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Abstract 36 

Ammonia (NH3) is a critical precursor to fine particulate matter (PM2.5) pollution. However, long-37 

term observations at the county scale with high temporal resolution remain scarce. We present a four‑year 38 

(2021–2025) hourly NH3 dataset from 10 monitoring sites across Quzhou County, a typical intensive 39 

agricultural county on the North China Plain. To address missing values caused by instrumental 40 

interruptions, we evaluated three machine learning models and selected XGBoost for data imputation. 41 

The reconstructed dataset reveals that the annual mean NH3 concentration in Quzhou County exhibited 42 

an overall decreasing trend following an initial rise, increasing from 31 ppb in 2021–2022 to a peak of 43 

36.8 ppb in 2022–2023, and subsequently declining to 26.8 ppb by 2024–2025. A persistent north–south 44 

gradient highlights substantial spatial heterogeneity, with mean concentrations ranging from 20.9 ppb at 45 

northern cropland sites to 52.8 ppb at southern livestock hotspots. Temporally, NH3 exhibits a bimodal 46 

seasonal cycle peaking in March and June, and a diurnal maximum between 07:00 and 10:00 local time. 47 

SHAP analysis identified water vapor pressure, air temperature, and wind speed as the primary 48 

meteorological controls. NH3 concentrations were elevated when vapor pressure exceeded 1.03 kPa and 49 

air temperature surpassed 12.4 °C, and were suppressed when wind speed exceeded 1.12 m s⁻¹. This 50 

dataset provides a robust observational foundation for evaluating emission reductions, validating satellite 51 

products, and informing air quality models. 52 

Keywords: Atmospheric ammonia; Machine learning; Spatiotemporal features; Driving factor 53 
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1 Introduction 68 

Ammonia (NH3), the dominant alkaline gas in the atmosphere, is a key precursor of secondary 69 

inorganic aerosols (SIA) and plays an important role in the formation of fine particulate matter (PM2.5) 70 

and haze (Zhang et al., 2017). In China, a series of clean air policies, including the Action Plan on Air 71 

Pollution Prevention and Control (State Council, 2013) and the Action Plan for Continuous Improvement 72 

of Air Quality (State Council, 2023), have substantially reduced emissions of acidic gases such as sulfur 73 

dioxide (SO2) and nitrogen oxides (NOx). However, SIA remains a major component of severe pollution 74 

episodes, and NH3 is central to its formation (Zhai et al., 2021). Consequently, NH3 has become a critical 75 

constraint on further air quality improvements (Liu et al., 2023; Ti et al., 2022). The North China Plain 76 

(NCP), one of China’s most intensive agricultural regions, is also a global NH3 emission hotspot due to 77 

extensive fertilizer use and livestock production (Sun et al., 2025; Zhang et al., 2018). Clarifying the 78 

spatiotemporal patterns of NH3 in this region and their driving mechanisms is therefore essential for 79 

developing effective NH3 abatement and haze mitigation strategies. 80 

Acquiring long-term, continuous NH3 observations is essential for evaluating the effectiveness of 81 

regional emission reductions, yet such records remain difficult to obtain through routine field monitoring 82 

(Liu et al., 2023). Regional NH3 monitoring still relies largely on passive samplers, whose weekly or 83 

monthly resolution cannot resolve rapid responses to diurnal meteorological variations (Lan et al., 2021; 84 

Pan et al., 2018). Although high-frequency active online instruments have been deployed more widely 85 

in recent years, long-term field operation is hindered by their vulnerability to high humidity, power 86 

interruptions, routine calibration requirements, and high maintenance costs. These challenges frequently 87 

result in measurement interruptions and substantial data gaps (Lan et al., 2024; Hua et al., 2024). Robust 88 

missing data imputation strategies are therefore critical for reconstructing continuous NH3 records and 89 

for analyzing the atmospheric dynamics of ammonia (Arnaut et al., 2024). 90 

Long-term, high-resolution NH3 observations remain particularly scarce at the county scale, where 91 

agricultural management and emission-reduction measures are often implemented. Thermal infrared 92 

sounders such as IASI and CrIS, together with satellite-based modeling approaches, have expanded 93 

estimates of surface NH3 concentrations and emissions from regional to global scales (Clarisse et al., 94 

2009; Van Damme et al., 2014; Shephard and Cady-Pereira, 2015; Liu et al., 2022; Ma et al., 2025). 95 

However, these products provide spatial and temporal coverage different from that of continuous surface 96 

https://doi.org/10.5194/egusphere-2026-2742
Preprint. Discussion started: 28 July 2026
c© Author(s) 2026. CC BY 4.0 License.



