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17 Abstract. Plastic film mulching has been extensively used to increase crop yields in arid and semi-arid
18  regions, but it also altered agricultural landscapes and caused severe environmental pollution. Therefore,
19  accurate and timely mapping of plastic-mulched farmland (PMF) distributions is crucial for planning
20  agricultural production and preventing micro-plastic pollution. However, the scarcity of sufficient and
21  representative training samples hinders large-scale supervised classification and extraction of PMF.
22 Additionally, it remains unclear whether a pre-trained classifier can be directly applied to different regions
23 and years for rapid PMF mapping. To address these challenges, we proposed a new framework that
24  simultaneously takes advantages of the automation of index-based method and the generalization ability of
25  supervised classifier-based approach for PMF mapping. Based on the distinctive spectral responses induced
26 by plastic film deployment events, two novel and robust PMF indices—the Max Blue Band-based Plastic-
27 mulched Farmland Index (MBPMFI) and the Blue Band-based Plastic-mulched Farmland Index
28  (BPMFI)—were initially designed to automatically and rapidly extract PMF pixels in cloud-free areas as
29 candidate training samples. Additionally, the transferability of classifiers pre-trained with these
30 automatically generated samples and optimal features was further evaluated in spatial and spatial-temporal
31 transferability scenarios using F1 values. Finally, by coupling the index-based training sample generation
32 method with the temporal classifier transfer approach, PMF distributions were rapidly produced for the
33 Loess Plateau of China (PMF-LP) for 2019-2021. The results showed that the two newly established
34  indices, MBPMFI and BPMFI, were more robust than the existing PMF indices in enhancing PMF
35 information and suppressing complicated backgrounds. The temporal classifier transfer proved suitable for
36  directly and rapidly mapping PMF across multiple years without additional training samples. Using the
37  locally adaptive classifiers as a reference, the average accuracy decrease of the transferred classifiers was
38  less than 7.0% under the temporal transferability scenario. Our mapping framework achieved F1 values of
39  0.80-0.86 in recognizing PMF distributions for the Loess Plateau, highlighting its ability to delineate large-
40  scale spatial patterns of PMF. Additionally, the estimated PMF areas based on the PMF-LP aligned well
41  with the agricultural census data at municipal level (R?> 0.87). The framework developed in this study lays
42 afoundation for future monitoring of PMF distributions and agricultural micro-plastic pollution on a large
43 scale. The full archive of PMF-LP is freely available at https://doi.org/10.5281/zenodo.13369426 (Zhao et
44 al., 2024).
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45 1 Introduction

46 Plastic film mulching has been widely promoted and applied in China since 1978, due to its ability to
47  improve grain crop yields and water use efficiency through conserving water, maintaining soil moisture,
48  and increasing soil temperature (Liu et al., 2014; Sun et al., 2020; Zhao et al., 2023). Over the past 20 years,
49  China has consistently ranked first in the world in terms of the usage and area of plastic film (Yang et al.,
50  2015; Yan et al., 2014). The areas of plastic film mulching in China have increased from 11.0 million ha in
51 2000 to 17.6 million ha in 2020 (Zhang et al., 2022d). However, the extensive application of plastic films
52  has also caused severe environmental issues. Plastic films, mainly composed of polyvinyl chloride, always
53  have residues that are highly difficult to degrade in the soil, leading to severe “white pollution” (Liu et al.,
54  2014; Kumar et al., 2020; Gao et al., 2019). Furthermore, plastic film mulching might have impacts on the
55  regional climates, since the high-reflectivity and gas-tightness of the plastic film can alter the material and
56  energy exchange between the land surface and the atmosphere (Lu et al., 2014; Zhao et al., 2023). Therefore,
57  precise information about the spatial distributions of plastic-mulched farmland (PMF) over large areas is
58  essential for planning agriculture production, mitigating plastic residue pollution, and understanding water
59  and energy cycles in the agroecosystems (Veettil et al., 2023; Kumar et al., 2020).

60 Plastic film mulching data are usually derived from labor-intensive and time-consuming field surveys,
61  and then documented by the statistical yearbooks. However, statistical data often lack accurate information
62  about the locations and distributions of PMF. Benefiting from advances in Earth observation techniques,
63  the quantity and accessibility of remote sensing images have increased, enabling effective large-scale
64  monitoring of agriculture in a cost-effective and timely manner. (Maselli et al., 2020; Weiss et al., 2020;
65  Phiri et al., 2020). In particular, Sentinel-2 satellites launched by the European Space Agency (ESA),
66  provide data with a 10-m spatial resolution and a five-day revisit cycle, facilitating accurate monitoring of
67  the Earth’s surface (Drusch et al., 2012; Chaves et al., 2020). Furthermore, the emergence of cloud-based
68  geospatial processing platforms, particularly the Google Earth Engine (GEE) (Gorelick et al., 2017), has
69  significantly enhanced the processing capabilities of remote sensing data (Tamiminia et al., 2020; Pham-
70  Duc et al., 2023). These advancements have supported the establishment of region- and nation-wide land
71 cover maps, such as the China Land Cover Dataset (CLCD) (Yang and Huang, 2021) for China, and the
72 Annual Crop Inventory (ACI) for Canada (Fisette et al., 2013). However, up to date, PMF has received
73 comparatively less attention than crops, and regional or national PMF maps are rarely publicly available,
74 particularly in China, where has the largest usage and area of plastic film.

75 Most optical satellite-based PMF mapping methods rely on spectral characteristics, as PMF can be
76  easily differentiated from other land cover types during the crop sowing period (Hasituya et al., 2016; Xiong
77  etal., 2019; Zheng et al., 2022). In this period, plastic films are applied to the surface of cultivated lands,
78  resulting in a distinctive bright-white color characteristic for PMF (Lu et al., 2014; Hasituya et al., 2020).

79  Thus, several studies have attempted to mapping PMF based on the unique color and spectral changes
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80  caused by temporal variations in the “plastic film—vegetation—soil” composition (Lu et al., 2015; Xiong et
81 al., 2019; Hao et al., 2019; Fu et al., 2022; Zhou et al., 2023). Additionally, spectral indices derived from
82  images taken during the crop sowing period, such as the Plastic-mulched Landcover Index (PMLI) (Lu et
83 al., 2014) and the Modified Plastic-mulched Cropland Index (mPMCI) (Fu et al., 2022), have been used to
84  recognize PMF. Unfortunately, the time window for PMF recognition is very short (approximately one
85  month) and mainly spans from April to May in northern China (Xiong et al., 2019; Cheng et al., 2023). As
86  a result, obtaining seamless optical images over large areas during this period for index-based PMF
87  mapping is challenging due to the inevitable cloud contamination.
88 Another approach for PMF mapping is machine learning, which exhibits less dependence on images
89  obtained during the crop sowing periods. Owing to the predictive abilities of machine learning, even if a
90  PMF pixel is cloud-contaminated during the crop sowing period, machine learning classifiers can still
91  effectively identify it based on clear-sky images from other times (Zhang et al., 2022¢; Wang et al., 2019;
92  Gao et al., 2023). Thus, machine learning classifiers such as the Random Forest (RF) and Support Vector
93  Machine (SVM) have been widely used for PMF mapping and achieved satisfactory accuracy (Hasituya
94  and Chen, 2017; Lu et al., 2018; Zheng et al., 2022). Additionally, the predictive capabilities of machine
95 learning classifiers combined with multi-temporal satellite observations also facilitated the seamless land
96  cover mapping at regional and national scales (Zhang et al., 2022c; Zhang et al., 2021a; Liu and Zhang,
97  2023). However, implementing machine learning classifiers for large-scale land cover classification,
98  particularly for PMF, remains a significant challenge due to the lack of abundant and representative training
99  samples (Skakun et al., 2017; Foody and Arora, 1997; Wen et al., 2022).
100 To train machine learning classifiers, it is an efficient method to leverage existing land use/cover maps
101  to obtain abundant training samples (Zhang et al., 2022b; Xuan et al., 2023; Zhang et al., 2022a; Zhang and
102 Roy, 2017). Unfortunately, there are no publicly available PMF maps in China, which limits the application
103  of this method. Since the index-based methods can rapidly and automatically identify specific land cover
104  types in areas with high-quality image observations (Deng and Wu, 2012; Zhang et al., 2022c), some
105  researchers have attempted to generate training samples for certain land cover types using index-based
106  methods to address the lack of base maps for training sample generation. Thus, index-based approaches,
107  combined with machine learning classifiers, have been gradually employed for automatic and seamless land
108  cover classification (Zang et al., 2023; Zhang et al., 2022c; Yang et al., 2023). For example, Zhang et al.
109  (2022c) demonstrated that integrating Winter Rapeseed Index-derived training samples with the RF
110  classifier can seamlessly and automatically recognize rapeseed in large cloudy regions. For PMF
111 recognition, most existing PMF indices were established in specific regions in Xinjiang Province, China
112 (Luetal., 2014; Xiong et al., 2019; Hao et al., 2019; Fu et al., 2022). However, different from the large and
113 uniformly structured land parcels in Xinjiang, most regions in China typically have smaller and more
114  scattered land parcels. Thus, the existing PMF indices struggle to distinguish PMF from the complex and

115  fragmented backgrounds in these areas. Therefore, to fully leverage the strengths of index-based methods
4
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116  and machine learning classifiers for automatic and seamless PMF mapping, a more robust PMF index is
117  urgently needed to separate PMF from other land cover types under diverse background conditions.

