeso components from original 

observations. The distinct spectral gap between submeso and turbulent scales indicates the breakdown of energy cascade. As 

submeso energy is confined to its original scale, the energy supply for small-scale turbulence is limited and turbulence becomes 

more stochastic. This study reveals the effects of intermittent turbulence on the vertical diffusion of CO2 and CH4 under 20 

nocturnal stable conditions, but also highlights the challenges in parameterizing such stable-boundary-layer processes. This 

provides new insights for understanding carbon cycling over terrestrial ecosystems. 

1 Introduction 

As typical constructed wetland ecosystems, paddy fields play a critical role in terrestrial carbon cycling and greenhouse gas 

budgets. They act as an important carbon sink by sequestering atmospheric CO2 through photosynthesis during the day, while 25 

releasing CO2 through ecosystem respiration at night. Meanwhile, paddy fields also act as a dominant source of atmospheric 

methane (CH4), accounting for over 37 % of agricultural CH4 emissions (IPCC, 2021; MEE, 2024). Therefore, an in-depth 

insight into the vertical dispersion dynamics of CO2 and CH4 over paddy fields is essential for reliably assessing terrestrial 

carbon cycles and their climatic implications. 
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Atmospheric turbulence governs the vertical exchange of momentum, heat, and substances (e.g., CO2 and CH4) between the 30 

land surface and the atmosphere (Stull, 1988; Foken, 2008; Tang et al., 2016). The Monin–Obukhov similarity theory (MOST) 

was established to describe the turbulent transport processes of various physical quantities under ideal conditions (Monin and 

Obukhov, 1954), and has been widely adopted in numerical atmospheric models (Businger et al., 1971; Jiménez et al., 2012; 

Jason et al., 2023; Tamanna et al., 2026). However, under very weak wind and stable conditions, turbulence becomes weak, 

spatially discontinuous, and temporally non-stationary, which is referred to as intermittent turbulence (e.g., Mahrt, 2014; Yus-35 

Díez et al., 2019; Zhang, 2024). In such regimes, MOST is no longer applicable (Acevedo et al., 2014), which accounts for the 

poor modelling performance in the stable nocturnal boundary layer (Nappo et al., 2014; Wang et al., 2015; Mohammad et al., 

2024). Furthermore, intermittent turbulence is widely acknowledged to modulate land–atmosphere exchange within the very 

stable boundary layer. Typical examples include the continuous accumulation and rapid dissipation of anthropogenic pollutants 

near the surface (Wei et al., 2018; Ren et al., 2021), the downward dispersion of long-range transported dust aerosols (Zhang, 40 

2022), and the vertical mixing of ozone from the residual layer down toward the surface (Salmond, 2005). Over subtropical 

paddy fields, intermittent turbulence is also non-negligible (Zhang et al., 2026). Nevertheless, the mechanisms by which 

intermittent turbulence regulates the vertical dispersion of the key greenhouse gases CO2 and CH4 remain poorly understood, 

thereby motivating this study. 

Turbulent flow is inherently a stochastic and nonlinear system, particularly in the case of intermittent turbulence. Thus, 45 

accurately characterizing intermittent turbulence remains a challenge (Mahrt, 2014). Information theory provides an alternative 

framework for describing the physical features of complex systems (Shannon, 1948, 1949; McGill, 1954), as it does not rely 

on linear assumptions. It has been widely applied in laboratory turbulence research (e.g., Ikeda, 1989). The Kullback–Leibler 

(KL) divergence has been employed to identify the laminar–turbulent transition in pipe flow and non-Gaussian characteristics 

within turbulent boundary layers (Tsuji and Nakamura, 1999; Raj et al., 2025). Shavit and Falkovich (2020) pointed out that 50 

mutual information reflects physical correlations between variables in a given complex system (e.g., turbulent field), and they 

adopted mutual information to quantify information flow between different scales in weak turbulence. On this basis, 

Bahamonde et al. (2023) revealed that a decline in mutual information is generally accompanied by the Gaussianization of 

corresponding variables’ probability distribution. The reliability of the information theory-based method has been well 

validated in laboratory flow experiments, which offers a potential new approach for characterizing intermittent turbulence in 55 

the atmospheric boundary layer. 

Therefore, this study aims to investigate the effects of intermittent turbulence on the vertical dispersion of two major 

greenhouse gases, CO2 and CH4, using high-frequency observations over subtropical paddy fields. The novelty lies in the 

introduction of mutual information to quantify the nonlinear relationships among turbulent intermittency, meteorological 

conditions, and gas concentrations. This study is organized as follows: Section 2 describes the experimental site and data 60 

processing, followed by a brief introduction of methods in Section 3; Section 4 presents the results and discusses them. 

Section 5 presents the conclusions of this study. 
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2 Description of the site and data 

2.1 Experimental site 

The observational data used in this study were collected at the Shouxian National Climatological Observatory (32.44° N, 65 

116.79° E) from 1 to 31 August 2024. The site is located in a prime farmland area in the middle reaches of the Huaihe River 

Basin and is surrounded by extensive, homogeneous paddy fields throughout the observational period. An eddy covariance 

system was installed at a height of 4 m on a 32 m meteorological tower. The system comprises a three-dimensional sonic 

anemometer (CSAT3A, Campbell Scientific Inc., USA), an open-path CO2/H2O gas analyzer (EC150, Campbell Scientific 

Inc., USA), and an open-path CH4 gas analyzer (LI-7700, LI-COR Inc., USA). It measured three-dimensional wind 70 

components, air temperature, and mass concentrations of water vapor, CO2, and CH4 at a frequency of 10 Hz. Mean 

meteorological variables, including air temperature, humidity, and wind vector, were measured at heights of 2, 4, 10, 20, and 

30 m on the tower. In addition, radiation components were monitored by a four-component net radiometer (CNR4, Kipp & 

Zonen, Netherlands). For comparison with local CO2 and CH4 variations, PM2.5 concentrations obtained from a particulate 

matter monitor (GRIMM EDM 180, Durag Group, Germany) were also considered in this study. The variations of PM2.5 75 

concentrations mainly reflect the influence of advection, since anthropogenic emissions in the vicinity of the observation site 

are nearly negligible. 