4 
 

networks: their sensitivity to near-surface NH3 depends on atmospheric thermal conditions, and their 97 

footprints and overpass schedules limit direct assessment of local hourly variability (Shephard and Cady-98 

Pereira, 2015; Liu et al., 2025; Sun et al., 2025). Satellite-derived products also require high-quality 99 

ground observations for evaluation and bias characterization. Dense, long-term ground-based networks 100 

that resolve spatial heterogeneity within mixed crop and livestock systems remain rare. This lack of 101 

reference observations limits the evaluation of satellite products and high-resolution atmospheric models 102 

and the assessment of local emission reduction measures. 103 

In this study, we present a comprehensive, high-resolution NH3 dataset from Quzhou County, a 104 

representative agriculturally intensive county on the NCP characterized by a winter wheat and summer 105 

maize rotation system and intensive livestock production (Feng et al., 2022; Meng et al., 2022). 106 

Leveraging the Quzhou National Agriculture Green Development Environmental Monitoring Platform, 107 

we collected hourly ambient NH3 and meteorological data from 10 ground stations over a continuous 108 

four-year period from 13 May 2021 to 12 May 2025. With sites strategically distributed across areas 109 

dominated by intensive livestock farming, conventional cropland, and mixed land uses, this dense 110 

monitoring network provides the necessary coverage to capture county-scale NH3 variability and to 111 

resolve spatial gradients that are typically missed by sparse regional networks. The combination of high 112 

temporal resolution (hourly) and extended multi-year coverage allows for robust characterization of 113 

diurnal, seasonal, and interannual variability, as well as the identification of meteorological threshold 114 

effects. 115 

The objectives of this Measurement Report were to (1) evaluate machine learning methods for 116 

filling gaps in an hourly NH3 dataset, (2) characterize multiscale spatiotemporal variability across the 117 

county, (3) quantify the contributions and nonlinear threshold responses of key meteorological drivers 118 

using interpretable machine learning, and (4) provide an open dataset for model evaluation, satellite 119 

validation, and local policy assessment. 120 

Providing this dataset addresses the scarcity of high-resolution, long-term NH3 measurements at the 121 

county scale, enabling more robust assessments of emission reduction strategies and advancing the 122 

scientific understanding of NH3 dynamics in one of the world’s most intensively managed agricultural 123 

landscapes. 124 

2 Materials and methods 125 
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2.1 Study area and data collection 126 

Quzhou County, Handan, Hebei Province (114.83°E-115.22°E, 36.58°N-36.95°N), a typical 127 

agriculturally intensive county on the NCP, was selected as the research area (Ren et al., 2025). The 128 

county is topographically flat with a temperate semi-humid continental monsoon climate, characterized 129 

by four distinct seasons and coincident warm and wet periods (Zhang et al., 2025). Winter wheat-summer 130 

maize rotation dominate the cropland, particularly the in the northern areas such as SYZ and WZ, which 131 

represent conventional farmlands without major proximate livestock sources (Meng et al., 2022; Zhang 132 

et al., 2018), and currently, the county sustains highly intensive livestock and poultry production, with 133 

dense breeding activities and intensive organic fertilization concentrated in the southern areas like NLY 134 

(Feng et al., 2022; Meng et al., 2022; Table S1). To capture county-scale NH3 variability, 10 monitoring 135 

sites were established across Quzhou County (Fig. 1).  136 

 137 

Figure 1. Study area, monitoring network, and township-level ammonia emission intensity. (a) Location 138 

of the North China Plain in China and of Quzhou County within the North China Plain. (b) Township-139 

level ammonia emission intensity in Quzhou County (ton km-2 yr-1; Kang et al., 2023a) and the locations 140 

of the 10 monitoring stations (red dots). Station abbreviations: SYZ (Experimental Station), WZ 141 