118 Moreover, classifier transfer, which involves applying classifiers trained in a source domain to
119  accomplish related tasks in a target domain, is also employed to address the scarcity of training samples
120  (Pan and Yang, 2009; Ma et al., 2024). This approach supports more rapid land cover mapping across large
121 scales and multiple years compare to locally adaptive classifiers. Consequently, it has been employed to
122 swiftly identify crop distributions in regions lacking ground reference samples and to retrace the spatial
123 distributions of historical crop types in the same region (Wang et al., 2019; Hu et al., 2022; Orynbaikyzy et
124 al., 2022; Qadir et al., 2024b; Qadir et al., 2024a). However, existing studies predominantly focused on
125  transferring supervised classifiers for crop classification. It remains unclear whether this approach is
126 applicable for the rapid mapping of PMF at large scales. And the factors influencing the accuracy of PMF
127  identification using this method are also unknown.

128 This study aimed to propose a novel framework for the rapid and automatic mapping of PMF
129  distributions across different regions and years at regional scales. Subsequently, we applied this framework
130  to mapping PMF distributions in the Loess Plateau of China from 2019 to 2021. The main objectives were:
131 (1) to automatically generate training samples based on newly proposed PMF indices that can robustly
132 enhance PMF information and suppress background noise under different background conditions; (2) to
133 assess the spatial-temporal transferability of the pre-trained classifiers for PMF mapping and identify the
134  factors that influence the transferability; (3) to rapidly and automatically produce seamless PMF
135  distribution maps (PMF-LP) for the Loess Plateau of China from 2019 to 2021 using the automatically
136  generated training samples and classifier transfer methods; and (4) to validate the accuracy of the PMF-LP

137  with independent ground samples and survey statistics.
138 2 Study area and data
139 2.1 Study area

140 This study identified PMF distributions from 2019 to 2021 in the Loess Plateau (33°43' N-41°16" N,
141 100°54' E-114°33' E) of China. The Loess Plateau covers an area of approximately 6.4 x 10° km?, spanning
142 seven provinces: Qinghai, Gansu, Ningxia, Inner Mongolia, Shaanxi, Shanxi, and Henan (Fig. 1 (a)). This
143  region features diverse topography, with elevations ranging from about 300 meters above sea level in the
144  Guanzhong Plain to 5,000 meters in Qinghai Province (Fig. 1 (b)). According to the Képpen-Geiger climate
145  classification (Beck et al., 2023), the Loess Plateau experiences a warm temperate continental monsoon
146  climate, characterized by hot-rainy summers, and cold-dry winters (Fig. 1 (c)). The mean annual
147  precipitation varies across the region, from 200 mm in the northwest to 800 mm in the southeast, with 60—
148  70% of the total precipitation falling between July and October. The annual evapotranspiration ranges from
149 1,400 to 2,000 mm, and the average annual temperature varies between 3.6°C and 14.3°C (Li et al., 2024;

150  Tangetal., 2018; Li et al., 2012). Plastic-film mulching, an effective field management practice for storing
5
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151  and maintaining soil moisture, is widely used across the Loess Plateau (Fig. 1 (d)~(g)) (Zhang et al., 2022f;
152 Wang et al., 2023). Notably, transparent plastic film predominates in this region, covering about 90% of the
153  total plastic-mulched fields (Lu et al., 2014; Wang et al., 2016; Hasituya et al., 2020). Thus, this study
154  focused solely on farmland mulched with transparent plastic film. To balance the computational cost and
155  the need for adequate training samples, the study area was divided into 32 mapping units based on the
156  municipal administrative boundaries (Fig. S1).

157 Three major crops—maize, potato, and winter wheat—are extensively cultivated in the Loess Plateau.
158  Maize and potato, the primary plastic-mulched crops, are typically sown in mid-April and harvested in late
159  September, with plastic film applied in a short time before and after sowing. Winter wheat is sown in

160  October of the prior year and harvested in late June. Only a very small portion of winter wheat is mulched

161  with plastic film in the study area. The crop calendars for these main crops were illustrated in Table 1.
102° E 105° E 108° E M1°E 114°E

42°N

39°N

36°N

Z | W Cropland layer
& | | Provincial boundary ! :
Typical region 0 200 400 BSk BWk Cwa Dwa

33°N

162
163  Figure 1. Overview of the study area. (a) Location of the Loess Plateau in China, spatial distributions of croplands.

164  Rectangular regions (A~K) are representative mulched regions where high-resolution Google Earth images are available
165  for visual intepretation. (b) Topography across the Loess Plateau. Digital Elevation Model (DEM) with a spatial resolution
166  of 30 m was obtained from the Shuttle Radar Topography Mission (SRTM) (Farr et al., 2007). (c) Kdppen-Geiger climate
167 classification in the Loess Plateau. BSk: arid, steppe, cold; BWk: arid, desert, cold; Cwa: temperate, dry winter, hot summer;
168 Dwa: cold, dry winter, hot summer; Dwb: cold, dry winter, warm summer; Dwc: cold, dry winter, cold summer; and ET:
169  polar, tundra. (d)~(g) Zoom-in views of Google Earth images of plastic-mulched farmland during the mulching stage in
170 2020 for the rectangular regions of A, E, I, and K, resepctively.

6
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171  Table 1.
172 Crop calendars illustrating growing phases of three major crops (i.e., maize, potato, and wheat) in the Loess Plateau of
173 China. The labels “E”, “M”, and “L” denote the early, middle, and last 10-day phases of a month.

0

2 eb A Ap A | Aug (] Ocf 0 De
EIMLIEIMLIEIM[LIEMILIEMLIEMILEMLEMVLEMVLEMLEMLEML

Maize Sowing Seeding Maturity

Potato Sowing Seeding Maiuiity I

Wheat Seeding ; Maturity Sowing Seeding
174
175 2.2 Data

176  2.2.1 Sentinel-2 data

177 The Sentinel-2 satellite, equipped with multispectral instruments, has 13 spectral bands covering
178  visible (10 m/pixel), near-infrared (20 m/pixel), and shortwave-infrared (20 m/pixel) wavelengths (Han et
179  al., 2021; Drusch et al., 2012). Its 5-day revisit cycle at the equator provides high-frequency Earth
180  observation data for monitoring rapid changes on the Earth’s surface (Zhang et al., 2020b). In this study,
181  all available Sentinel-2 surface reflectance (SR) data covering the Loess Plateau from 2019 to 2021,
182  archived in GEE, were employed as input data since SR data are unavailable for this region before 2019.
183  The Sentinel-2 SR products in GEE platform have been pre-processed with radiometric and atmospheric
184  corrections. Considering the growth patterns of plastic-mulched crops (Table 1), Sentinel-2 data were
185  further limited to March to October, and quality assessment (QA) bands were used to mask clouds and
186  cirrus pixels.

187 Given that at least five points were required to fit a second-order harmonic regression curve whose
188  coefficients served as the input variables for the classifiers (Section 3.2), at least five images per pixel were
189  needed. We counted the number of yearly cloud-free images per pixel from 2019 to 2021 (Fig. S2), and
190  found that nearly 100% of the pixels in the study area had more than five observations each year. The mean
191  numbers of cloud-free images per pixel were 46 in 2019, 45 in 2020, and 43 in 2021, respectively. Therefore,

192  the Sentinel-2 time series images provided ample data for the image processing requirements of this study.
193  2.2.2 Cropland mask

194 To simplify the process of PMF mapping and reduce commission errors caused by other land cover
195  types (Zhang et al., 2023; You et al., 2023; You et al., 2021; Defourny et al., 2019), two cropland layers,
196 including the ESA WorldCover 2020 (Zanaga et al., 2022) and the China Land Cover Dataset (CLCD)
197  (Yang and Huang, 2021) of 2020, were overlapped and utilized to exclude non-cropland pixels in this study.
198  The idea to incorporate two different cropland layers was driven by the assumption that relying on a single
199  cropland layer could introduce uncertainties, while combining two layers could generate cropland pixels
200  with a higher confidence level (You et al., 2023). Since the CLCD has a spatial resolution of 30 m, we re-

201  sampled it to a 10-m resolution using the nearest-neighbor method. Given the relatively stable nature of

7
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202  cropland across adjacent years (Gong et al., 2019), we applied the overlapped cropland layer in 2020 to
203  mask Sentinel-2 images for each year from 2019 to 2021.