During the observation period, rice transitioned from the reproductive stage (early to mid-August) to the ripening stage (late 

August). At the reproductive stage, the rice plant height reached approximately 0.9 m with dense foliage, leading daytime CO2 

flux to its annual peak (Duan et al., 2022). Meanwhile, continuous irrigation maintained a ponded water layer of about 0.05 m 80 

on the soil surface. The oxygen-depleted soil environment substantially enhanced CH4 emissions. The combination of these 

factors provides ideal conditions for investigating the vertical dispersion of CO2 and CH4. At the ripening stage, rice leaves 

gradually withered, and field irrigation was discontinued. As the soil surface dried out, CH4 emissions decreased 

correspondingly. 

2.2 Data processing 85 

The raw high-frequency data observed from the eddy covariance system were processed over 30 min intervals using EddyPro 

software (Advanced v7.0.6, LI-COR Inc., USA). The processing procedure mainly involved error flags, despiking (Vickers 

and Mahrt, 1997), double coordinate rotations, Reynolds decomposition, and linear detrending, to obtain Reynolds means and 

fluctuations. Furthermore, the density correction (Webb et al., 1980) is applied to the fluctuations of water vapor, CO2, and 

CH4 concentrations, following Detto et al. (2008). Then, turbulent statistics, including sensible heat flux (H), latent heat flux 90 

(LE), CO2 flux (𝐹CO2
), CH4 flux (𝐹CH4

), momentum flux (𝜏), turbulent kinetic energy (TKE), friction velocity (𝑢∗), temperature 

scale (𝜃∗), specific humidity scale (𝑞∗), CO2 concentration scale (CO2*), and CH4 concentration scale (CH4*) are calculated 

using the eddy covariance method: 

𝐻 = 𝜌𝑎𝑐𝑝𝑤′𝜃′,            (1) 
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𝐿𝐸 = ρ𝑎𝐿v𝑤′𝑞′,            (2) 95 

𝐹CO2
= 𝑤′𝜌CO2

′ ,            (3) 

𝐹CH4
= 𝑤′𝜌CH4

′ ,            (4) 

𝜏 = −𝜌𝑎 (𝑢′𝑤′
2

+ 𝑣′𝑤′
2

)
1/2

,          (5) 

TKE =
1

2
(𝑢′2 + 𝑣′2 + 𝑤′2),          (6) 

𝑢∗ = [(−𝑢′𝑤′)
2

+ (−𝑣′𝑤′)
2

]
1/4

,          (7) 100 

𝑎∗ = −𝑤′𝑎′/𝑢∗, 𝑎 = 𝜃, 𝑞, CO2, CH4,         (8) 

where u, v, and w are along-wind, across-wind and vertical velocity components, respectively; θ, q, 𝜌CO2
, and 𝜌CH4

 are 

potential temperature, specific humidity, CO2 molar density, and CH4 molar density, respectively; 𝜌𝑎, cp, and Lv are air density, 

specific heat capacity at constant pressure, and specific evaporation heat, respectively. The prime and overbar denote the 

turbulent fluctuations and Reynolds means, respectively. The local Obukhov length is calculated as 105 

𝐿 = −θ̅𝑢∗
3/𝜅𝑔𝑤′𝜃′̅̅ ̅̅ ̅̅ ,            (9) 

where 𝜅 is the von Kármán constant (0.4) and g is the gravitational acceleration (9.81 m s−2). The atmospheric stability 

parameter is represented by 𝜁 = 𝑧 𝐿⁄  where z is the measurement height. Additionally, the bulk Richardson number is also 

used to represent atmospheric stability from the perspective of mean meteorological field. It is calculated as follows: 

𝑅𝐵 =
𝑔

𝜃̅
(

𝜃̅2−𝜃̅1

𝑧2−𝑧1
) (

𝑢2−𝑢1

𝑧2−𝑧1
)

2

⁄ ,           (10) 110 

where 𝜃̅1 (𝑢̅1) and 𝜃̅2 (𝑢̅2) are the mean potential temperature (wind speed) at the height of 𝑧1 (i.e., 4 m) and 𝑧2 (i.e., 10 m), 

respectively, and 𝜃̅ is the mean potential temperature at 4 m. 

Specifically, quality controls on the turbulence data were performed in Sect. 4.3. Only the 30 min data records satisfying the 

following criteria were selected for analysis: (a) The atmospheric stability parameter 𝜁 should be less than zero in the daytime 

and greater than zero in the nighttime; (b) For observations of continuous turbulence, friction velocity 𝑢∗ should be greater 115 

than 0.02 m s−1. Meanwhile, the absolute values of CO2 flux, CH4 flux should be greater than 8 μmol m−2 s−1, 0.5 μmol m−2 s−1, 

respectively, to ensure that turbulent fluxes can be well resolved. 

3 Method 

3.1 Hilbert–Huang Transform 

The Hilbert–Huang Transform (HHT) is fully data driven, adaptive without prior assumptions, and local in both physical and 120 

frequency domain (Huang et al., 2008). Its reliability in processing nonlinear and nonstationary signals, such as intermittent 

https://doi.org/10.5194/egusphere-2026-3201
Preprint. Discussion started: 1 September 2026
c© Author(s) 2026. CC BY 4.0 License.



5 

 

turbulence, has been demonstrated by Wei et al. (2016, 2017). In this study, this technique was adopted to decompose the time 

series of fluctuations (i.e., 𝑢′, 𝑣′, 𝑤′, and 𝜃′) into turbulent and submeso parts, and then to quantify the intermittent intensity. 