(Wangzhuang), NLY (Nanliyue), DHD (Dahedao), AZ (Anzhai), BZ (Baizhai), HQ (Huaiqiao), YZ 142 

(Yizhuang), HC (Houcun), and YMY (Yumiaoyuan). 143 

The continuous observations were conducted from May 13, 2021, to May 13, 2025. Detailed 144 

configurations regarding the measured variable, Instrument model, Instrument height, and Sampling 145 
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frequency are summarized in Table 1. Rigorous QA/QC procedures, including monthly calibrations and 146 

regular maintenance. 147 

 148 

Table 1. Summary of instruments and parameters for NH3 and meteorological observations. 149 

Measured variable Instrument model Instrument 

height 

Sampling frequency 

NH3 concentration Model 17i 2.0 m 1 min 

Air temperature  HMP155A 10.0 m 30 min 

Relative humidity HMP155A 10.0 m 30 min 

Wind speed 034E 10.0 m 30 min 

Direction 034E 10.0 m 30 min 

Atmospheric pressure CS106 1.5 m 30 min 

Vapor pressure 
es=0.611×exp (

17.27×T

T+237.3
) 

10.0 m 30 min 

Notes: Observations were conducted from 13 May 2021 – 12 May 2025. All meteorological sensors were 150 

connected to a fully automated CR1000X data logger. Rigorous zero and span calibrations for the NH3 151 

analyzer were performed monthly, alongside regular maintenance. The saturated water vapor pressure 152 

(𝑒𝑠) is automatically calculated based on the temperature. 153 

2.2 Data preparation 154 

To mitigate environmental interference and sensor drift typical of online instruments operating at 155 

high frequencies, we applied rigorous QA/QC procedures before model development. Following the 156 

China Meteorological Administration’s surface observation quality control specifications (China 157 

Meteorological Administration, 2020) and recent agricultural station methods (Zhang et al., 2026), and 158 

considering historical climate extremes and physical boundaries on the NCP (Nishimura et al., 2023), we 159 

performed threshold screening and internal consistency checks (Table S2). A persistence test removed 160 

records where a variable remained constant for six consecutive hours (frozen probe). After QA/QC, the 161 

overall NH3 data missing rate was 17.98%, ranging from 6.88% to 25.88% across stations (Table S1). To 162 

maintain data continuity, missing meteorological observations were imputed using a spatially 163 

coordinated approach (Hasanpour Kashani and Dinpashoh, 2012), calculated as the arithmetic mean of 164 

the current variable from other normally operating stations. Hourly precipitation data missing because of 165 
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rain gauge malfunctions were filled with ERA5-Land total precipitation (Muñoz-Sabater et al., 2021). 166 

ERA5-Land precipitation was extracted from the nearest 0.1° grid cell to each station, converted from 167 

meters to millimeters per hour, and shifted from UTC to China Standard Time. ERA5-Land precipitation 168 

was evaluated against the corresponding rain gauge observations without missing values, yielding an R2 169 

of 0.7, a mean bias of 8.8 × 10−9 mm, an RMSE of 0.12 mm, and an MAE of 0.02 mm (Fig. S4). 170 

To prevent numerical discontinuity at 0° and 360°, wind direction was decomposed into two 171 

orthogonal continuous variables using trigonometric functions (Grange et al., 2018). The conversion 172 

formulas are as follows:  173 

 
WDsin=sin (WD×

π

180
) (1) 

 

 
WDcos=cos (WD×

π

180
)   (2) 

 

Where WD is the original wind direction angle (in degrees), and 
π

180
 is the degree-to-radian 174 

conversion coefficient. WDsin and WDcos represent the sine and cosine components, respectively, both 175 

ranging from [-1, 1] and were used as independent features in the machine learning models. 176 