204  2.2.3 Google Earth high-resolution images (GE-HRIs)

205 Google Earth high-resolution images, sourced from the Google Earth platform, provide satellite and
206  aerial imagery of the Earth’s surface with a sub-meter spatial resolution of 0.6 m, which facilitates sample
207  collection through visual interpretation. Therefore, the GE-HRIs were utilized to assist in obtaining
208  validation samples in this study. Additionally, two representative rectangular regions (20 km x 20 km) with
209  at least one GE-HRI image available during the mulching stage were selected in each province (yellow
210 areas A~K in Fig. 1(a)). The samples interpreted in these rectangular regions (300 PMF/Non-PMF points
211 for each region) were employed to determine optimal thresholds for the newly proposed PMF indices in

212 Section 3.1.2.
213 2.2.4 Agricultural statistics

214 The PMF census data from 2019 to 2021, sourced from municipal-level agricultural statistical offices,
215  were collected to assess the mapped PMF areas. It is noteworthy that plastic film usage in the statistical
216  yearbooks of most cities in the Loess Plateau is quantified in tons. Consequently, in this study, we only
217  obtained statistical data for 12 cities (Fig. S3), where plastic film usage was measured in terms of area.
218  Since these 12 cities account for nearly one-third of the total area of the Loess Plateau, the accuracy
219  assessment of the mapped PMF areas based on the municipal statistical data was considered representative

220  and reliable.
221 3 Methodology

222 The workflow of this study was summarized in Fig. 2. First, cloud-free Sentinel-2 time series data
223 were used to fit harmonic curves, generating feature variables that served as input variables for the
224 classifiers. Next, a temporal signature analysis of various cropland-related land covers was conducted.
225  Distinctive signatures during the mulching period guided the design of PMF indices, which effectively
226  separated PMF from other land cover types. These indices were then employed to identify PMF in cloud-
227  free areas and automatically generate training samples. Third, random forest classifiers were developed to
228  recognize PMF based on the feature variables and the automatically generated training samples. The
229 transferability of these classifiers was then evaluated in terms of temporal and spatial-temporal
230 transferability. Finally, the PMF mapping results were assessed against ground reference samples and

231  statistical PMF area data.
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233 Figure2. Flowchartdepicting the integration of index-based training sample generation and classifier transfer for plastic-
234 mulched farmland mapping. PMF: Plastic-mulched Farmland, Non-PMF: Non-plastic-mulched Farmland. The entire
235  growing season of plastic-mulched crops was divided into four stages: pre-mulching stage (PMS), mulching stage (MS),
236 growing stage (GS), and flourishing stage (FS) (Section 3.1.2). The MBPMFI (Max Blue Band-based Plastic-mulched
237  Farmland Index) and BPMFI (Blue Band-based Plastic-mulched Farmland Index) are the two novel PMF indices proposed
238  in this study (Section 3.1.2).

239 3.1 Automatically generating training samples
240  3.1.1 Optical characteristics of the PMF

241 The multi-temporal Sentinel-2 images with true-color composites from a representative sub-region in
242  Pingliang City, Gansu Province, were shown in Fig. 3 (¢)~(j) to analyze the optical characteristics of PMF.
243  The PMF, plastic greenhouses (PGs), and vegetation (mainly winter crop) within this sub-region
244 represented the primary agricultural-related land cover types on the cultivated farmland in the Loess Plateau.

245  During the crop sowing period, PMF exhibited a bright-white color due to the plastic films, making it easily
9
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246  distinguishable from vegetation (dark-green color) but potentially confusing it with PGs (blue-gray or white
247  color) (Fig. 3 (c)~(f)). Subsequently, from June to September (Fig. 3 (g)~(1)), the crop canopy covered the
248  PMF, giving it a green appearance similar to vegetation. Meanwhile, since crops grew inside the PGs, the
249  PGs maintained blue-gray or white appearance consistently. Thus, this period was ideal for differentiating
250  between PGs and PMF.

251 Based on this analysis, we observed that PMF exhibited a bright-white appearance during the crop
252  sowing period. Theoretically, the conspicuous bright white characteristic indicated the substantial
253  reflectance of PMF in the visible spectrum. Temporal profiles of the Sentinel-2 blue band reveled
254 distinguishable patterns among PMF, PGs, and vegetation (Fig. 3 (b)). Specifically, during the crop sowing
255  period, areas covered by plastic films had higher reflectance in the blue band compared to those covered
256 by the crop canopy. Subsequently, as crops grew in the PMF, the increased absorption in the visible
257  spectrum led to a gradual decrease in PMF reflectance in the blue band. Particularly, during the peak
258  growing stage of crops, PMF reached its lowest reflectance in the blue band.

259 In addition to the blue band, PMF demonstrated clear differentiation from other land cover types in
260  the green and red bands, as well as in the red-edge band (red edgel) (Fig. S4). Notably, this study focused
261  exclusively on the blue band due to the consistent temporal profiles observed across these four bands.
262  Furthermore, the distinct PMF characteristics in the blue band were also tested across different regions in
263  the Loess Plateau (Fig. S5). The results showed that PMF reflectance in the blue band exhibited the same
264  temporal profiles as those illustrated in Fig. 3 (b), characterized by a rapid increase during the crop sowing

265  period, followed by a swift decrease during the flourishing period.
266
267

10
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268
269  Figure 3. Time-series profiles of plastic-mulched farmland (PMF), plastic greenhouses (PGs), and vegetation in a
270  representative sub-region of Pingliang City, Gansu Province, China. (a) High-resolution Google Earth imagery during the
271  crop sowing period. The red, black, and green outlined plots denote the PMF, PGs, and vegetation, respectively. (b) Time
272 series of PMF, PGs, and vegetation in the Sentinel-2 blue band. The red, gray, and blue buffers indicate one standard
273  deviation. The brown, gray, yellowish-green, and green rectangular areas denote the pre-mulching stage (PMS), mulching
274 stage (MS), growing stage (GS), and flourishing stage (FS) as defined in Section 3.1.2, respectively. (¢)~(j) Sentinel-2
275  images with a true-color composite of blue, green, and red bands on different dates across the entire crop growing season.

276 3.1.2 Developing PMF indices to automatically generate training samples

277 Following the temporal profile analyses in Section 3.1.1, the entire growing season of plastic-mulched
278  crops was divided into four distinct stages (Fig. 4). The pre-mulching stage (PMS) (March to early April)
279  involves primarily field plowing, with seldom plastic film coverage on the farmland. The mulching stage
280 (MS) (mid-April to May) represents the gradual coverage of farmland with plastic films. During the
281  growing stage (GS) (June to July), crops begin to grow but do not yet fully cover the cropland. The
282  flourishing stage (FS) (August to September) is characterized by vigorous crop growth, with the crop
283  canopy fully sheltering the cropland.

284 Across these stages, the distinctive spectral responses of PMF in the blue band were summarized as
285  follows: a relatively large range of reflectance dynamics from PMS to MS (Abluemax-pms) due to the gradual
286  deployment of plastic film, and the maximal range of reflectance dynamics from GS to FS (Abluemax-rs)
287  due to the abundant visible spectrum absorption for photosynthesis. Considering that both Abluemax-pms
288  and Abluemaxrs for PMF were relatively higher than those for other land cover types, multiplying these
289  two metrics could effectively highlight PMF while suppressing other land cover types. Specifically, two
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local troughs (bluepms and bluers) are the minimum reflectance values of the blue band during the PMS and
FS, respectively. The local peak (bluemax) refers to the maximum reflectance value of the blue band during
the MS. Additionally, the metric bluemax Was also employed to enhance PMF signals, as it exhibited the
highest reflectance value throughout the period from PMS to FS. Finally, two PMF indices, the Max Blue
Band-based Plastic-mulched Farmland Index (MBPMFI) (Eq. (1)) and the Blue Band-based Plastic-

Earth System
Science

Data

mulched Farmland Index (BPMFI) (Eq. (2)) were defined.
MBPMFI = blue

max

(M

BPMFI =100x Ablue,,, s x Ablue, , . =100 (blue,,, —blue,, ) x(blue,, —blue,)

where the multiplier 100 was used to linearly stretch the BPMFI to a wider range.

blue, ..

(b)

@

024 - e Stage Description
PMS Farmland he}s peen plowed,
P lchi but no plastic film has been
(Pre-mulching applied on the surface of
Stage) farmland yet.
@
20.1 MS Gradually apply plastic film on
a Mulching St the farmland surface until the
(Mulching Stage) | coverage is complete.
blues Ao Crops grow gradually, and
o their caﬁopy starts to cover
______________________________________ (Growing Stage) | ihe plastic film.
GS ES c — "
rops  reacl eir pea
[ ] B s FS . growing stage, and their
(Flourishing canopy fully covers the plastic
Stage) film.
T I S
180 240
Day of year
(c) Value Description
bluepys This value, calculated using the minimum composite method during the PMS,
represents the local trough in this stage.
blue, This value, calculated using the maximum composite method during the MS, represents
max . . .
the maximum reflectance across the entire period from PMS to FS.
b|Uer This value, calculated using the minimum composite method during the FS, represents

the local trough caused by the absorption of visible spectrum by the crops in this stage.

Abluemax—PMS

This value reflects the relatively large range in the reflectance dynamics from PMS to
MS, attributed to the gradual deployment of plastic film on the surface of farmland.

Abluemax—FS

This value reflects the maximum range in the reflectance dynamics from GS to FS,
resulting from the abundant absorption of visible spectrum for photosynthesis.

