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Abstract

Alfalfa (Medicago sativa) is an important forage source for grassland agricultural development, so it would be worthwhile
to explore accurate and fast methods of alfalfa remote sensing identification and yield estimation. However, the traditional
methods of identifying large areas of crops and yield estimation have some problems, such as the limited spatial resolution
of remote sensing data and heavy reliance training data. In this study, based on Sentinel-2 high-resolution images and the
Google Earth Engine (GEE) platform to establish a cloud-free normalized difference vegetation index (NDVI) time-series
dataset, we proposed an effective method for alfalfa feature extraction and yield estimation method. The results show that
(1) The producer’s accuracy, user’s accuracy, overall accuracy, and Kappa coefficient of alfalfa identification using a trough
recognition algorithm were 98.51%, 91.67%, 94.26%, and 0.88, respectively. The total area of cultivated alfalfa identified
in the study area in 2020 was estimated at 46,793.21 hm?, which was mainly distributed in areas in north of the Qilian
Mountains; (2) NDVI had a highly significant correlation with alfalfa hay yield, and the power function regression model
was the greatest, with an R? greater than 0.65; (3) The annual unit hay yield of four alfalfa cuttings was estimated at
17,497.55-32,962.10 kg/hm?, with a total hay yield of 48.38x107 kg and an average hay yield of 4,464.95 kg/hm?. The
method proposed has important application potential for automatic and rapid remote sensing identification and yield
evaluation of large-scale cultivated alfalfa.

Keywords: Remote sensing; image recognition; time series; cultivated alfalfa; yield estimation; information extraction.

1. Introduction

Alfalfa (Medicago sativa) is a forage species of global importance, owing to its high productivity, nutritional value,
palatability and digestibility for livestock (1, 2). It is widely cultivated in many regions and plays a vital role in ensuring
ecological and food security. In China, alfalfa has been extensively planted in recent years as part of agricultural structural
adjustment and animal husbandry development, which has greatly promoted the development of the alfalfa industry (3, 4).
However, there is a lack of efficient and accurate methods for large-scale monitoring of alfalfa grasslands, which hampers
the availability of reliable data for alfalfa production and management.

Remote sensing technology enables large-scale, real-time monitoring of crop growth and yield prediction (5-8). This
technology avoids contacting or damaging to the research objects and provides timely, fast, dynamic and macroscopic
information (9). Therefore, it can help predict the growth of crops in advance so that government departments take effective
measures for rational deployment (10). Yield estimation through remote sensing includes two important steps: (1) crop

identification and area extraction and (2) growth monitoring and yield forecasting (11). The choice of remote sensing data



sources (GF-1, Landsat 8 and Sentinel-2) is crucial for crop identification (12, 13). And the Sentinel-2 data sources are
suitable for high-temporospatial-resolution analysis of crop planting areas (14-18). Previous studies have used different
methods to extract vegetation and crop areas. Kobayashi et al. (14) applied a random forest (RF) algorithm to 91 spectral
indices computed from Sentinel-2A data to classify crop types in Turkey. Comparing the classification accuracy of different
indices for different crops, the result showed that the classification based on the reflectance including Bands 2, 4, 11 and 12,
and 8 spectral indices from Sentinel-2A data was useful for identification of each crop and achieved an overall accuracy
(OA) of 93.1%. And their findings demonstrated the utility of Sentinel-2A data for generating high-quality crop cover maps.
Using multi-temporal Sentinel-1 and Sentinel-2 image data and applying a RF classifier, Chen et al. (15) developed a method
to extract vegetation cover and corn crop distribution within it. The results showed that it was more accurate and robust than
other methods using single-sensor or single-date images. Belgiu and Csillik (16) applied a time-weighted dynamic time
warping (TWDTW) method for crop classification using Sentinel-2 data. They compared pixel-based and object-based
approaches of TWDTW in three different regions with diverse agrosystems. They found that object-based TWDTW
performed better than pixel-based TWDTW. Based on RF classifier, Huang et al. (17) proposed a framework for early season
mapping of winter wheat using spectral and temporal information of Sentinel-2 images. The framework consisted of three
steps: image preprocessing, feature extraction, and classification. Appling the framework to Henan province of China, which
is a major winter wheat growing region, it achieved an OA of 91.6%. Zhang et al. (18) proposed an automated early-season
method to map winter wheat using time-series Sentinel-2 data (AEMMS). Appling it to Shandong province of China, it
achieved an OA of 94.5% and a kappa coefficient of 0.89 for the winter wheat map. They also compared their method with
other existing methods based on different data sources and time periods, and demonstrated that AEMMS had advantages in
terms of accuracy, timeliness, simplicity, and applicability. According to the above research findings, one of the key steps
in crop remote-sensing monitoring is to select “critical time nodes” (e.g., the maximum NDVI value before alfalfa mowing)
or “the best phase” that capture the most essential and characteristic information about the temporal variations of crop.
Remote sensing images at these nodes should have high spatial resolution and can provide spectral data that can differentiate
the target crop from the others (19). However, existing researches for extracting “critical time nodes” based on remote
sensing features (e.g., difference method (20), threshold setting method (21), etc.), only focus on the differences in remote
sensing VIs of local crops, are limited by uncertain identification results and poor universality.