After QA/QC and gap filling, a feature set comprising meteorological variables (air temperature, 177 

relative humidity, vapor pressure, wind speed, wind direction sine/cosine, atmospheric pressure, 178 

precipitation), temporal variables (year, month, day, hour), and a spatial categorical variable (station ID) 179 

was assembled to reconstruct the hourly NH3 dataset. The meteorological series showed stable seasonal 180 

behavior over the study period: summer was generally warm, humid, rainy, and associated with low air 181 

pressure, whereas winter was cold, dry, and associated with relatively high air pressure (Fig. S1).  182 

2.3 Machine learning development 183 

We evaluated three tree‑based models (Random Forest, XGBoost, and LightGBM) for NH3 gap 184 

filling to capture the complex nonlinear relationships between NH3 concentrations and spatiotemporal 185 

drivers (Geng et al., 2021; Li et al., 2024). Random Forest was used to smooth random noise in the 186 

high‑frequency observations via parallel averaging of multiple decision trees (Breiman, 2001). Its 187 

prediction is given by: 188 

 

ŷ
i
=

1

K
∑ f

k

K

k=1

(xi) 

 

(3) 

where 𝐾  is the number of decision trees, and 𝑓𝑘(𝑥𝑖)  is the prediction from the k-th tree. 189 

Hyperparameters (node splitting randomness, tree depth) were optimized using grid search with 10‑fold 190 
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cross‑validation (Probst et al., 2019). To further enhance robustness against measurement noise, we 191 

applied the extratrees splitting rule, which randomly generates split thresholds to reduce prediction 192 

variance (Geurts et al., 2006). 193 

XGBoost (Chen and Guestrin, 2016) and LightGBM (Ke et al., 2017) are boosting models that 194 

iteratively build trees to correct residual errors. XGBoost incorporates a tree-complexity penalty and L2 195 

regularization into its objective function: 196 

 

Obj= ∑  

n

i=1

l(y
i
,ŷ

i
)+ ∑  

K

k=1

Ω(f
k
) (4) 

 

Ω(f
t
)=γT+

1

2
λ ∑ wj

2

T

j=1

 (5) 

where 𝑙 is the loss function, Ω  is the complexity penalty term, 𝑇 is the number of leaf nodes, 𝑤𝑗  197 

is the weight of leaf node j, 𝛾 is the penalty for each additional leaf, and 𝜆 is the L2 regularization 198 

coefficient applied to leaf weights. Together, these terms constrain model complexity and reduce the risk 199 

of overfitting (Chen and Guestrin, 2016). LightGBM employs a histogram algorithm and leaf-wise 200 

growth for computational efficiency (Ke et al., 2017). Because XGBoost and LightGBM have large, 201 

continuous hyperparameter spaces, we used Bayesian optimization with 10-fold cross-validation (Yang 202 

and Shami, 2020), tuning maximum tree depth (5-20), learning rate (0.01-0.2), maximum leaf nodes (20-203 

50), and minimum data volume (4-8) (Tırınk, 2025; Yang and Shami, 2020). The preprocessed dataset 204 

was randomly split into a training set and a testing set at a ratio of 75:25 (Arnaut et al., 2024; Geng et al., 205 

2021). 206 

2.4 Model interpretability 207 

Although ensemble tree models are well suited to complex nonlinear relationships, their internal 208 

structures are often difficult to interpret (Lundberg et al., 2020; Stirnberg et al., 2021). To improve 209 

interpretability, we applied the SHAP (Shapley Additive exPlanations) method based on cooperative 210 

game theory (Lundberg and Lee, 2017). Using the TreeSHAP algorithm optimized for tree models 211 

(Lundberg et al., 2020), the NH3 concentration predicted by the model can be decomposed into the 212 

marginal contribution values of each input feature. The additive explanation model is as follows: 213 
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f(x)=ϕ
0
+ ∑ ϕ

i

M

i=1

 (6) 

where f(x) represents the model predicted NH3 concentration for the current sample. ϕ
0
 represents 214 

the average baseline prediction value of the model across all samples. M represents the total number of 215 

input features. ϕ
i 
represents the SHAP value assigned to the 𝑖-th feature. Considering the high time cost 216 

of directly calculating Shapley values for the entire high-frequency observation dataset, this study 217 

adopted a spatiotemporal stratified random sampling strategy. 5040 representative samples were 218 

unbiasedly extracted from the test set. This approach maintained the spatiotemporal distribution 219 

characteristics (daily, monthly, and interannual variations, as well as monitoring stations) of the original 220 

data while ensuring the feasibility of SHAP calculations. 221 

At the global level, the mean absolute SHAP value of each feature in the sampled dataset was used 222 

to quantify the relative contributions of spatiotemporal and meteorological drivers to county-scale NH3 223 

concentrations. SHAP dependence plots were then used to examine the local nonlinear effects of key 224 

meteorological variables, especially vapor pressure and air temperature (Stirnberg et al., 2021).  225 