Figure 4. Schematic diagrams illustrating the construction of the plastic-mulched farmland indices. (a) Time-series
profiles of the plastic-mulched farmland (PMF) and non-plastic-mulched farmland (Non-PMF) in the Sentinel-2 blue band.
(b) Defined stages used to divide the entire growing season of plastic-mulched crops into four parts. (c) Explanation of the

variables used to represent the unique characteristics of PMF.
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Notably, since the primary objective of this study was to recognize PMF and given the relative scarcity
of PGs compared with PMF (Feng et al., 2021; Tong et al., 2024), land cover types were categorized into
two classes: PMF and Non-PMF. Table S1 presented the statistical analysis results of the MBPMFI and
BPMFI indices for both PMF and Non-PMF samples collected from the rectangular regions (Section 2.2.3).
Generally, the p-values for the two PMF indices across different provinces were equal to 0, indicating the
great potential of MBPMFI and BPMFI to enhance PMF signals while suppressing Non-PMF signals.
Referring to previous studies (Zhang et al., 2022g; Zhou et al., 2024), sample points from the rectangular
regions were exploited to establish province-specific thresholds for each PMF index. The optimal
thresholds for the two novel indices were separately determined based on accuracy information with
different thresholds (Fig. 5). Particularly, for Henan Province, we adopted the same thresholds as those used
in Shanxi Province. Finally, PMF and Non-PMF pixels in cloud-free areas were automatically extracted.
To improve the reliability of the training samples, only cropland classified as PMF or Non-PMF by both

PMF indices was included in the final training sample pools (Fig. 6).
(a) Thresholds for MBPMFI (b) Thresholds for BPMFI

(a1) Qinghai (a2) Gansu (a3) Ningxia (b1) Qinghai (b2) Gansu (b3) Ningxia
1.0 Y ° y 1.0 + & s
] 1 1 1 | 1 1
08 _/n _/I _/I it JI _/ 1 _/ 1
0.6 1 1 I 1 0.6 1 1 1 I
0.4 1 1 1 0.4 1 1 1
0.24 0.14: 0.17 : 017 : 0.2 0.4: 0.8 : 0.9 :
0.0 1 1 1 0.0 1 1 1
= (a4) Inner Mongolia  (a5) Shaanxi (a6) Shanxi = (b4) Inner Mongolia  (b5) Shaanxi (b6) Shanxi
1.0 Py 1 7 3 1.0 |
J 1 3¢ i i b + 1
08 _JI —/I _JI 08 _/ 1 —-/| _jl
0.6 1 I 1 0.6 1 1 1
0.4 1 1 1 0.4 1 1 1
0240.18 : 0.16 : 0.13: 024 11 : 0.4! 0.4:
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0.0 0.1 0.2 0.3 040.0 0.1 0.2 0.3 040.0 0.1 0.2 0.3 04 10123 410123410123 4

Threshold Threshold

Figure 5. Classification accuracy curves of various plastic-mulched farmland indices at different thresholds.

13

Earth System
Science

Data

suoIssnoasiq



Earth System
Science

Data

https://doi.org/10.5194/essd-2024-372
Preprint. Discussion started: 11 October 2024
(© Author(s) 2024. CC BY 4.0 License.

Open Access

320
321  Figure 6. Zoomed-in views for illustrating the detailed process of training sample generation. (a) Sentinel-2 images with

322  atrue-color composite of blue, green, and red bands. (b) Candidate training sample pool derived based on MBPMFI (Max
323  Blue Band-based Plastic-mulched Farmland Index). (¢) Candidate training sample pool derived based on BPMFI (Blue
324  Band-based Plastic-mulched Farmland Index). (d) Final training sample pool. “” means the intersection is implemented
325  for sample pools of MBPMFI and BPMFI. (e)~(h) Zoomed-in views from the green frame in (a) for presenting the
326  misclassification between plastic-mulched farmland (PMF) and impervious surfaces.

327  3.1.3 Training sample generation and refinement

328 Based on the candidate sample pools generated in Section 3.1.2, a stratified random sampling approach
329  was adopted to select 2000 pixels for PMF and Non-PMF within every mapping unit for the year 2020. To
330  further ensure the reliability of these samples and eliminate potential errors, a strict spatial filter (8-neighbor
331 filter) was conducted for these samples (Zhang et al., 2022a; Zhang et al., 2023; Zhang and Roy, 2017).
332  Only pixels sharing the same class type as the surrounding eight pixels were considered as high-quality

333  samples. These samples were utilized as training data for subsequent classifiers to identify PMF.
334 3.2 Feature calculation and selection

335 The visible bands (Blue, Green, and Red) and shortwave-infrared bands (SWIR1 and SWIR2) from
336  Sentinel-2 were selected as input features for classifiers, due to their high potential to separate PMF from
337  other land cover types (Hasituya et al., 2016; Xiong et al., 2019; Hao et al., 2019). Since plastic films can
338 influence energy balance and water cycles on the land surface (Lu et al., 2014; Hasituya and Chen, 2017),
339  several remote-sensing vegetation indices associated with vegetation and soil conditions were also included
340  asinput features (Table S2): NDVI (Tucker, 1979), GCVI (Gitelson et al., 2005), LSWI (Xiao et al., 2002),

341  NMDI (Wang and Qu, 2007), BSI (Rikimaru et al., 2002), DBSI (Rasul et al., 2018), PMLI (Lu et al., 2014).
14
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342  Moreover, the newly proposed PMF indices, MBPMFI and PMFI, were also incorporated.

343 Compared with Non-PMF, PMF exhibited unique temporal profiles resembling sine waves in the blue
344  band (Fig. 4 (a), Fig. S5). To characterize these profiles and fill missing values caused by cloud
345  contaminations, harmonic regression (Jakubauskas et al., 2001; Zhou et al., 2022) (Eq. (3)) was conducted
346  to fit time series curves for PMF across the five surface reflectance bands and seven vegetation indices. The
347  time window for fitting the time-series curves extended from March 1st to October 31st, covering the entire
348  growing season of plastic-mulched crops. Each band was treated as a time-dependent function, denoted as
349 f(t).

350 f(1)= c+kil|:ak cos(2zkwt)+ b, sin (Zﬂka)t)] 3)

351  where the independent variable t is the day of year expressed as a fraction between 0 (January 1st) and 1
352  (December 31st) for a satellite image, c is the intercept term, n is the order of harmonic series, ax are the
353  cosine coefficients, b are the sine coefficients, and @ is the angular frequency.

354 In the above harmonic regression formula, parameters n and o need to be adjusted to balance the fitting
355  closeness to the observation points and prevent overfitting. Based on the ground reference PMF samples
356  within the rectangular regions (yellow areas A~K in Fig. 1 (a)), we picked n =2 and o = 1.5 as the optimal
357  parameters by evaluating the root mean square error (RMSE) of the fitting progress (Fig. S6). Therefore,

358  we obtained the final harmonic regression formula (Eq. (4)).

359 S (t)=c+a, cos(3t)+b, sin(37t)+a, cos(67t)+b, sin (671) 4

360  After the harmonic regression, the time series of each band was represented by five coefficients: c, ai, b,
361  az, and by. Furthermore, the peak value (peak) of each band and their corresponding dates (timing) were
362  also extracted from the fitted harmonic regression curves. These coefficients combined with MBPMFI and
363 BPMFI resulted in a total of 86 (12 x 7 + 2 = 86) features.

364 To select the important features and discard unimportant ones which may adversely affected the
365 accuracy and computational cost of supervised classifiers (Zou et al., 2015; Wang et al., 2022b), a
366 combination of time-series correlation analysis and random forest feature importance analysis was
367 employed to reduce the number of features (Fig. S7). The reduction process included: (1) grouping bands
368  with correlation coefficients exceeding 0.90, retaining only the band with the highest feature importance
369  (retained bands: Blue, SWIR2, BSI, DBSI, GCVI, NMDI, and PMLI); (2) further limiting the seven
370  harmonic coefficients to the peak, ai, and bz terms based on their importance evaluation results; (3) retaining
371  MBPMFI and BPMFI due to their higher importance compared with other features (Fig. 7). Ultimately, a
372  total of 23 features were adopted as input variables for the classifiers in this study. A comparison of PMF
373  identification accuracies using 86 features versus 23 features revealed no significant difference (o = 0.05)

374  in classification accuracy between the two sets of features (Fig. S8).
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376  Figure 7. Feature importance of top 20 features calculated by the random forest classifiers trained in each city in the
377  Loess Plateau. Since the feature importance in each city is not comparable, we normalized the individual value by dividing
378  the total importance of all features in each city and scaled them by multiplying 1000.
379 3.3 Classifier transferability analysis
380 We employed the pixel-based random forest (RF) classifier (Breiman, 2001) available on the GEE
381  platform to distinguish PMF from Non-PMF for each mapping unit, based on the selected optimal features
382  and automatically generated samples mentioned above. As an ensemble algorithm comprising numerous
383  decision trees, RF has been widely used for large-scale land cover classification (Zhang et al., 2021c; Liu
384  etal., 2020), crop type mapping (Yang et al., 2023; Wang et al., 2020), and classifier transferability analysis
385  (Wijesingha et al., 2024; Qadir et al., 2024b), due to its capabilities in handling high-dimensional data,
386 tolerating noise, and preventing overfitting (Belgiu and Dragut, 2016; Sheykhmousa et al., 2020). Two key
387  hyperparameters need to be set when using RF, which are the number of trees (Ntree) to be generated and
388  the number of features(Mtry) used for testing the best split when growing the trees (Belgiu and Dragut,
389  2016). The former parameter was set as 100 since the out-of-bag errors in different mapping units ceased
390 to decrease beyond 100 trees (Fig. S9); the latter one was set as the default value (i.e., the square root of
391  the number of features).
392 Revealing the temporal and spatial-temporal transferability of classifiers can facilitate multi-year PMF
393  mapping without the need to collect domain- and year-specific training samples. The classifiers trained with
394  the optimal features and automatically generated samples in each mapping unit in 2020 (reference scenario,
395  Scenario—Ref) were tested in two transferability scenarios to evaluate their temporal and spatial-temporal
396 transferability: (1) classifiers trained in each mapping unit in 2020 were applied to recognize PMF within
397  the same units for 2019 and 2021 to assess their temporal transferability (Scenario—T); and (2) classifiers
398 trained in each mapping unit in 2020 were employed to recognize PMF in all other remaining units for 2019
399 and 2021 to test their spatial-temporal transferability (Scenario—ST). Note that classifiers trained with data
400  from 2020 were not assessed in other spatial regions in the same year of 2020 because the primary goal of
401  classifier transfer in this study is to rapidly retrace historical PMF distributions. Additionally, we trained
402  classifiers in each mapping unit (municipal level) because sample point collection in practice is usually
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403  conducted within administrative boundaries rather than in agro-ecological boundaries (Hao et al., 2020;
404  Wang et al., 2019). In each scenario, the Fl-score (F1) was calculated based on validation samples as
405  accuracy evaluation metric. Furthermore, to assess changes of F1 in each transferability scenario against

406  reference scenario, a percentage change of F1 values (Flchange) was also computed (Eq. (5)).