To perform the HHT, 30 min fluctuations (𝑢′, 𝑣′, 𝑤′ or 𝜃′) are first decomposed into a set of intrinsic mode functions (IMFs) 

with different mean frequencies using the empirical mode decomposition (EMD). The decomposition can be expressed as 125 

follows: 

𝑋(𝑡) = ∑ 𝑐𝑛(𝑡)𝑘
𝑛=1 + 𝑟𝑘(𝑡),          (11) 

where 𝑋(𝑡) denotes the time series of fluctuations; 𝑐𝑛(𝑡) and 𝑟𝑘(𝑡) represent the n-th IMF component and residual term, 

respectively; and k is the total number of IMFs. Then, the second-order Hilbert spectra 𝐿2(𝜔), which correspond to the 

distribution of energy, are calculated by the marginal integration of joint probability density function 𝑝(𝜔, 𝐴) (Huang et al., 130 

2008; Wei et al., 2016): 

𝐿2(𝜔) = ∫ 𝑝 (𝜔, 𝐴)𝐴2d𝐴,           (12) 

where 𝜔 denotes the instantaneous frequency and A is the instantaneous amplitude. According to Zhang et al. (2024), the 

critical frequency is defined as the frequency satisfying the following criteria: (a) Beyond which the spectral slope begins to 

significantly deviate from the Kaimal et al. (1972) spectra model (with a threshold of 0.5 adopted); and (b) the peak value on 135 

the low-frequency side is significantly greater than that of high-frequency side (for which a threshold of 5 was adopted). Based 

on the critical frequency, the original fluctuating time series can be decomposed into turbulent and submeso parts as follows: 

𝑋(𝑡) = ∑ 𝑐𝑛(𝑡)𝑘0
𝑛=1 + ∑ 𝑐𝑛(𝑡)𝑘

𝑛=𝑘0+1 ,         (13) 

where 𝑘0 is the order of the critical mode whose mean frequency is closest to the critical frequency; ∑ 𝑐𝑛(𝑡)𝑘0
𝑛=1  (∑ 𝑐𝑛(𝑡)𝑘

𝑛=𝑘0+1 ) 

represents the sum of IMFs whose mean frequency is higher than (lower than) the critical frequency, corresponding to the 140 

turbulent (submeso) part.  

Applying the above HHT-based decomposition to three-dimensional velocity components, yields the turbulent velocities (𝑢turb
′ , 

𝑣turb
′ , and 𝑤turb

′ ) and submeso velocities (𝑢smeso
′ , 𝑣smeso

′ , and 𝑤smeso
′ ). The velocity scales of turbulent and submeso motions are 

thereby denoted as (Mahrt, 2009): 

𝑉smeso = √𝑢′
smeso
2 + 𝑣′

smeso
2 + 𝑤′

smeso
2 ,         (14) 145 

𝑉turb = √𝑢′
turb
2 + 𝑣′

turb
2 + 𝑤′

turb
2 ,          (15) 

where the subscripts turb and smeso represent the turbulent and submeso parts, respectively. Finally, the local intermittent 

strength of turbulence (LIST; Ren et al., 2019) is calculated by: 

turb

2 2

turb smeso

LIST
V

V V
=

+
,           (16) 

which can be understood as the ratio of turbulent velocity scale to total velocity scale. When LIST approaches one, the 150 

influence of submeso motions is weak, and turbulence is continuous. Conversely, a small value of LIST suggests that 
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turbulence is suppressed by submeso motions and displays intermittency. Following Zhang et al. (2024), a threshold of 0.75 

was adopted to distinguish between intermittent turbulence and continuous turbulence in this study. 

3.2 Fourier spectral analysis 

Using the Fourier transform technique, the time series of a given variable 𝑋(𝑡) is mapped to the frequency domain to derive 155 

its power spectral density distribution: 

𝑆𝑎(𝑓) = 𝜎𝑎
2 ∫ 𝑋

+∞

−∞
(𝑡)𝑒−𝑖2𝜋𝑓𝑡d𝑡,          (17) 

where 𝑓 is the natural frequency, 𝑆𝑎(𝑓) is the power spectral density, and 𝜎𝑎
2 is the variance of the given variable. In this study, 

Fourier spectral analysis is applied to the one-month time series of CO2, CH4, and PM2.5 concentrations at a 30 min resolution, 

as well as to the 30 min time series of fluctuations at a 10 Hz resolution. For the former, the dominant scale (and corresponding 160 

atmospheric physical processes) of each substance concentration can be identified from the peaks of the power spectra. For 

the latter, the turbulence energy spectra are derived, which reveal the microscale characteristics of turbulent structures and the 

modulation induced by submeso motions. 

3.3 Mutual information 

In information theory, information entropy is a measure of the uncertainty of a random variable, representing the average 165 

amount of information required to characterize its statistical properties (Shannon, 1948; McGill, 1954). For a random variable 

X, information entropy is defined as: 

𝐻(𝑋) = − ∫ 𝜌(𝑥) log 𝜌 (𝑥)d𝑥,          (18) 

where 𝜌(𝑥) is the probability density function of the variable X. For a pair of random variables (𝑋, 𝑌), their joint information 

entropy is expressed as: 170 

𝐻(𝑋, 𝑌) = − ∬ 𝜌(𝑥, 𝑦) log 𝜌(𝑥, 𝑦) d𝑥 d𝑦,         (19) 

where 𝜌(𝑥, 𝑦) is the joint probability density function of (𝑋, 𝑌). 𝐻(𝑋, 𝑌) measures the average amount of information required 

to describe the system (𝑋, 𝑌). If the two variables are physically correlated, the sum of their individual entropies is always 

greater than the entropy of the coupled system. The difference between the theoretical maximum information amount of the 

system and its actual information amount (𝐻(𝑋)  +  𝐻(𝑌) −  𝐻(𝑋, 𝑌)), represents the information transmitted and shared 175 

between the two variables; this is known as mutual information 𝐼(𝑋; 𝑌). Similar to information entropy, mutual information is 

also calculated as: 

𝐼(𝑋; 𝑌) = ∬ 𝜌(𝑥, 𝑦) log
𝜌(𝑥,𝑦)

𝜌(𝑥)ρ(𝑦)
d𝑥 d𝑦,         (20) 

From a physical perspective, mutual information reflects the intrinsic nonlinear correlation and mutual constraint between two 

variables (Cover and Thomas, 2006; Bahamonde et al., 2023). Compared with conventional linear correlation metrics, its 180 

advantage lies in requiring no prior assumptions regarding the data distribution. Mutual information between variables can be 

normalized by information entropy as follows: 
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𝐼N =
𝐼(𝑋;𝑌)

√(𝐻(𝑋)𝐻(𝑌))

.            (21) 

Furthermore, mutual information is used to quantify the amount of information transmitted from the current turbulent 

fluctuation (i.e., 𝑢(𝑡)) to its increment 𝛿𝑢 = 𝑢(𝑡 + 𝜏) − 𝑢(𝑡), thereby characterizing the memory and evolution of turbulent 185 

field over a time interval 𝜏: 