3 Results and discussion  226 

3.1 Machine learning model performance for gap filling  227 

To reconstruct missing hourly NH3 observations, we compared XGBoost, Random Forest, and 228 

LightGBM (Fig. 2). All three models captured the nonlinear structure of the training data well, with 229 

XGBoost performing best (R2 = 0.97, RMSE = 5.65 ppb, MAE = 3.41 ppb). Random Forest yielded 230 

values of 0.89, 11.64 and 5.66 ppb respectively, whereas LightGBM were 0.92, 8.85 and 5.65 ppb. Their 231 

performance diverged more clearly on the independent test set. XGBoost again gave the best overall 232 

result, with R2 = 0.78, RMSE = 14.43 ppb and MAE = 7.5 ppb. LightGBM followed (R2 = 0.74, RMSE 233 

= 15.46 ppb, MAE = 8.58 ppb), while Random Forest also achieved R2 = 0.73 but with slightly larger 234 

errors (RMSE = 16.85 ppb, MAE = 8.59 ppb). These results indicate that the regularization built into 235 

XGBoost improves generalization when the model is trained on multidimensional spatiotemporal 236 

meteorological features (Chen and Guestrin, 2016). 237 

Further analysis combining test set residue reveals significant differences in the error structures of 238 

the models within the extreme value range (Fig. 2). Random Forest tended to overestimate low 239 
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background concentrations and underestimate high peaks; its test set fitted line slope was 0.56 with an 240 

intercept of 13.93, reflecting the tendency of parallel averaging to smooth extremes (Pendergrass et al., 241 

2022). For samples with observed concentrations > 60 ppb (Table S3), the MAE of Random Forest was 242 

as high as 28.52 ppb. LightGBM, by contrast, was more sensitive to local noise under high-frequency 243 

strong fluctuations, likely because of its leaf-wise growth strategy, which can increase the risk of 244 

overfitting (Tırınk, 2025). When observed concentrations exceeded 60 ppb, its maximum residual 245 

reached 406.26 ppb. XGBoost better constrained tree growth through explicit complexity penalties and 246 

therefore remained more stable for extreme values (Chen and Guestrin, 2016). For samples > 60 ppb, its 247 

maximum residual was 387.74 ppb, its MAE was 22.16 ppb, and its R2 was 0.61, all better than those of 248 

the other two models. Overall, XGBoost provided the optimal combination of accuracy, generalization, 249 

and representation of extremes and was therefore selected for missing data imputation and hourly NH3 250 

reconstruction. 251 

 252 

Figure 2. Training set and test set performance of Random Forest, XGBoost, and LightGBM for hourly 253 

NH3 prediction. The top row (a–c) shows training results and the bottom row (d–f) shows test results. 254 

Point color indicates log scale density, black dashed lines are 1:1 reference, and red lines are linear fits. 255 

Each panel reports RMSE, MAE, and R2. 256 

3.2 Spatial heterogeneity and interannual trends of NH3 257 
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Marked spatial differences were observed among stations, showing strong spatial clustering of NH3 258 

pollution in Quzhou County consistent with discrete local sources of contrasting intensity. The southern 259 

NLY site recorded the highest concentrations throughout the study period, increasing from 44.9 ppb in 260 

2021-2022 to 61.4 ppb in 2022-2023, before declining to 53.9 ppb and 51.2 ppb in the following two 261 

years, with a period mean of 52.8 ppb. HC followed a similar but weaker pattern, with annual means of 262 