1 o —F1
Fl _ transferability reference %100
407 change (5)

reference

408 3.4 Accuracy assessment

409 We assessed the quality of the generate PMF maps with two measures. First, we performed a pixel-
410  wise quantitative assessment for the PMF maps in 20192021, using more than 5000 ground reference
411  samples each year (Table S3). Four accuracy metrics were adopted: producer accuracy (PA), user accuracy
412 (UA), overall accuracy (OA), and Fl-score (F1). Next, the coefficient of determination (R?) was used to
413  quantitatively measure the consistency of the PMF areas derived from agricultural statistics and those from
414  the resultant maps. Due to the lack of publicly available PMF products in China, inter-comparison with
415  existing products was not possible in this study.

416 The validation samples were collected by visually interpreting GE-HRIs and Sentinel-2 images, based
417  on the unique characteristics of PMF (Section 3.1.1). A two-step strategy was designed to generate the
418  validation samples: (1) croplands exhibiting a white hue during the mulching stage (MS) and a dark green
419  hue during the flourishing stage (FS) in the true-color composite images were more likely to be PMF than
420  those showing other hue changes; (2) the time-series curves of PMF in the blue band displayed more
421  pronounced peak values during the mulching stage (MS) and trough values during the flourishing stage (FS)
422  compared to other land cover types. Pixels meeting above two rules were finally labeled as PMF; otherwise,
423  they were grouped into Non-PMF. Ultimately, we obtained 7,091, 12,140, and 6,714 validation samples for
424 2019, 2020, and 2021, respectively (Table S3, Fig. S10).

425 Moreover, five additional PMF indices (Table 2), including PMLI (Lu et al., 2014) (Eq. (6)), PMFTfist
426  (Xiong et al., 2019) (Eq. (7)), PMFIsecona (Xiong et al., 2019) (Eq. (8)), PMLIswir (Hao et al., 2019) (Eq.
427 (9)), and mPMCI (Fu et al., 2022) (Eq. (10)), were utilized to compare with the newly established MBPMFI
428  and BPMFI indices in enhancing PMF information while suppressing Non-PMF information. Except for
429  the PMLI, higher values of these indices are more related to PMF. To test the robustness of these indices,
430  three representative regions with diverse environmental conditions were selected: (1) Region I, located in
431  Bayan Nur City, Inner Mongolia Province, exhibits a large and densely distributed PMF area in this region
432 (Fig. 8 (a)); (2) Region I, located in Linxia City, Gansu Province, features an irregularly shaped PMF with
433  sparse distribution (Fig. 9 (a)); and (3) Region III is located in Xianyang City, Shaanxi Province, where
434  some plastic greenhouses and buildings exhibit similar spectral profiles to PMF (Fig. 10 (a)). A visual
435  evaluation was conducted to intuitively compare the performance of these indices. Since the presence of

436  noises in the index images could affect their display and subsequently influence the visual comparison
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437  results, all index images were displayed with a 1% linear stretch (Zhang et al., 2022g) to ensure the fairness
438  of visual comparison among them.
439  Table 2.

440  Summary of the existing plastic-mulched farmland indices used for comparison with the newly established MBPMFI and
441  BPMFI indices in this study.

Name Equation” Equation index
PMLI ©)
(Plastic-mulched Landcover Index) Lot = Pret
pSVWR] +pRL’d
PMFlirst P @
(Plastic-mulched Farmland Index First) ke
pN7R
PMFIsecond P (8)
(Plastic-mulched Farmland Index Second) R
Paiue
PMEswix (Pucs + P+ Prs )~ (Pusis + P )
(Plastic-mulched Land Index with Shortwave- R MR R SR S )
o
infrared Band) pﬁ”ll(’l pSWIRZ
mPMCI Do +p (10)
(Modified Plastic-mulched Cropland Index) SR CNR
Pswiry ~ Prir
442 * Dblue, Pred, Prir, PRE3, PRE4, pswir, and pswirz represent the Sentinel-2 reflectance in the blue band (496 nm), red band

443 (665 nm), near-infrared band (833 nm), red-edge 3 band (779 mm), red-edge 4 band (864 mm), shortwave-infrared band
444 1 (1610 mm), and shortwave-infrared band 2 (2185 mm), respectively.

445 4 Results
446 4.1 Comparisons with existing PMF indices

447 In this section, we presented detailed visual comparison results for all the seven PMF indices under
448  three different environmental conditions. High values of the PMFIgis, PMFIsecond, PMLIswir, mPMCI,
449  MBPMFI, and BPMFI correspond to PMF objects, while a high value of the PMLI is related to Non-PMF
450  objects. For the convenience of visual comparisons between the PMLI and the other six indices, the color
451  bar of PMLI was reversed. Consequently, in all seven index images, the red color is associated with PMF,

452  and the blue color is related to Non-PMF.

453  4.1.1 Visual comparison in Region I

454 In Region I, the MBPMFI and BPMFT indices outperformed the other five indices in highlighting PMF
455  and suppressing background noise (Fig. 8 (g) and (h)). The mPMCI performed the poorest, barely

456  recognizing PMF (Fig. 8 (f)). PMLI and PMLIswir showed similar performance, both misclassifying
18
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457  vegetation as PMF. Region I is located in the Hetao Irrigation District of Inner Mongolia, where croplands
458  are extensively irrigated through the integral irrigation systems. The shortwave-infrared spectrum is highly
459  absorbed by water. Although PMF had a higher reflectance value in the red spectrum than vegetation, the
460  wet soil caused by irrigation can lead to lower reflectance values in shortwave-infrared spectrum for
461  vegetation than for PMF. In this context, both PMF and vegetation might exhibit a low reflectance value in
462  PMLI (Eq. (6)), leading to misclassification between them (Zhang et al., 2022g). While PMLIswir (Eq. (9))
463  was primarily designed to separate PMF from bare land, it failed to suppress vegetation, which also had a
464  high reflectance value in the near-infrared spectrum and low reflectance value in the shortwave-infrared
465  spectrum similar to PMF (Fig. 8 (e)). PMFIgst and PMFIsecond could highlight PMF to a certain extent, but
466  wrongly highlighted some background objects, such as roads and bare lands (Fig. 8 (c) and (d)). Overall,
467  MBPMFI and BPMFI showed comparable performance in highlighting PMF signals, with BPMFI having
468  an advantage in suppressing background noise, especially roads.

a Sentinel-2 image

d) PMFlsecond

m\‘ﬂl‘

40 53/064N 10_;4155 E)

True-color composite image
(e) PMLI swir

-_— T — — = T
469 0.10 1.80 4.75 -7370 278 7926 0.04 E E -1. d 4.16
470  Figure 8. Visual evaluation results based on the plastic-mulched farmland indices of PMLI (b), PMFlsrs: (¢), PMFIccond
471 (d), PMLIswr (e), mPMCI (f), MBPMFI (g), and BPMFI (h) in a representative area of Bayan Nur City, Inner Mongolia
472 Province (a). The red color is related to PMF, and the blue color is associated with backgrounds under all of the seven
473 indices.

474  4.1.2 Visual comparison in Region I1

475 Unlike Region I, Region II is dominated by bare land and PMF, with PMF distributed sparsely in long
476  strips. MBPMFI and BPMFI continued to demonstrate the best performance in highlighting PMF and
477  suppressing background noise (Fig. 9 (g) and (h)). Since PMLI and PMLIswir were primarily proposed to
478  differentiate PMF from bare land (Lu et al., 2014; Hao et al., 2019), they could roughly identify PMF but
479  failed to suppress some backgrounds, such as roads and buildings (Fig. 9 (b) and (e)). In contrast to Region

480 I (Fig. 8), the reflectance values of PMF in PMFIgst and PMFIsecond were both lower than those of Non-
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481  PMF, indicating that Non-PMF was highlighted, while PMF was suppressed (Fig. 9 (c) and (d)). This was
482  because, compared with bare land, PMF had higher reflectance values in both the blue and near infrared
483  spectra (Xiong et al., 2019; Hasituya et al., 2016; Hao et al., 2019), but no obvious difference was observed
484  in the shortwave-infrared spectrum (Hasituya et al., 2016). Consequently, PMF might have lower values in
485  PMFlfist and PMFIecond than bare land. The mPMCI continued to exhibit the poorest performance among
486  the seven indices (Fig. 9 (f)). Compared with MBPMFI, BPMFI was more effective in suppressing Non-
487  PMF land covers, such as bare land and buildings (Fig. 9 (g) and (h)). In general, BPMFT still performed
488  the best in Region II.