Spectral vegetation indices (VIs) can reflect potential crop yield. And the normalized difference vegetation index
(NDVI) derived from red band and near-infrared band (NIR) information is the most commonly used VI (22, 23). Casa et

al. (24) integrated phenological data of corn crop with NDVI estimations from National Oceanic and Atmospheric
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Administration-Advanced Very High-Resolution Radiometer (NOAA-AVHRR) system to estimate county yield of corn in
Cérdoba, Argentina. The result showed that the NDVI value during the reproductive stage expressed a high association with
corn yield for any sowing date. Lopresti et al. (25) estimated wheat yield using an empirical model during flowering period
based on MODIS-NDVI and field observation data at department level in northern Buenos Aires province, Argentina, and
found a good correlation between the estimation data of the model and official yields (a coefficient of determination (R?) of
0.75). Arab et al. (26) proposed a novel method to predict table grape yield using artificial neural network (ANN) method
and time-series VIs derived from Landsat 8 data. The results showed that among all VIs, NDVTI had the yield the highest
accuracy, and the correlation coefficients (R) for 2017, 2018, and 2019 were 0.94, 0.95, and 0.92, respectively. Marshall and
Thenkabail et al. (27) compared the performance of multispectral broadband (MSBB) and hyperspectral narrowband (HNB)
VIs in estimating crop biomass (rice, alfalfa, cotton and maize). They found that HNB VIs derived from EO-1 Hyperion
sensor performed better than MSBB VIs derived from IKONOS, GeoEye-1, WorldView-2, Landsat ETM+, and MODIS
sensors, and identified the best HNB VIs for different crop types based on their spectral characteristics. And the R? of the
estimation model for rice, alfalfa, cotton and maize was 0.91, 0.81, 0.97 and 0.94, respectively. Kayad et al. (28) conducted
a study on a center pivot irrigated alfalfa field in Saudi Arabia to assess the spatial variability of alfalfa yield using Landsat-
8 imagery and a hay yield monitor data. They found that both satellite and ground-based data showed a clear spatial variation
in alfalfa yield across the field for four harvests, and that the NDVI derived from Landsat-8 was highly correlated with alfalfa
yield. Most of the above studies on yield are limited to small scale areas, and the premise of large-scale alfalfa yield
estimation is to extract the spatial distribution of large-scale alfalfa, the traditional large-scale monitoring of alfalfa
distribution and yield estimation has several shortcomings such as limited spatial resolution of remote sensing data, difficulty
in processing a large amount of remote sensing data, and heavy dependence on training data. These limitations hinder their
application in large-scale remote sensing identification and yield estimation of cultivated alfalfa crop.