36.5, 42.2, 45.9, and 33 ppb (Fig. 3). Large intensive livestock farms are densely distributed around NLY, 263 

where continuous microbial degradation of organic nitrogen in manure and rapid enzymatic hydrolysis 264 

of urea in animal urine act as substantial and persistent emission sources (Kang et al., 2023a). HC is 265 

surrounded by farmlands with high fertilization intensity, where the widespread application of 266 

nitrogenous fertilizers triggers rapid hydrolysis and subsequent strong volatilization of gaseous NH3 from 267 

the soil surface (Kang et al., 2023b). Consequently, the elevated background NH3 concentrations at these 268 

southern stations are driven by persistent agricultural nitrogen losses (Feng et al., 2022; Zhang et al., 269 

2018). By contrast, SYZ and WZ consistently exhibited lower concentration. At SYZ, annual means 270 

ranged from 21.2 to 22.4 ppb during the first three years and fell to 17.6 ppb in 2024-2025, yielding a 271 

period mean of 20.9 ppb. Stations such as AZ and YMY also declined to around the regional average in 272 

2024-2025 (Fig. 3). This north-south contrast closely matches the local agricultural land-use pattern: the 273 

south is dominated by intensive livestock and poultry production (e.g., NLY as main hotspots), whereas 274 

the north is characterized mainly by conventional cropland and research experimental fields (Zhang et 275 

al., 2018). 276 

Analysis of the reconstructed dataset reveals an initial increase followed by a decrease in regional 277 

average NH3 concentrations over the four years of observation. The county average rose from 31 ppb 278 

between 2021 and 2022 to a peak of 36.8 ppb between 2022 and 2023, before declining to 31.3 ppb and 279 

26.8 ppb in the subsequent two annual periods (Fig. 3a). This pattern suggests that NH3 pollution peaked 280 

in the middle of the observation period and subsequently weakened. The decline in the final two years 281 

coincides with the period when intensified fertilizer reduction policies and livestock manure management 282 

measures were implemented across the NCP (Liu et al., 2023; Sun et al., 2025). 283 
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 284 

Figure 3. Interannual and spatial variation of NH3 concentrations in Quzhou County from 13 May 2021 285 

to 12 May 2025. (a) Station means for four monitoring years. Green radial bars extend to the county 286 

mean and orange segments show the portion of a station mean above that reference; red dashed arcs and 287 

red values denote the county mean for each period. (b) Township scale annual means for the same four 288 

periods, with open circles marking monitoring sites. 289 

3.3 Seasonal and diurnal cycles of NH3 290 

The spatial heterogeneity described above becomes even clearer at seasonal and monthly scales. 291 

Combined with the peripheral time series panels in Fig. 4 and the seasonal results in the Supplementary 292 

Materials (Fig. S2), the northern region with lower concentration and most conventional agricultural sites 293 

generally exhibit a seasonal pattern with higher concentrations in summer and lower concentrations in 294 

winter. The NH3 concentration in summer was 35.2 ppb, followed by 33.7 ppb in spring, 28.7 ppb in 295 

winter, and 28.1 ppb in autumn. However, seasonal patterns differed significantly in the southern hotspot; 296 

NLY and HC maintained high NH3 levels in autumn and winter. The seasonal average concentrations at 297 

NLY during autumn and winter reached 57.4 ppb and 53 ppb, respectively. This indicates that, beyond 298 

cropland fertilization, intensive livestock and poultry production provides a continuous NH3 source. 299 

Emissions from barn ventilation and prolonged manure storage likely maintain elevated background 300 
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concentrations outside the main fertilization seasons, thereby weakening the typical seasonal pattern 301 

expected for sources dominated by cropland (Feng et al., 2022). 302 

 303 

Figure 4. Monthly NH3 concentrations at the 10 monitoring sites from 13 May 2021 to 12 May 2025. 304 

The central map shows site locations and mean concentrations over four years. Surrounding panels show 305 

monthly means for four monitoring years: 13 May 2021 to 12 May 2022, 13 May 2022 to 12 May 2023, 306 