(a) Sentinel-2 image

r

True-color composite image g gg . 049 058 155 0.77 .
(€) PMLI swix (g) MBPMFI (h) BPMFI
5 Y 8 T Feges e Al

(f) mPMCI

489 -0.02_ 0.50 -1.02 -6? -221 _6178 0.05_ 0.18 -0.31 -1? 1.83 —4.95

490  Figure 9. Visual evaluation results based on the plastic-mulched farmland indices of PMLI (b), PMFIfist (¢), PMFlsecond
491  (d), PMLIswm (e), mPMCI (f), MBPMFI (g), and BPMFI (h) in a representative area of Linxia City, Gansu Province (a).
492  The red color is related to PMF, and the blue color is associated with backgrounds under all of the seven indices.

493  4.1.3 Visual comparison in Region III

494 Differing from Region I and Region II, Region III featured a more complex background environment,
495  including PMF, vegetation, bare land, buildings, and plastic greenhouses. Among the seven indices, BPMFI
496  demonstrated the best performance in identifying PMF and suppressing background noise (Fig. 10 (h)).
497  While PMLI, PMFIfs, and MBPMFI were also able to highlight PMF, they failed to effectively suppress
498  certain background elements, particularly buildings and plastic greenhouses (Fig. 10 (b), (c), and (g)).
499  PMFIsecond and PMLIswir seemed to wrongly highlight backgrounds while suppressing PMF (Fig. 10 (d)
500 and (e)). The mPMCI continued to perform the worst in recognizing PMF (Fig. 10 (f)). Overall, BPMFI
501  effectively separated PMF from background elements, whereas PMF detected by other indices was easily
502  confused with the background.

503 The evaluation results indicated that BPMFI had the highest robustness in identifying PMF under
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various environmental conditions. It could more effectively highlight PMF and suppress Non-PMF than the
other six indices. The performance of MBPMFI ranked only next to BPMFI. Although MBPMFI was useful
for identifying PMF in Region I and Region I, it failed to suppress the complex backgrounds in Region III.
The other five indices were only effective in identifying PMF in specific regions, lacking the capability to
consistently recognize PMF under complicated background conditions.

MFl second
—— .
Lim'y-r

(c) PMFlgirst P
T o
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1(34556,485N’ a31'435 | 52 > T P -
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Figure 10. Visual evaluation results based on the plastic-mulched farmland indices of PMLI (b), PMFIfis (¢), PMFIecond
(d), PMLIswir (¢), mPMCI (f), MBPMFI (g), and BPMFI (h) in a representative area of Xianyang City, Shaanxi Province
(a). The red color is related to PMF, and the blue color is associated with backgrounds under all of the seven indices.

4.2 Classifier performance for the transferability scenarios

All locally adaptive classifiers in the reference scenario (Scenario—Ref) showed satisfactory accuracy
in PMF mapping (Fig. 11 (a)). In this scenario, the F1 values of PMF ranged from 0.64 to 0.94, with an
average of 0.85. For all cities, the F1 values were close to or above 0.80, except in the NID (0.75), Baotou
(0.75), Hohhot (0.64), and Ordos (0.73). The high F1 values indicated that the locally adaptive classifiers
trained in this study can meet the practical demands for actual PMF mapping.

The F1 values from each transferability scenario (Scenario—T, Scenario—ST) were compared with
those from the reference scenario (Scenario-Ref) in each city, and the percentage change in the F1 values
(F1change) Was also computed (Fig. 11 (b) and (c)). Generally, the comparison results showed that for all
cities, the F1 values decreased from the Scenario—Ref to Scenario—ST in an orderly manner (Scenario—ST >
Scenario—T > Scenario—Ref). In Scenario-T (Fig. 11 (b)), the average F1change Was -2.92% for 2019 and -
6.07% for 2021. Except in Qinghai, Datong, and Yangquan, where the F1change values were below -20% in
2021, the Flchange values for all other cities were above -20%. In Scenario—ST (Fig. 11 (c)), the average
F1change Was -13.86% for 2019 and -21.94% for 2021, which was absolutely 10.94% and 15.87% lower than
in Scenario—T for 2019 and 2021, respectively. Furthermore, one-third of the cities in the Loess Plateau
showed a percentage decline in the F1 values over -20% in Scenario—ST. The greater decrease in F1 values
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529  in Scenario—ST compared to Scenario—T indicated that Scenario—ST was hardly suitable for the mapping
530 of PMF distributions across different years.
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532  Figure 11. Transferability evaluation of the pre-trained classifiers for plastic-mulched farmland (PMF) mapping. (a) F1
533  values of PMF mapping based on locally adaptive classifiers trained with data in 2020 in each city of the Loess Plateau
534  (Scenario—Ref). (b) Percentage change of F1 values (Flchange) for temporal transferability scenario (Scenario-T). (c)
535  Flchange for spatial-temporal transferability scenario (Scenario—ST).
536 4.3 Accuracy assessment for resultant maps
537 Given the strong performance of the temporal classifier transfer (Scenario—T) in multi-year PMF
538 mapping, classifiers trained on automatically generated samples and optimal features in 2020 were
539  exploited to mapping PMF distributions (PMF-LP) for 2019-2021. The accuracy assessment for the three
540  years was implemented based on the validation samples of the entire study area (Table 3). The OA of the
541  resultant maps for all three years varied from 0.82 (2021) to 0.87 (2020). PMF was accurately identified,
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542  with F1 values ranging from 0.80 in 2021 to 0.86 in 2020, averaging 0.83 over the three years. For all three-
543  year classification results, PMF exhibited higher PA than UA, indicating that commission errors in PMF
544  recognition were higher than the omission errors. The higher commission errors indicated that some Non-
545  PMF pixels were incorrectly classified as PMF, potentially leading to an overestimation of PMF areas.

546  Detailed pixel-wise accuracy assessments for each city in the Loess Plateau were presented in Table S4~S6.

547

548  Table 3.

549  Confusion matrix of the plastic-mulched farmland maps of the Loess Plateau (PMF-LP) for the year 2019-2021. Reference
550  categories are rows while map categories are columns. The numbers in the confusion matrix are the number of ground
551  reference samples. The producer accuracy (PA), user accuracy (UA), Fl-score (F1), and overall accuracy (OA) were also
552  displayed in the table. PMF: Plastic-mulched Farmland, Non-PMF: Non-plastic-mulched Farmland.

Year PMF Non-PMF PA UA F1 OA
2019 PMF 2685 414 0.87 0.79 0.83 0.84
Non-PMF 714 3278 0.82 0.89 0.85
2020 PMF 4678 664 0.88 0.84 0.86 0.87
Non-PMF 918 5880 0.87 0.90 0.88
2021 PMF 2468 455 0.84 0.76 0.80 0.82
Non-PMF 768 3023 0.80 0.87 0.83
553
554 The estimated areas derived from our maps were compared with the statistical data from yearbooks of

555 12 cities for 2019-2021 (Fig. 12). The PMF areas derived from our maps exhibited high consistency with
556  the statistics, with coefficients of determination (R?) of 0.92, 0.93, and 0.87 for the year 2019, 2020, and
557 2021, respectively. Notably, the resultant maps for 2021 (Fig. 12 (¢)) tended to overestimate PMF areas
558  compared to the statistics, particularly in Qinghai and northern Shanxi, likely due to snow and cloud
559  residuals being misclassified as PMF (discussed in Section 5.3). The strong consistency between the

560 estimated areas and the statistical data underscored the reliability of the maps produced in this study.
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Figure 12. Comparison of the mapped PMF (Plastic-mulched Farmland) areas with the statistics for 12 cities with

PMF area statistics for the year 2019 (a), 2020 (b), and 2021 (c).

4.4 Spatial distributions of PMF

The final PMF mapping results were shown in Fig. 13. To quantify the intensity of plastic film usage

across different cities in the Loess Plateau, we calculated the ratio of plastic-mulched area (derived from
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567  the resultant maps) to the total cultivated land area (derived from cropland layers in Section 2.2.2) for each
568  city (Fig. 13 (c)). PMF was widely distributed across the Loess Plateau, exhibiting a pattern of extensive
569  dispersion and localized clustering (Fig. 13 (a)). The Hetao Irrigation District, including the Bayan Nur and
570  Baotou cities in Inner Mongolia Province, exhibited the highest intensity of plastic film usage at 18%,
571  followed by Northern Shanxi (including Datong, Shuozhou, and Xinzhou) at 17%, and the Eastern Gansu-
572  Southern Ningxia region (including Dingxi, Baiyin, Pingliang, Qingyang, Zhongwei, and Guyuan) at 16%
573  (Fig. 13 (c)). In these arid and cold regions, plastic films have been extensively used for decades to ensure
574  crop yields by regulating temperature and conserving moisture (Wang et al., 2022a; Yan et al., 2014; Zhao
575  etal, 2023). The total PMF areas for each 0.10° longitude and latitude bin were also presented on the top
576  and right sides of the 2020 resultant map (Fig. 13 (a)). Plastic film was extensively used in latitude ranges
577  of 35°-37° N and 40°—41° N, and in the longitude ranges of 106°-109° E and 112°-114° E. However,
578  plastic film usage in the latitude range of 38°-40° N and longitude range of 109°-111° E was comparatively
579  lower than other regions. This disparity could be attributed to the prevalent local land cover types in Ordos
580  of Inner Mongolia Province, where grassland and bare land account for about 90% of the total area (Zhang
581  etal., 2021c; Yang and Huang, 2021).