In addition, due to factors such as time, space, and image quality, remote sensing data suitable for certain study areas
are often limited in both quality and quantity, while large-scale crop surveys relying on limited remote sensing data over a
short time can be problematic (29). Firstly, downloading and preprocessing high-resolution remote sensing data for large-
area crop identification is time-consuming and inefficient, resulting in poor timeliness and accuracy of research results and
difficulty of applications on a large scale. Google Earth Engine (GEE) is a cloud-based geospatial data analysis platform that
provides access to massive global-scale Earth science data, especially satellite data, and offers technical support for a wide
range of users for data processing (30, 31). Coding on GEE allows fast data preprocessing and access to large-area satellite

data, showing potential for large-scale crop identification and yield prediction inversion.
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Considering above background, we used Sentinel-2 high-resolution remote sensing images with high temporal and
spatial resolutions as the data source and created a cloud-free NDVI dataset on the GEE platform in this study, and developed
an NDVI-based algorithm for alfalfa identification that can automatically search for “critical time nodes” by integrating
alfalfa phenology, growth characteristics, ecological environment, sampling site information and other field survey data to
define the spatial distribution of alfalfa. Then, a remote sensing yield estimation model was constructed to monitor cultivated

alfalfa yield in the study area rapidly and accurately.

2. Data and methods
2.1 Study area

The Hexi Corridor in northern China is a major source of high-quality alfalfa for domestic markets. Within this region,
three cities - Zhangye, Jinchang and Wuwei - produce most of the commercial alfalfa production and form a key high-quality
forage base in China (32). These cities span 83,008 km? in the central-eastern segment of the Hexi Corridor (97°21'21"—
104°13'35"E, 36°44'25"-39°53'16"N), bordering Lanzhou to the east, Jiayuguan and Jiuquan to the west, Qinghai Province
to the south and Inner Mongolia and Ningxia to the north (Fig. 1a). The landscape is characterized by mountains and plains,
interspersed with Gobi Desert and oases. The climate is continental temperate arid with large seasonal and diurnal
temperature variations, low and uneven precipitation, high evaporation and solar radiation and sufficient sunlight, with the
average annual temperature from 4.1 to 9.2 °C, the annual sunshine rate from 51% to 66%, the average annual rainfall from
112.3 to 354.0 mm, and the frost-free period from 96 to 212 d. These conditions are favorable for alfalfa growth. The main
land cover types are grassland and forest, followed by farmland, shrubs and non-vegetated areas (Fig. 1b). Agriculture
dominates the local economy with farming, animal husbandry and breeding as common activities. Alfalfa planting has
expanded rapidly in recent years with government support.

The study area’s alfalfa planting companies have mechanized most production processes, including sowing, harvesting,
picking, turning and bundling. They have also adopted high-yielding integrated techniques such as seed pellet coating,
rhizobia inoculation, mulching precision hole seeding and integrated control of diseases, insects and weeds, which have
enhanced alfalfa yield and quality (33). The alfalfa hay has a crude protein content of 16%—18%, making it a palatable and

nutritious fodder for cattle and sheep and near the top among domestic high-quality alfalfa (34).
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Figure 1. (a) Geographical location of the study area, (b) distribution of sample plots and land cover type.
2.2 Ground-measured data

The field investigation mainly focused on growing season of the alfalfa grassland with distinct features (May to
September) in 2020. We surveyed 81 alfalfa grassland sample plots (sizes of 100 m x 100 m or larger) in the first survey
(from May 27 to June 6), 51 sample plots in the second survey (from July 17 to July 26), and 12 sample plots in the third
survey (from September 20 to September 24), and three subplots (0.5 m x 0.5 m) were randomly set up in each plot. A total
of 144 plots and 432 subplots were collected in the field. In every plot, the information of alfalfa variety, annual cutting
frequency, current cutting situation, planting years, irrigation and fertilization, business entities were collected. Meanwhile,
photos of each plot were taken vertically at altitudes of 20 m and 50 m, respectively, and a panoramic photo was taken at an
altitude of 100 m using a Dajiang unmanned aerial vehicle (DJI UAV Phantom 4 Pro). In every subplot, latitude, longitude,
alfalfa height, leaf area and chlorophyll content were recorded. The above-ground part of alfalfa with a 5 cm stubble was
harvested and measured as fresh weight on site and its dry weight after drying it in a constant-temperature oven at 65 °C for
72 hours until reaching constant weight. The dry weight was used as the basic input for alfalfa remote sensing yield
estimation modeling. To verify the accuracy of the recognition results, the geographical locations of 100 non-alfalfa plots
(corn, chili peppers, onions, oats, etc.) were recorded. Then using ArcGIS software to establish the attributes and spatial
database of the field survey plots (Fig. 1).
2.3 Cultivated land data