13 May 2023 to 12 May 2024, and 13 May 2024 to 12 May 2025. Vertical dashed lines separate the 307 

seasonal groups. 308 

At the monthly scale, most stations showed a primary peak in June at 42.4 ppb and a secondary peak 309 

in March at 40 ppb. These two high-value months generally correspond to the topdressing period of 310 

summer maize and the basal fertilization period of winter wheat, while higher temperatures further 311 

enhance NH3 volatilization, together producing a clear bimodal monthly pattern (Sun et al., 2025). 312 

Comparison among observation years also revealed changes in the seasonal cycle (Fig. 4), observations 313 

from 2024 to 2025 are clearly lower during spring and summer at most stations than in the previous three 314 

years. This pattern suggests that recent management practices, such as fertilizer reduction, improved 315 

fertilizer efficiency, and mechanical deep placement, may have weakened the March and June emission 316 
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pulses. By contrast, the sustained elevated concentrations during autumn and winter in the southern 317 

hotspot region did not decline at the same rate, indicating that NH3 control in agriculturally intensive 318 

areas of northern China needs to extend beyond cropland fertilization to include year-round management 319 

of livestock manure (Li et al., 2024). 320 

Hourly observations also revealed a regular diurnal cycle of NH3 (Fig. S3). The county average 321 

diurnal curve showed a distinct early morning peak at 08:00 local time, reaching 42.9 ppb, after which 322 

the concentration declined rapidly through the day to a minimum of 23.1 ppb at 17:00. Rapid near-surface 323 

warming and the evaporation of canopy dew in the early morning likely facilitated the release of NH3 324 

accumulated during the night, driving the elevation of NH3 during the morning hours (Wentworth et al., 325 

2016). In the afternoon, stronger boundary-layer convection and turbulent exchange favored dilution of 326 

near-surface NH3, while at night, as the boundary layer became shallower and temperature inversions 327 

developed, concentrations entered a renewed accumulation phase (Schulte et al., 2021). 328 

3.4 Meteorological controls on NH3 variability  329 

Based on the SHAP global importance analysis of the XGBoost model, we further explored the 330 

driving effects of various variables on NH3 concentration fluctuations in Quzhou County. The results 331 

indicate that spatiotemporal variables and meteorological factors jointly control NH3 variations in the 332 

study area, with spatiotemporal factors (representing the periodicity of emission sources) contributing up 333 

to 59.3% overall. “Day” (20.5%) and “Site” (16%) ranked first and second in global importance, 334 

respectively (Fig. 5a). In the spatial dimension, the high contribution of the site variable is consistent 335 

with the spatial pattern of higher concentrations in the south and lower in the north, indicating that 336 

different underlying surfaces and emission source configurations directly affect local baseline NH3 levels 337 

(Pan et al., 2018). Highly dense breeding areas in the south manifest as persistent intensive point sources 338 

(Kang et al., 2023a), whereas conventional farmlands in the north primarily act as seasonal non-point 339 

sources. This classification aligns with the fundamental emission mechanisms where livestock waste 340 

degradation provides a year-round constant NH3 source, while fertilizer application triggers distinct 341 

seasonal peaks (Feng et al., 2022; Zhang et al., 2018). In the temporal dimension, the “day” feature ranks 342 

first in importance because agricultural activities such as fertilization are not uniformly distributed over 343 

time but are concentrated on specific calendar dates, leading to sharp, predictable peaks in NH3 344 

concentrations (Feng et al., 2022). Combined with the long-term evolution characteristics described, it is 345 
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plausible that measures promoted in the NCP in recent years, such as chemical fertilizer reduction, soil 346 

testing and formulated fertilization, and refined management, may be mitigating the extreme emission 347 

pulses of traditional fertilization seasons (Liu et al., 2023; Sun et al., 2025). 348 

 349 

Figure 5. Global feature importance and meteorological SHAP dependence for the selected XGBoost 350 

model. (a) Relative mean absolute SHAP importance. (b) Dependence plots for vapor pressure, air 351 

temperature, wind speed, relative humidity, atmospheric pressure, precipitation, and wind direction. 352 

Vertical dashed lines indicate estimated response thresholds. 353 

Among the meteorological factors, vapor pressure (15.2%), wind speed (5.9%), and air temperature 354 