𝐼(𝑢;Δ𝑢) = ∬ 𝜌(𝑢, δ𝑢) log
𝜌(𝑢,δ𝑢)

𝜌(𝑢)ρ(δ𝑢)
d𝑢 dδ𝑢,        (22) 

The magnitude of mutual information represents the strength of the nonlinear constraint between the current state and the 

future state of the turbulent field. A larger value indicates that the turbulent field retains more correlation and information over 

time, while a smaller value implies rapid dissipation of temporal correlation and enhanced randomness of the turbulent field. 190 

Furthermore, to compare mutual information at different scales, the time lag 𝜏 is normalized by integral time scale 𝜏0 as 

follows: 

𝜏0 = ∫ 𝑟(𝜉) d𝜉
∞

0
,    (23) 

where 𝜉 is the time lag, and 𝑟(𝜉) is the autocorrelation coefficient of the turbulent fluctuations with a time lag 𝜉. The integral 

time scale 𝜏0 represents the average lifetime of turbulent eddies. 195 

4 Results and discussion 

4.1 Meteorological background and characteristics of substance concentrations 

Figure 1 presents the time series of meteorological variables and the concentrations of CO2, CH4, and PM2.5 over Shouxian 

rice paddy in August 2024. The observation period was divided into three stages according to the temporal variations in CO2, 

CH4, and PM2.5 concentrations. From 1 to 7 August (Stage 1), all three tracers exhibited similar diurnal variations, with higher 200 

concentrations at night and lower values in the daytime. In particular, the variations of CO2 and CH4 concentrations were 

highly consistent (Fig. 1e), with a correlation coefficient of 0.93. From 8 to 19 August (Stage 2), the CO2 and CH4 

concentrations still maintained the diurnal pattern of nocturnal maxima and daytime minima, though their amplitudes gradually 

weakened. In contrast, the diurnal pattern of PM2.5 concentration reversed, with lower concentrations at night and higher during 

the daytime; its concentration peak occurred in the morning. Finally, from 20 to 31 August (Stage 3), asynchronous variations 205 

among the concentrations of the three tracers became more pronounced. The CO2 concentration substantially increased 

(exceeding 450 ppm), accompanied by considerable day-to-day variability. Meanwhile, CH4 concentration decreased markedly 

and exhibited weak diurnal variation. PM2.5 concentration exhibited a periodic variation of 4–5 days with a ramp-like structure, 

which suggests a possible influence of synoptic-scale processes. 
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 210 

Figure 1. Time series of meteorological variables and substance concentrations at the Shouxian rice paddy site in August 2024. (a) 

air temperature (black line) and net radiation (red line), (b) wind speed (black line) and wind direction (red circles), (c) turbulent 

kinetic energy, (d) bulk Richardson number, (e) CO2 (black line) and CH4 (red line) concentrations, and (f) PM2.5 mass concentration. 

In panel (d), the blue and yellow bars represent positive and negative values, respectively. In panel (e), dashed lines denote the 

thresholds of CO2 concentration of 450 ppm. The shaded areas represent nighttime. 215 
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During Stage 1, the concentrations of CO2, CH4, and PM2.5 were mainly regulated by the development of atmospheric boundary 

layer and its internal turbulent activities. After sunrise, as the surface temperature rose, positive buoyancy efficiently generated 

turbulence and promotes boundary-layer growth. These processes provided both dynamic driving and sufficient space for the 

vertical dispersion of the three tracers, leading to a notable decrease in near-surface concentrations (Figs. 1e–f). Conversely, 220 

as land surface radiatively cooled after sunset, negative buoyancy began to dissipate TKE. Combined with light wind 

conditions, for example the nighttime of 3–4 August (Fig. 1b), the shear production of TKE was possibly insufficient to balance 

the consumption by negative buoyancy (Zhang et al., 2026). As a result, turbulence nearly decayed (Fig. 1c), and the vertical 

exchange was greatly suppressed (Mahrt, 2014). Consequently, locally emitted CO2 and CH4, as well as PM2.5, accumulated 

within the surface layer, with peak values exceeding 600 ppm, 10 ppm, and 100 μg m−3, respectively. In Stage 2, nocturnal 225 

wind speed generally increased (Fig. 1b), particularly during 13–18 August, with values above 1.5 m s−1. Stronger nocturnal 

winds sustained turbulent motions, suggested by the smaller bulk Richardson number (Fig. 1d). Vertical exchange between 

layers thereby became feasible. Accordingly, nighttime concentrations of CO2 and CH4 remained at relatively low values (Fig. 

1e), and PM2.5 also stayed at a low background level (Fig. 1f). The diurnal peak of PM2.5 concentrations occurred at 09:00–

10:00, with a slight delay relative to the morning rush hour owing to advection from upstream areas. The concentration 230 

variations in Stage 1 and Stage 2 clearly demonstrate that, distinct from regionally transported PM2.5, the variations in CO2 

and CH4 from local sources and sinks are significantly influenced by boundary-layer processes (e.g., turbulent diffusion). 

In Stage 3, the variations in the concentrations of CO2, CH4, and PM2.5 were further affected by synoptic-scale processes, 

agricultural activities, and biological rhythms. According to meteorological records, precipitation occurred on 27 August, 

consistent with the drops in air temperature and net radiation (Fig. 1a), as well as the wind direction shift (Fig. 1b). Precipitation 235 

promoted the wet scavenging of PM2.5, leading to a concentration decrease of approximately 37 μg m−3 (Fig. 1f). Ramp 

structures were observed on both sides of this concentration drop. Considering its timescale of 4–5 days, the gradual increases 

in PM2.5 concentration are inferred to be linked to continuous transport driven by synoptic circulations. A substantial increase 

in CO2 concentration initially appeared on 22 August, following a shift to southeasterly winds (Fig. 1b). It has been indicated 

that southeasterly winds could transport anthropogenic CO2 from the Yangtze River Delta to the paddy fields (Yang et al., 240 

2025). In addition, rice entered the ripening stage at this time, with leaves senescing and yellowing. Weakened photosynthesis 

reduced the vegetation uptake of CO2, leading to an overall increase in CO2 concentration (Fig. 1e). Furthermore, the depletion 

of field irrigation suppressed the activity of methanogens and simultaneously enhanced the oxidation capacity of 

methanotrophs, leading to a decrease in CH4 concentrations to approximately 3.1 ppm. 
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 245 

Figure 2. (a–c) Power spectral density and (d–f) diurnal variations of (a, d) CO2, (b, e) CH4, and (c, f) PM2.5 concentrations at the 

Shouxian paddy site in August 2024. The red shaded areas highlight the dominant frequencies of each concentration spectrum in 

(a–c). Yellow lines and the shaded areas represent the average concentrations and associated error range (±𝛔) over the entire 

observation period. 