582 To further validate the PMF mapping results, a more detailed visual evaluation was conducted by
583  selecting representative areas in different years (Fig. 14). Obviously, PMF was effectively distinguished
584  from other land cover types, regardless of various cropland sizes and shapes. In site A, Bayan Nur, Inner
585  Mongolia Province, PMF was densely distributed in regular rectangles (Fig. 14 (a)). There were clear
586  separations between PMF and roads in the mapping results. When the classifiers trained in 2020 were
587  applied to 2019 and 2021, some PMF pixels in site A were not identified in 2019 (Fig. 14 (b)), while in
588 2021, there were instances of erroneously classifying Non-PMF pixels as PMF (Fig. 14 (f)). Site B in
589  Xinzhou of Shanxi Province, had large fields with irregular shapes compared to site A (Fig. 14 (g))
590  compared with site A. The PMF mapping results from 2019 to 2021 at this site showed strong spatial
591  agreement with the Sentinel-2 true-color composite images (Fig. 14 (h), (j), and (1)). In site C, Xianyang,
592  Shaanxi Province, PMF was scattered among winter crops (Fig. 14 (m)). The mapping results showed good
593  separability between winter crops and PMF across different years (Fig. 14 (n), (p), and (r)). For site D in
594  Linxia of Gansu Province, the cultivated farmland was primarily characterized by terraced fields, presenting
595 elongated and irregular shapes (Fig. 14 (s)). These terraced fields were interspersed with vegetations,

596  buildings, and bare lands. The mapping results were also satisfactory in this site (Fig. 14 (t), (v), and (X)).
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598  Figure 13.  Spatial patterns of plastic-mulched farmland (PMF) in the Loess Plateau from 2019 to 2021. (a) Frequency
599  of plastic film mulching. The blue dashed ellipses represent the regions with dense distributions of PMF. Site A, B, C, and

600 D are the zoom-in view cases in Fig. 14. (b) Area of PMF in each city in 2020. (c¢) Intensity of plastic film mulching in

601 2020 across various cities. Intensity of plastic film mulching is defined as the ratio of PMF area to total cultivated area.
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603  Figure 14. Spatial details of the plastic- mulched farmland (PMF) map subsets from different regions in the years of 2019,

604 2020, and 2021. Site A, B, C, and D correspond to the four typical regions marked in Fig 13. The Ist, 3rd, and 5th columns
605  are the Sentinel-2 (S2) images with a true-color composite of red, green, blue bands in the years of 2019, 2020, and 2021,
606  respectively. The 2nd, 4th, and 6th columns are the PMF maps established in this study.

607 5 Discussion

608 5.1 Feasibility of MBPMFI and BPMFI for automatic training sample generation

609 Image sources, algorithms, and training samples are three crucial factors influencing any land cover
610 classification task (Huang et al., 2020; Wen et al., 2022; Zhang et al., 2021b). The advancement of remote
611  sensing technology has provided access to massive open datasets and powerful cloud-based computing
612  platforms (Song et al., 2017; Yang et al., 2019; Tamiminia et al., 2020). However, large-scale and multi-
613  year land cover classification is still constrained by the lack of training samples (Huang et al., 2020; Wen
614  etal., 2022). This issue is particularly pronounced for land cover types like PMF, which have received less
615  attention in the past, making training sample collection more challenging. To address this gap, we developed
616  two novel indices, MBPMFI and BPMFI, to automatically generate training samples. Compared with
617  traditional field surveys and visual interpretation, the proposed indices offer a more convenient and labor-
618  saving alternative for obtaining training samples. The prior information, such as mulching and flourishing
619  dates, is not strictly time-specific and can be easily obtained from local management experiences and
620  relevant studies. Furthermore, because the two indices rely solely on the blue band, their calculation is

621  simple and fast.
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622 Additionally, the visual comparison results under various environmental conditions in this study
623  demonstrated the superior robustness of MBPMFI and BPMFI over the other existing indices in
624  highlighting PMF signals and suppressing background noises. Previous studies have shown that PMF can
625  be effectively distinguished from other land cover types across the visible to shortwave-infrared spectrum
626  during the mulching stage (Lu et al., 2014; Hasituya et al., 2016; Hao et al., 2019). However, PMF indices
627  based solely on optical images from the mulching stage often struggle to differentiate PMF from bare land
628  and impervious surfaces (Lu et al., 2014; Hao et al., 2019) (Fig. 6 (e)~(h)), which limits their applicability
629 in complex environments. In this study, we considered PMF characteristics across the pre-mulching,
630 mulching, and flourishing stages to develop two novel PMF indices. Both indices exhibited greater
631  robustness than the existing ones in distinguishing PMF from various complex backgrounds. Of the two
632 indices, BPMFI was more effective in highlighting PMF signals and suppressing background noise, making
633 it particularly promising for rapid and precise PMF recognition in areas with seamless satellite imagery.
634  However, because the calculation of BPMFI requires images from three different periods, which might be
635  unavailable in cloudy regions, MBPMFTI is more practical for PMF recognition when only mulching-stage
636  images are available. To further improve the quality of training samples in this study, we collected samples
637  classified as PMF by both indices, and then conducted strict spatial filtering. The high PMF mapping
638  accuracy (F1 = 0.86) and the strong correlation (R = 0.93) between estimated and statistical PMF areas in

639 2020 confirm the quality of these training samples.

640 5.2 Threshold stability of the MBPMFI and BPMFI

641 Threshold used for index-based classification is typically determined using statistical data (Zhang et
642  al., 2022e; Zhang et al., 2022b), ground truth data (Zhang et al., 2022g; Zhou et al., 2024), or automatic
643  threshold determination methods (Yang et al., 2023). In this study, we employed ground truth samples from
644  rectangular regions (Fig. 1 (a)) to determine the threshold for each province of the Loess Plateau, because
645  statistical data were not available in most cities and automatic methods could require significant
646  computational resources at large scales. To evaluate the stability of MBPMF and BPMFT thresholds, we
647  tested the mapping accuracy in the rectangular regions based on thresholds -50%—-50% off the best threshold
648  (Fig. 15). Compared with MBPMFI, BPMFI can achieve more stable performance even with a threshold
649 largely off from the best threshold. The F1 values ranged from 0 to 0.98 for MBPMFI and from 0.80 to
650  0.97 for BPMFI with the thresholds +£50% off from the best threshold across all regions. The stable F1
651  values of BPMFI indicated that it is not sensitive to threshold variations, which makes it well-suited for
652  large-scale PMF mapping.

653 According to the results of our study, the best BPMFI threshold was 0.40 for Qinghai, Shaanxi, and
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654  Shanxi, and 0.80-1.10 for Gansu, Ningxia, and Inner Mongolia. The relatively large difference in the best
655  thresholds may be attributed to variations in plastic materials (Xiong et al., 2019; Zhang et al., 2022g) and
656  crop species grown in the fields. The former affects the peak reflectance of PMF during the mulching stage,
657  and the latter influences the absorption of the visible spectrum during the flourishing stage. The more
658  detailed relationship between these factors and the spectral signatures of PMF deserves to be explored in
659 the future. Additionally, based on the threshold stability assessment in Fig. 15, we recommend using a
660  BPMFI threshold of 0.40-0.60 (i.e., approximately 50%—150% of the optimal threshold) and an MBPMFI
661  threshold of 0.14-0.15 (i.e., approximately 90%—110% of the optimal threshold) for PMF recognition
662  across the entire Loess Plateau. But for high-precision PMF mapping, it is suggested to segment the whole

663  area into sub-regions and determine the optimal thresholds separately for each region.
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665  Figure 15. Plastic-mulched farmland (PMF) mapping accuracies (F1-score) based on thresholds -50%-50% off the best

666 threshold in the two novel PMF indices of MBPMFI and BPMFI. “+n%” indicates threshold = best threshold +n% x best
667 threshold.

668 5.3 Feasibility and error of classifier transfer for PMF mapping

669 Classifiers, pre-trained in specific areas/years with sufficient samples, have great potential for rapid
670 land cover and crop type mapping in new areas/years where training data are lacking (Ma et al., 2024).
671  Previous studies on classifier transfer primarily focused on crop type mapping (Wang et al., 2019; Hao et
672 al., 2020; Yang et al., 2023). In contrast, ground reference samples for PMF are more limited, and the
673  feasibility of employing classifier transfer for PMF mapping has not been thoroughly explored.
674  Understanding the extent of performance loss in classifier transfer is crucial for large-scale and multi-year
675  PMF mapping. Therefore, this study quantitatively evaluated the performance loess when the trained
676  classifier is directly applied in two transferability scenarios (Scenario—T, Scenario—ST) for PMF mapping.
677  The findings demonstrated decreased performance in both transferability scenarios compared to the no-

678  transfer case (Scenario—Ref). The temporal classifier transfer (Scenario—T) was more suitable for retracing
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679  historical PMF distributions than spatial-temporal classifier transfer (Scenario—ST), with percentage
680  changes in F1 being less than 7.0% on average compared to the no-transfer case. Several potential factors
681  that may cause performance reduction in Scenario—T and Scenario—ST (Fig. 11) could be categorized into
682  three main groups: (1) missing clear Sentinel-2 data during the mulching stage; (2) snow and cloud residual
683  contaminations during the pre-mulching stage; and (3) variations in mulching dates across different regions
684  and years.