(6.2%) were the core variables affecting NH3 concentrations in Quzhou County (Fig. 5a). The SHAP 355 

dependence plots revealed that both thermal and moisture conditions exhibit distinct nonlinear threshold 356 

effects (Fig. 5b). When vapor pressure exceeded 1.03 kPa and relative humidity was within the range of 357 

55.4%-93.6%, the SHAP contribution showed a significant positive increase, indicating that higher 358 

surface water vapor and ambient humidity favor the hydrolysis and volatilization of nitrogenous 359 

components in farmland urea and livestock manure (Ni and Pacholski, 2022). However, when relative 360 

humidity further increased to a saturated state (> 93.6%) or precipitation occurred, NH3 could be 361 

scavenged via wet deposition through dissolution and conversion into particulate ammonium salts, 362 

thereby attenuating gaseous concentrations (Li et al., 2024). Furthermore, the partial dependence 363 

relationship of air temperature exhibited an exponential enhancement trend, with a critical threshold at 364 

approximately 12.4 °C. Beyond this threshold, high temperatures not only enhance the volatilization 365 
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potential of liquid phase ammonium but may also promote the thermal dissociation of semi-volatile 366 

ammonium nitrate and release gaseous NH3, thereby driving up concentration levels during warm 367 

seasons (Huo et al., 2025). 368 

Kinetic transport processes also play a crucial regulatory role in the accumulation and dispersion of 369 

local NH3. The SHAP curve for wind speed demonstrated that light breeze conditions are most favorable 370 

for the accumulation of NH3 near the observation height: moderate turbulent exchange can transport NH3 371 

released near the surface and within the canopy to the monitoring height (Schulte et al., 2021). Once the 372 

wind speed exceeded 1.12 m s−1, its SHAP contribution turned negative, indicating that stronger wind 373 

speeds are often accompanied by more significant advective transport and boundary layer mixing, which 374 

can rapidly dilute local elevated NH3. Combined with the wind rose diagram (Fig. 5b), it can be further 375 

observed that under suitable wind directions and light breeze conditions, NH3 emitted from southern 376 

livestock farms or centralized fertilization areas is more prone to short-distance transport, thereby 377 

intensifying the spatial clustering characteristics of pollution hotspots (Sun et al., 2025; Wang et al., 378 

2025). 379 

4 Conclusions 380 

This Measurement Report presents a comprehensive hourly NH3 dataset spanning four years (13 381 

May 2021-12 May 2025) from 10 monitoring sites in Quzhou County, a representative intensive 382 

agricultural county on the North China Plain. To address missing values caused by instrumental 383 

interruptions, we evaluated three ensemble machine learning models, selecting XGBoost for final 384 

imputation due to its optimal predictive performance (test R2 = 0.78, RMSE = 14.43 ppb, MAE = 7.5 385 

ppb) and robust representation of extreme events. 386 

Analysis of the reconstructed dataset reveals the following key features. The county-averaged NH3 387 

concentration increased from 31 ppb in 2021-2022 to a peak of 36.8 ppb in 2022-2023, then declined to 388 

31.3 ppb and 26.8 ppb in the following two years. A persistent north-south gradient exists, with four-year 389 

site means ranging from 20.9 ppb at northern cropland sites to 52.8 ppb at southern livestock hotspots, 390 

reflecting contrasting land-use types and emission sources. NH3 exhibits a bimodal seasonal cycle with 391 

peaks in June and March, and a distinct early-morning maximum at 08:00 local time. SHAP analysis 392 

identifies vapor pressure, air temperature, and wind speed as the dominant meteorological controls, with 393 
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positive contributions when vapor pressure exceeds 1.03 kPa or temperature exceeds 12.4 °C, and 394 

negative contributions when wind speed exceeds 1.12 m s−1. 395 

The dataset is suitable for evaluating agricultural emission reduction policies, validating satellite 396 

NH3 retrievals (e.g., IASI, CrIS), constraining regional air quality models, and supporting health and 397 

ecosystem assessments. Limitations include the dataset’s specificity to one county and potential 398 

uncertainty in gap-filled values during extended data gaps. Future work should integrate such 399 

observations with emission inventories and chemistry models. 400 
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