 250 

To elucidate the multi-scale evolution of CO2, CH4, and PM2.5 concentrations during the observation period, Fig. 2 presents 

their power spectral density and average diurnal variations. Distinct dominant peaks appear at the diurnal scale (one cycle per 

day) for both CO2 and CH4 spectra (Figs. 2a–b). In contrast, the peak of PM2.5 spectrum occurs at a lower frequency, 

corresponding to a 5-day cycle, along with a weaker diurnal peak (Fig. 2c). The results agree well with those in Fig. 1, further 

suggesting that over paddy fields CO2 and CH4 concentrations are primarily controlled by boundary-layer processes. Without 255 

local sources/sinks, PM2.5 concentrations are dominated by advective transport, and show weaker dependence on boundary-

layer evolution. On the diurnal scale, both CO2 and CH4 concentrations exhibit a pattern of higher at night and lower during 

the daytime (Figs. 2d–e). Notably, CH4 production becomes more active at night in the late rice growth stage, leading to an 

obvious accumulation of CH4 before sunrise (roughly 06:30). On the other hand, the diurnal peak of PM2.5 concentration occurs 

at approximately 10:00 (Fig. 2f), slightly lagging behind the morning rush hour. This lag is likely attributable to the advection 260 
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of PM2.5 emitted from upwind regions. In addition, the wider error range in the average diurnal cycle of PM2.5 also reflects its 

substantial day-to-day variability. 

To quantify the role of turbulent transport, Fig. 3 shows the mean diurnal variations of TKE, momentum flux, sensible heat 

flux, latent heat flux, CO2 flux, and CH4 flux during the observation period. Generally, all these turbulent statistics exhibit a 

distinct unimodal pattern. During the daytime, driven jointly by positive buoyancy and stronger winds (Fig. 1b), the value of 265 

TKE is larger, peaking at 0.56 m2 s−2 around 14:00 (Fig. 3a). Vigorous turbulence facilitates the vertical transport of energy 

and substance efficiently, and thus turbulent fluxes reach their maximum absolute values around noon. At night, turbulent 

activity weakens and TKE remains at a low level, resulting in suppressed turbulent transport. Owing to frictional effects over 

the rough underlying surface, momentum is transported downward throughout the day, suggested by negative momentum 

fluxes (Fig. 3b). Over the paddy fields, latent heat flux is considerably greater than sensible heat flux, with peak values 270 

approximately 400 W m−2 and 40 W m−2, respectively (Figs. 3c–d). This feature well reflects the partitioning of surface 

available energy over a moist land surface. 

Subtropical paddy fields act as a carbon sink, which is clearly evidenced by the prominent downward transport of CO2 (Fig. 

3e). The average CO2 flux reaches −37.95 μmol m−2 s−1 during the daytime, approximately three times that of semi-arid sparse 

grasslands (Zhang et al., 2023) and twice that of croplands in North China (i.e., Sun et al., 2026). At night, CO2 is released via 275 

ecosystem respiration and transported upward though its magnitude is much smaller, which will be demonstrated in detail in 

Section 4.2. Different from CO2 flux, CH4 flux remains positive throughout the day, indicating that the paddy field serves as 

an efficient CH4 source. The magnitude of CH4 flux is also governed by turbulence intensity. Additionally, the daytime CH4 

flux exhibits a plateau of approximately 0.35 μmol m−2 s−1 rather than a peak, which may be attributed to reduced CH4 

production at noon. Overall, the transport processes induced by vigorous daytime turbulence can be well characterized by 280 

turbulent fluxes. In contrast, the small nighttime flux, which possibly contains large uncertainties associated with intermittent 

turbulence, cannot resolve the underlying physical mechanisms. Accordingly, the occurrence of intermittent turbulence and its 

influences on substance dispersion will be focused on in the next section. 
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Figure 3. Diurnal variations of (a) turbulent kinetic energy, (b) momentum flux, (c) sensible heat flux, (d) latent heat flux, (e) CO2 285 
flux, and (f) CH4 flux at the Shouxian paddy field in August 2024. Yellow lines and shaded areas represent the averaged values and 

associated error range (±𝛔) over the entire observation period. 

 

4.2 Turbulent intermittency and its relations with substance concentrations 

Figure 4 presents the relationships of both turbulence strength 𝑉TKE = √TKE and LIST with wind speed under stable conditions. 290 

It can be found that the hockey‑stick transition (HOST) model proposed by Sun et al. (2012) also observed over paddy fields 

(Fig. 4a). Specifically, under low‑wind‑speed conditions, 𝑉TKE increases slowly with increasing wind speed, referred to as 

weak turbulence regime. In contrast, at high wind speeds, 𝑉TKE increases systematically with wind speed, corresponding to the 

strong turbulence regime. The wind‑speed threshold separating these two regimes is 1.5 m s−1 over the paddy field (Fig. 4a). 

In addition, as mentioned in Section 3.1, a LIST threshold of 0.75 is adopted to distinguish intermittent turbulence from 295 

continuous turbulence. Notably, wind speeds are generally less than 1.5 m s−1 when LIST < 0.75 (Fig. 4b). This correspondence 

implies that weak turbulence within the HOST framework is closely coupled with intermittent turbulence. Wind speed plays 

a critical role in determining turbulent states under stable conditions. Actually, wind‑speed thresholds vary regionally 

depending on land-surface characteristics. For instance, Zhang et al. (2024) reported a threshold of 2.5 m s−1 over desert 

surfaces due to enhanced nocturnal surface cooling. Physically, the wind‑speed threshold can be understood as the critical 300 

value at which turbulence generated by wind shear balances the dissipation caused by negative buoyancy. 
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Figure 4. Relationships between (a) 𝑽TKE = √TKE and wind speed, as well as (b) LIST and wind speed under stable conditions in 

August 2024. Darker colour of scatters denotes higher probability density. In panel (a), the black vertical dashed line marks the 

wind-speed threshold of 1.5 m s−1 separating the two regimes highlighted by the thick red line. In panel (b), the black horizontal and 305 
vertical dashed lines denote the LIST threshold of 0.75 and the wind-speed threshold of 1.5 m s−1, respectively.  