685 First, high-quality Sentinel-2 data during the mulching stage is crucial for enlarging the inter-class
686  variations between PMF and Non-PMF as illustrated in Section 3.1.2. Particularly, the local peak values in
687  the blue band of time-series Sentinel-2 (i.e., Blue peak) is the most important feature for PMF mapping
688  (Fig. 7). Missing data during the mulching stage could result in the disappearance or distortion of the local
689  peak values, causing classifiers trained on regions/years with high-quality data to fail in mapping PMF in
690  regions/years with missing data. For example, during the mulching stage, more than half of the pixels in
691  Qingyang had more than four clear-sky observations (Fig. 16 (a)), while nearly 75% of the pixels in Henan
692  had fewer than three clear-sky observations (Fig. 16 (b)). Consequently, the local peaks of the harmonic
693  regression curves in Henan (Fig. 16 (e)) were lower than those in Qingyang (Fig. 16 (d)) during 2019-2021,
694  which led to low accuracy when using classifiers trained with Qingyang data from 2020 to recognize PMF
695  in Henan for 2019 (F1 = 0.64) and 2021 (F1 = 0.49). Although the Sentinel-2 satellite provides data with a
696  5-day revisit cycle and cloud contamination in northern China is less severe than in southern China, the
697  observable duration of plastic film is short and influenced by crop canopy, which leads to the unavailability
698  of images containing plastic film signals. Multi-sensor satellite data could be employed to increase the

699  density of observations to account for this limitation.

700 Next, clouds and snow, which exhibit similar bright characteristics in all visible bands as PMF, are
701  difficult to be thoroughly masked out using only the quality assessment (QA) bands of Sentinel-2 (You and
702 Dong, 2020). For example, although the percentage of clear-sky observations in Qinghai was the same as
703  in Qingyang (Fig. 16 (a) and (c)), snow and cloud residuals distorted the harmonic regression curves in
704  Qinghai in 2021 (Fig. 16 (f) and (g)), leading to the performance loss when using classifiers trained with
705  Qinghai (or other city) data from 2020 to recognize PMF in the same region for 2021 (Fig. 11 (b) and (c)).
706  To mitigate the negative effects of clouds and snow on classifier transfer for PMF mapping, more effective
707  cloud detection algorithms should be implemented. Inspired by You and Dong (2020), two spectral indices
708  (Normalized Difference Moisture Index (NDMI) and Normalized Difference Snow Index (NDSI)) could
709  be used to mask out clouds to improve the performance of classifier transfer in the future.

710 Finally, variations in sowing dates of plastic-mulched crops among different regions could lead to
711  changes in mulching dates, which in turn affect the occurrence dates of local peaks and the shape of

712 harmonic regression curves. In this study, in the Ningxia Irrigation District (NID, Fig. S1) and Wuzhong of
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713 Ningxia Province, mulching dates were earlier than in other cities (Fig. S11) due to the widespread
714 cultivation of watermelon, which is mainly sown in March. Consequently, the performance exhibited a
715 significant decrease (median Flchange = -50%) when using classifiers trained with data from other city in
716 2020 to recognized PMF in the two cities (Scenario—ST) for 2019 and 2021.

717 Apart from the main factors mentioned above, climate variables (e.g., rainfall, temperature), farming
718  practices (e.g., sowing and harvesting practices), technological evolution, and policy implementation could
719  also impact the mulching practices, which may adversely affect the performance of classifier transfer. The
720  links between classifier transferability and these factors require further exploration. Additionally, multi-
721  year/multi-region data have been employed to enhance classifier transferability for crop type mapping
722 (Wijesingha et al., 2024; Orynbaikyzy et al., 2022; Luo et al., 2022). Considering the increasing focus on
723 PMF mapping (Veettil et al., 2023), there will likely be more training data from different years and regions

724 available to develop more generalized classifiers for PMF mapping in the future.
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726  Figure 16. Explanations for the failures of Plastic-mulched farmland (PMF) mapping caused by data missing and cloud
727  contamination. (a)~(c) Percentage of clear-sky observations at each cropland pixel during the mulching stage in Qingyang,
728 Henan, and Qinghai. (d)~(f) Harmonic regression curves of PMF in Qingyang, Henan, and Qinghai for the year 2019,
729 2020 and 2021. The gray buffer represents mulching period. The black, green, and red buffers indicate one standard

730  deviation. (g) A representative example in Qinghai for depicting the adverse effects of snow and clouds on PMF mapping.
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732 5.4 Advantages and uncertainties of the new framework

733 In this study, we proposed a new framework that combines index-based methods with supervised
734 classifier transfer for large-scale PMF mapping. This framework offers two main advantages. First, we
735  introduced two novel and robust PMF indices (MBPMFI and BPMFI) for generating training samples,
736  significantly enhancing the efficiency of sample collection compared to field surveys and visual
737  interpretation. Second, temporally transfer pre-trained classifiers to mapping multi-year PMF distributions
738  further facilitates the long-term PMF monitoring without training domain- and year-specific classifiers. The
739  automatic generation of training samples and classifier transfer make this framework highly promising for
740  rapidly mapping large-scale and multi-year PMF distributions in practice. The satisfactory mapping
741  accuracy of PMF (F1 > 0.80) in the Loess Plateau during 2019-2021 further demonstrated the reliability of
742 this framework. Additionally, since the reflectance bands used for training sample generation and feature
743  extraction are similar to those of Landsat satellites, this framework is also believed to be applicable for
744  PMF mapping with Landsat data.

745 Although the new framework successfully identified PMF across different regions and years in the
746  Loess Plateau of China, there still exists some room for improvement. First, two different cropland layers
747  from 2020 were integrated to exclude the non-cropland pixels for 2019-2021 before PMF recognition.
748  However, errors in these products may affect PMF mapping results. For instance, unrecognized cropland
749  pixels in the products could lead to the loss of potential PMF pixels, thereby increasing the omission errors
750  in the PMF mapping results. One possible solution is to integrate more state-of-the-art land cover products
751 (Tu et al., 2024; Zhang et al., 2024) to enhance the reliability of the cropland mask.

752 Next, although Sentinel-2 has a 5-day revisit cycle, clear-sky observations are still often limited in
753  some regions, especially in southern China, due to inevitable cloud contaminations. The large-scale loss of
754  images during the mulching stage could constrain the application of the proposed framework. To address
755  this issue, more optical satellite imagery, such as Landsat-4/5/7/8/9, could be integrated to provide denser
756  time-series observations in the future. Furthermore, this study did not include radar data which is
757  impervious to atmospheric interference in PMF mapping. Incorporating radar data for PMF mapping will
758  be the next step of our research.

759 Third, this study focused on evaluating temporal and spatial-temporal transferability of the RF
760  classifier for PMF mapping. Due to the limitations of GEE platform, deep learning algorithms such as Deep
761  Neural Network (DNN) and Convolution Neural Network (CNN), which exhibit better performance than
762  the traditional supervised classifiers (Zhong et al., 2019; Wang et al., 2021), were not explored in this study.

763  However, employing deep learning algorithms for PMF mapping presents challenges related to
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764  computational costs and the need for more training data (Xu et al., 2021; Zhang et al., 2020a; Wijesingha
765  etal., 2024).

766 6 Data availability

767 The PMF-LP  product generated in  this paper is openly available at
768  https://doi.org/10.5281/zenodo.13369426 (Zhao et al., 2024). The dataset includes a set of GeoTIFF images

769  in the EPSG:4326 spatial reference system. The value 0 and 1 represent PMF and Non-PMF, respectively.

770  We encourage users to independently verify the PMF maps.
771 7 Conclusions

772 Plastic film mulching technology can effectively enhance crop yield, but also poses significant
773 environmental issues, such as “white pollution” and soil microplastic contamination. Unfortunately, there
774 is no method currently available for the rapid and automated mapping of plastic-mulched farmland (PMF)
775  across large areas and multiple years. In this study, to address the challenge of lacking ground reference
776 samples to train supervised classifiers, we developed an automatic training sample generation method based
777  ontwo newly proposed PMF indices: MBPMFI and BPMFT. To rapidly retrace historical PMF distributions,
778  we thoroughly explored the spatial—temporal transferability of pre-trained classifiers and the factors
779  influencing their transferability. Finally, PMF distribution maps for the Loess Plateau of China were
780  produced by integrating the automatic training sample generation method with the classifier transfer
781  approach.

782 The results of this study indicated that the novel PMF indices, MBPMFI and BPMFI, outperformed
783  the existing PMF indices in PMF recognition. The novel indices could not only highlight PMF information
784  but also suppress complex background signals under various environmental conditions. Temporal classifier
785  transfer (Scenario—T) showed great potential for rapid mapping of multi-year PMF distributions in regions
786  and years lacking ground reference samples, with an average performance loss less than 7.0% compared to
787  the locally adaptive classifiers. Based on the index-based training samples generation method and classifier
788  transfer, PMF distributions were generated across the Loess Plateau (PMF-LP) and achieved satisfactory
789  accuracy, with F1 values 0of 0.83, 0.86, and 0.80 for 2019, 2020, and 2021, respectively. The estimated PMF
790  areas also agreed well with the municipal-level agricultural census data (R*> 0.87). In summary, the newly
791 proposed PMF mapping framework has great potential to rapidly mapping PMF distributions across large
792  areas and multiple years. Future work will apply this framework to monitor the spatiotemporal dynamics
793  of PMF distributions in China.

794
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