The Finer Resolution Observation and Monitoring—Global Land Cover 10 (FROM-GLC10) product with a resolution
of 10 m was used for the cultivated land data in this study (http://data.ess.tsinghua.edu.cn/). It was developed by Professor
Gong Peng using the RF method with the world's first set of multi-season sample databases from Sentinel-2A global images

and the GEE cloud computing platform. And it classified the world’s land coverage into 10 categories: crop, forest, grass,
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shrub, wetland, water, tundra, impervious, bare land and snow/ice (35).
2.4 Sentinel-2 data

The Sentinel series satellites provide free remote sensing data with the highest spatial and temporal resolution. They
also offer multispectral remote sensing data at a global scale for monitoring the earth’s environmental conditions and
responding promptly to sudden emergencies such as floods, forest fires and landslides (36).

The European Copernicus Mission operates two polar-orbiting multispectral high resolution optical satellites, Sentinel-
2A and Sentinel-2B, launched on 22 June 2015 and 7 March 2017, respectively. These satellites are phased at 180° to each
other with a complementary revisit time of 5 days and carry a multispectral instrument that covers 13 bands: four bands
(three visible and one NIR) at 10 m resolution; six bands (three red edge, one NIR and two shortwave infrared) at 20 m
resolution; and three bands (coastal aerosol, water vapor and cirrus) at 60 m resolution (37). The Level-1C product of
Sentinel-2 data used in this study has been corrected using a digital elevation model and provides the top of the atmosphere
(TOA) reflectance values for each pixel in 13 unsigned integer spectral bands and three quality assessment bands (QA10,
QA20 and QA60). The QA60 band contains cloud mask information that allows us to remove opaque and cirrus clouds from
the image.

2.5 GEE platform data download and processing

GEE is a new-generation platform that enables online visualization, computation, analysis and processing of massive
global-scale Earth science data, especially satellite data (38). The Sentinel-2 image data used in this study were stored on
the GEE cloud platform and processed entirely through online coding.

Phase and range selection: To obtain alfalfa plant data for the entire phenological period (seedling, budding, flowering
and maturing stages), the image phase was set to cover April 1 to November 30, 2020, ensuring the completeness and
suitability of the data.

NDVI calculation: A program was compiled to calculate NDVI from Sentinel-2 images using the vegetation index
formula on the GEE platform, which extracted data from the NIR (B8) and red (B4) bands. When outputting the result, it
assigned each image a specific number and track number for identification. The formula is as follows:

NDVI = (B8 — B4)/(B8 + B4) D

Cloud removal: Applying the C Function Mask S2 Clouds (CFMASK) algorithm to Sentinel-2 QA60 band data to
detected opaque and cirrus clouds, a threshold was set for Bit10 of the QA60 band to eliminate cloud shadows: where pixel
with Bit10=0 was masked as clouds. Similarly, where pixel with Bit11=0 was masked as cirrus clouds. Then the cloud-free

images were selected using the update mask tool and the labelled cloud, cloud shadow, and cirrus range were assigned with
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no data.