 

To examine the relation between intermittent turbulence and substance concentrations, Fig. 5 shows the proportions of 

intermittent and continuous turbulence across different concentration levels under nocturnal stable conditions. Here, 

intermittent and continuous turbulence are distinguished using the LIST threshold of 0.75. For a given substance, intermittent 310 

turbulence accounts for a larger proportion at its higher concentration levels. This result also indicates that weak, intermittent 

turbulence restricts the vertical dispersion of substances. Moreover, it is notable that CH4 and CO2 concentrations are more 

sensitive to turbulence intermittency than PM2.5, suggested by the higher proportion of intermittent turbulence at high 

concentration levels. This difference is expected because, in addition to intermittent turbulence, high PM2.5 concentrations can 

also be caused by advective transport. The effects of intermittent turbulence on CH4 and CO2 concentrations can be further 315 

demonstrated using detailed cases in Stage 1. As shown in Fig. 6, LIST values are generally below the threshold during 

nighttime periods with wind speeds smaller than 1.5 m s−1, indicating intermittent turbulence. Under such conditions, both 

CO2 and CH4 concentrations are high, particularly on the nights of 4 and 5 August. Despite large-amplitude concentration 

fluctuations (Figs. 6a–6b), efficient vertical transport is inhibited by weak vertical velocity (Fig. 6c). Nevertheless, several 
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noteworthy exceptions are observed. For instance, there is a noticeable decrease in both CO2 and CH4 concentrations on the 320 

night of 4 August (Figs. 6a–b). In the meantime, LIST rises above the threshold (Fig. 6d), indicating a short recovery of 

turbulence. The transition from quiescent turbulence to short bursts without wind speed exceeding its threshold, is likely 

attributable to interactions between submeso motions and weak turbulence (e.g., Sun et al., 2015a; b). The breakdown of 

submeso motions supplies energy for turbulence recovery. Following the short recovery of turbulence, surface CO2 and CH4 

are rapidly dispersed upward, corresponding to the enhanced fluctuations in both CO2/CH4 concentrations and vertical velocity 325 

(Figs. 6a–c). This potential physical process is further supported by the drops in CO2 and CH4 concentrations, together with 

elevated LIST (Fig. 6d) at 00:30 and 04:30 on the night of 5 August. Overall, combining the evidence from Figs. 5 and 6, 

intermittent turbulence generally suppresses the vertical dispersion of CO2 and CH4, yet short turbulent bursts can induce their 

rapid diffusion. 

 330 

Figure 5. Proportions of intermittent (orange) and continuous (dark blue) turbulence across different concentration levels for (a) 

CO2, (b) CH4, and (c) PM2.5 under stable conditions at the Shouxian paddy field in August 2024. 
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Figure 6. Time series of (a) CO2 concentration (orange solid line) and its fluctuations (black solid line), (b) CH4 concentration (orange 335 
solid line) and its fluctuations (black solid line), (c) vertical velocity fluctuations, (d) turbulent velocity scale (dark blue dashed lines), 

submeso velocity scale (black solid line), and LIST (orange solid line with dots), as well as (e) wind speed during the Stage 1. The 

orange dashed line in panel (d) and black dashed line in panel (e) represent the LIST threshold of 0.75 and the wind-speed threshold 

of 1.5 m s−1, respectively. The shaded areas represent nighttime. 

 340 
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Based on mutual information, the occurrence of intermittent turbulence and its effects on substance concentrations are further 

corroborated. Figure 7 ranks the normalized mutual information between LIST and meteorological variables (e.g., wind speed, 

air temperature, and specific humidity), as well as the concentrations of CO2, CH4, and PM2.5. The normalized mutual 

information between LIST and wind speed is the highest among all variables, which is highly consistent with Fig. 4. That is, 

mechanical forcing is a key driver of nocturnal turbulence. In contrast, other meteorological variables (i.e., air temperature and 345 

specific humidity) exhibit weak nonlinear correlations with LIST, demonstrating their negligible influence on the occurrence 

of intermittent turbulence. Among the three substances, CH4 concentration yields the highest mutual information with LIST 

(with a value of 0.327), followed by CO2 and PM2.5. This ranking agrees well with the results in Fig. 5, implying that CH4 and 

CO2 concentrations are strongly associated with turbulence intermittency under nocturnal stable conditions. 

 350 

Figure 7. Normalized mutual information between LIST and meteorological variables (wind speed WS, air temperature 𝑻air, and 

specific humidity q), as well as the concentrations of CO2, CH4, and PM2.5 at the Shouxian paddy field in August 2024. 

 

4.3 Performance of similarity relationships and its improvement 

Figure 8 presents the normalized standard deviations of wind components (𝜎𝑢 𝑢∗⁄  and 𝜎𝑤 𝑢∗⁄ ) and potential temperature 355 

(𝜎𝜃 |𝜃∗|⁄ ) as a function of atmospheric stability parameter 𝜁. Under near-neutral conditions, 𝜎𝑢 𝑢∗⁄  and 𝜎𝑤 𝑢∗⁄  approach 

constant values of 2.48 and 1.15, respectively (Figs. 8a–d). These values fairly reflect the underlying surface characteristics of 

subtropical paddy fields. They are slightly larger than those of grassland due to taller vegetation, much smaller than those 

within urban canopy layer owing to lower roughness, and comparable to those over flat topography (Table 1). As atmospheric 

stability/instability increases, both 𝜎𝑢 𝑢∗⁄  and 𝜎𝑤 𝑢∗⁄  gradually increase for continuous turbulence. Their variations with |𝜁| 360 

well follow the expected +1/3 power law, as shown by the black dashed lines in Figs. 8a–d. The corresponding fitting functions 
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are proposed as follows: 𝜎𝑢 𝑢∗⁄ = 2.48(1 − 0.07𝜁)1/3  and σ𝑤/𝑢∗ = 1.15(1 − 0.04ζ)1/3  for unstable conditions, and 

𝜎𝑢 𝑢∗⁄ = 2.48(1 + 0.04𝜁)1/3 and 𝜎𝑤 𝑢∗⁄ = 1.15(1 + 0.02𝜁)1/3 for stable conditions, respectively. However, for intermittent 

turbulence, 𝜎𝑢 𝑢∗⁄  shows much higher and more scattered values (red circles in Fig. 8b), which considerately deviate from the 

aforementioned fitting functions. This discrepancy explicitly demonstrates the breakdown of similarity relationships under the 365 

prevalence of submeso motions. Furthermore, 𝜎𝑤 𝑢∗⁄  values for intermittent turbulence are lower than those predicted by 

similarity theory. This is mainly because submeso motions are quasi-horizontal (Mahrt, 2014; Zhang et al., 2024). They 

generally enhance horizontal velocity fluctuations (and thus increase 𝑢∗) while exerting little influence on vertical velocity 

fluctuations, resulting in reduced 𝜎𝑤 𝑢∗⁄ . After removing submeso components from the originally observed signals (Section 

3.1), 𝜎𝑢 𝑢∗⁄  and 𝜎𝑤 𝑢∗⁄  for the reconstructed turbulence fall back within the range described by similarity relationships (orange 370 

circles in Figs. 8b and 8d). 
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Figure 8. Normalized standard deviations of (a, b) along-wind velocity component 𝝈𝒖 𝒖∗⁄ , (c, d) vertical velocity component 𝝈𝒘 𝒖∗⁄ , 

and (e, f) potential temperature, 𝝈𝜽 |𝜽∗|⁄  as a function of atmospheric stability parameter 𝜻. Blue, red, and orange circles denote the 

samples of continuous, intermittent, and reconstructed turbulence, respectively. Only continuous turbulence is considered here 375 
under unstable conditions for comparison. Black dashed lines represent the fitting functions proposed for continuous turbulence, 

whose mathematical expressions are provided in the text. 

 

Table 1. Normalized standard deviations of wind components under near-neutral conditions over different surface types. 

Site Case Study 𝜎𝑢 𝑢∗⁄  𝜎𝑤 𝑢∗⁄  

Flat topography Panofsky and Dutton (1984) 2.45 1.25 

Grassland Zhang et al. (2001) 2.29 1.18 
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Urban canopy layer Ren et al. (2018) 3.35 1.57 

Gobi Desert Zhang et al. (2001) 2.62 1.22 

Paddy field This study 2.48 1.15 

 380 

For 𝜎𝜃 |𝜃∗|⁄ ，the values decrease with increasing |𝜁| under unstable conditions (Fig. 8e), closely following −1/3 power law. 

Multiple functional forms have been proposed in previous studies depending on underlying-surface conditions, such as 

𝑎(−𝜁)
−1/3

 (Hicks, 1981) and 𝑎(1 − 𝑏𝜁)
−1/3

 (De Bruin et al., 1993). In this study, the latter form was adopted based on 

optimal fitting performance, yielding 𝜎𝜃 |𝜃∗|⁄ = 2.67(1 − 0.17𝜁)−1/3  for unstable conditions. Under stable conditions, 

𝜎𝜃 |𝜃∗|⁄  shows a weak increase with the increase of 𝜁, and the fitting function 2.67(1 + 0.02ζ)1/3 is proposed for continuous 385 

turbulence. Notably, the observed 𝜎𝜃 |𝜃∗|⁄  values are higher than the aforementioned fitting curves under near-neutral 

conditions (Figs. 8e and 8f) because 𝜃∗ approaches zero under near-neutral conditions. Furthermore, deviations from similarity 

theory for intermittent turbulence and the recovery for reconstructed turbulence are confirmed for 𝜎𝜃 |𝜃∗|⁄  under stable 

conditions (Fig. 8f). Fig. 9 shows the normalized standard deviations of water vapor (𝜎𝑞 𝑞
∗

⁄ ), CO2 (𝜎CO2
CO2∗

⁄ ), and CH4 

(𝜎CH4
CH4∗

⁄ ) as a function of 𝜁 . Only samples of continuous turbulence are displayed here, given that intermittent and 390 

reconstructed turbulence exhibit similar behaviours to those shown in Fig. 8. Overall, 𝜎𝑞 𝑞
∗

⁄ , 𝜎CO2
CO2∗

⁄ , and 𝜎CH4
CH4∗

⁄  vary 

with 𝜁 in a manner analogous to 𝜎𝜃 |𝜃∗|⁄ , with identical functional forms. Specifically, these passive scalars follow the −1/3 

power law under unstable conditions and the +1/3 power law under stable conditions. The corresponding fitting functions are 

expressed as: 

𝜎𝜃

|θ∗|
= {

2.67(1 − 0.17ζ)−1/3, ζ < 0

2.67(1 + 0.02ζ)1/3, ζ > 0
          (24) 395 

𝜎𝑞

|𝑞∗|
= {

2.22(1 − 0.03ζ)−1/3, 𝜁 < 0

2.22(1 + 0.10𝜁)1/3, 𝜁 > 0
          (25) 

𝜎CO2

|CO2∗|
= {

2.95(1 − 0.56ζ)−1/3, 𝜁 < 0

2.95(1 + 0.02𝜁)1/3, 𝜁 > 0
          (26) 

𝜎CH4

|CH4∗|
= {

8.71(1 − 0.48ζ)−1/3, 𝜁 < 0

8.71(1 + 0.01𝜁)1/3, 𝜁 > 0
          (27) 
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 400 

Figure 9. Normalized standard deviations of (a, b) water vapor concentration 𝝈𝒒 |𝒒∗|⁄ , (c, d) CO2 concentration 𝝈𝐂𝐎𝟐
|𝐂𝐎𝟐∗|⁄ , and 

(e, f) CH4 concentration 𝝈𝐂𝐇𝟒
|𝐂𝐇𝟒∗|⁄  as a function of atmospheric stability parameter 𝜻. Only samples from continuous turbulence 

are presented here. Black dashed lines represent the fitting functions, with their mathematical expressions are provided in the text. 

 

From the perspective of Kolmogorov similarity, Fig. 10 compares energy spectra of 𝑢, 𝜃, CO2, and CH4 between continuous 405 

and intermittent turbulence under stable conditions. The spectra of continuous turbulence under unstable conditions are also 

shown for reference. In the inertial subrange, the spectra of continuous turbulence closely follow the −2/3 power law. Both 𝑢 

spectra and 𝜃 spectra show that, the spectral values of continuous turbulence under stable conditions are slightly higher in the 

inertial subrange but distinctly lower in the mid-frequency range compared with those under unstable conditions (Figs. 10a 

and 10b). Meanwhile, spectral peaks shift toward higher frequencies under stable conditions. These characteristics well reflect 410 
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the generally smaller turbulent scales under nocturnal stable conditions. In the energy-containing range, spectral values 

gradually drop as frequency decreases under unstable conditions, while they tend to flatten out at low frequencies for 

continuous turbulence under stable conditions. Notably, the spectra for intermittent turbulence under stable conditions exhibit 

pronounced increases within the low-frequency range and further suppressed magnitudes within a narrowed inertial subrange. 

They correspond to dominant submeso motions and weakened turbulence, respectively. An energy gap exists between the two 415 

regimes. The low-frequency end of the gap represents the minimum scale affected by submeso motions, defined as the critical 

frequency (Zhang et al., 2024). Over the paddy field, the normalized critical frequency is approximately 0.03. With an 

observational height of 4 m, the minimum horizontal scale of submeso motions (i.e., 𝑈 𝑓⁄ ) is roughly 133 m. Such spectral 

signatures are also observed in spectra of CO2 and CH4 (Figs. 10c and 10d), further demonstrating that submeso motions exert 

considerable impacts on their concentration variations during turbulent intermittency, consistent with the results in Fig. 9. 420 

 

Figure 10. Normalized energy spectra of (a) along-wind velocity component, (b) potential temperature, (c) CO2 concentration, and 

(d) CH4 concentration. Blue solid, red dashed, and grey solid lines denote continuous turbulence under stable conditions, intermittent 

turbulence under stable conditions, and continuous turbulence under unstable conditions, respectively. The reference slope of −2/3 

is plotted by black dashed lines. All energy spectra are normalized by variances, and the natural frequency is normalized using the 425 
horizontal wind speed and observation height. 
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The appearance of spectral gap for intermittent turbulence in Fig. 10 suggests a disruption of energy cascade. To further support 

this, Fig. 11 presents the variation of incremental self-mutual information of fluctuations with time lag under stable conditions. 

The time lag 𝜏 is normalized by the integral time scale 𝜏0 which characterizes the lifetime of dominant turbulent eddies. For 430 

all four fluctuation quantities, mutual information is generally smaller at short time lags. This demonstrates that small-scale 

eddies dissipate rapidly, and thus a limited amount of information (i.e., related to energy) is retained. Additionally, intermittent 

turbulence consistently exhibits higher incremental self-mutual information than continuous turbulence for a given time lag. 

The feature becomes more pronounced when 𝜏 𝜏0⁄ > 1, particularly for scalar fluctuations (Figs. 11b–11d). Physically, this 

discrepancy arises from the breakdown of energy cascade for intermittent turbulence (Mahrt, 2014). The information carried 435 

by large-scale motions, such as energy carried by submeso motions, is trapped within its original scale, thereby increasing the 

mutual information values. Moreover, the incremental self-mutual information of along-wind velocity fluctuations (Fig. 11a) 

is obviously lower than that of other three scalars (Figs. 11b–11d). This result implies a lower predictability of horizontal 

turbulent velocity, primarily due to the direct influence of submeso motions on horizontal flow fluctuations. 

 440 

Figure 11. Incremental self-mutual information of (a) along-wind velocity fluctuations, (b) potential temperature fluctuations, (c) 

CO2 concentration fluctuations, and (d) CH4 concentration fluctuations as a function of time lag normalized by the integral time 

scale under stable conditions. Blue solid and red dashed lines denote continuous and intermittent turbulence, respectively. Note that 

the vertical axis ranges differ among panels. 

 445 
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5. Conclusion 

The effects of atmospheric turbulence on the vertical dispersion of CO2 and CH4 were investigated using high-frequency 

observations over subtropical paddy fields. Paddy fields are typical sources of CH4 and sinks of CO2 (while acting as CO2 

sources at night), consistent with the directions of their turbulent fluxes. Both surface CO2 and CH4 concentrations exhibit 

significant diurnal cycles, indicating that they are strongly influenced by boundary-layer processes (i.e., turbulent diffusion), 450 

in addition to the biological activity of rice plants. Special attention was given to nocturnal stable conditions, and mutual 

information was introduced to characterize the relevant nonlinear processes. When wind speed is lower than 1.5 m s−1, 

turbulence becomes intermittent. Under such conditions, both CO2 and CH4 accumulate near the surface, resulting in elevated 

concentrations. Once turbulence temporarily recovers (i.e., during short bursts), surface CO2 and CH4 are rapidly dispersed 

upward, and their concentrations decrease sharply. Mutual information analysis further supports that the occurrence of 455 

intermittent turbulence is strongly controlled by wind speed and exerts a significant influence on CO2 and CH4 concentrations. 

Under intermittent turbulence, classic similarity relationships become invalid for characterizing the transport of momentum, 

heat, as well as the passive scalars CO2 and CH4. This inconsistency is primarily caused by the interference of submeso motions. 

After removing submeso components from the original observational signals, the reconstructed turbulence conforms to the 

framework of similarity theory. Furthermore, the distinct spectral gap between submeso and turbulent scales provides evidence 460 

for the breakdown of energy cascade. Specifically, the information (e.g., energy) associated with submeso motions remains 

confined to its original scales, which limits the energy supply for small-scale turbulence and renders turbulent motions more 

stochastic. This study reveals that the vertical dispersion of CO2 and CH4 over paddy fields is substantially modulated by 

intermittent turbulence under nocturnal stable conditions, and highlights that the considerable challenges remain in accurately 

parameterizing such boundary-layer transport processes. These findings provide new insights into improving the quantitative 465 

evaluation of terrestrial carbon cycling and greenhouse-gas budgets. 
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