Interpolation optimization: A three-sliding-window algorithm was applied to interpolate pixels with no data. Given
the image pixel scale (10 m) and revisit period (5d) of Sentinel-2 data, three consecutive images were respectively designated
N1, N2, and N3 (for example, N1 is the NDVI value on April 10, N2 is the NDVI value on April 15, N3 is the NDVI value
on April 20) and the N2 was assigned values based on different conditions: if N2 > 0, original value; if N2 <0 and N1 <0
and N3 < 0, original value; if N2 < 0 and N1 < 0 and N3 > 0, value of N3; if N2 < 0 and N1 > 0 and N3 < 0, value of N1; if
N2 <0and N1 > 0 and N3 > 0, average of (N1+N3). This process was repeated for subsequent every three images (N2, N3,
N4...) until covering the selected time range. A cloud-free NDVI time-series image dataset for the study area using this

method was created. The data processing flow chart in Fig. 2.
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Figure 2. Data processing flow chart
2.6 Alfalfa feature extraction

The study area has adopted the one-crop-per-year cropping system with a variety of crops, such as spring and winter
wheat, spring corn, cotton, onions, potatoes, rapeseed and Chinese kale. The phenological periods of alfalfa and some of
these crops overlaps substantially (Fig. 3), which complicates discrimination of alfalfa from other crops using vegetation
index thresholds at a specific imaging time. By analysis and comparison, we observed that alfalfa is significantly different
from other crops in multiple harvests during the growth period in a year, resulting in dramatic characteristic changes after
cutting. This feature was utilized to enhance the remote sensing identification of alfalfa.

The NDVI time-series curves capture the variation characteristics of crop NDVI throughout the growing season (39).
The NDVI of alfalfa grassland exhibits multiple NDVI fluctuations with a “rise-peak-fall” pattern in a year, resulting in
several peaks and troughs in the NDVI time-series curve. A peak indicates the higher NDVI value and vigorous growth
period of alfalfa, while a trough represents the state of alfalfa after harvest. The NDVI drops sharply after each harvest,
creating abrupt changes in the curve. The number and timing of the troughs reflect the number and timing of the harvests. In
the study area, there were 2-4 troughs. Making full use of this feature, an algorithm was developed for alfalfa recognition,
classification and yield estimation based on the NDVI time-series dataset, by comparing and analyzing the spatiotemporal

variation characteristics of the NDVI data.
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Figure 3. Calendar and type map of main crops in the study area

2.7 Area extraction and yield estimation



The periodic harvest of alfalfa provides a unique opportunity to discriminate it from other crops using remote sensing
time-series data. Therefore, the trough recognition algorithm was devised based on detecting the troughs caused by cutting
in NDVI time-series data.

The trough recognition algorithm was implemented using MATLAB’s Findpeaks function (Fig. 4), which returned
local maximum peak value (Peak) of the input signal and allowed found the peak value of interest by setting thresholds for
parameters, i.e., the value of a certain element was greater than that of either of two adjacent elements. Among them, the
peak prominence parameter measures the minimum vertical distance from a peak to its two sides, and the minimum peak
prominence (MPP) in Findpeaks enables fast searches for relatively important peaks. In our automatic identification
algorithm, MPP corresponds to the peak-trough difference of NDVI time series images. Thus, when MPP reaches a certain
value, the algorithm automatically identifies a peak and its associated trough based on peak-trough association analysis. On
the basis of previous studies (40), the MPP was set to 0.4 for alfalfa extraction in our study area. Findpeaks then automatically
classified signals with peak-trough differences greater than 0.4 as alfalfa, extracted their spatial distribution and recorded
their dates, which provided the basic information for extraction and yield estimation of the alfalfa.
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Figure 4. NDVI time series curve and concept map of Findpeaks function

While using the trough identification method to identify alfalfa, we also selected the pixel-based satellite data that were
collected at the time closest to the cutting time point for yield estimation and examined the number of troughs, their dates
and the peak NDVI values of each pixel from cloud-free Sentinel-2 NDVI time-series data during the growing season. This
established some characteristic datasets pixel by pixel: number of times (NOT), day of year (DOY) and peak value of NDVI
(PVON), which used to determine the following important parameters:

1) The alfalfa distribution range was identified by restricting NOT and MPP values. Based on the local alfalfa

production pattern, the NOT value was 2-4, i.e., the value set of NOT was {2, 3, 4}.
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2) The dates of peak occurrence corresponding to the NOT values (1-4) were determined, i.e., DOY1, DOY2, DOY3
and DOY4.
3) The peak NDVI values corresponding to cutting times (NOT values 1-4), i.e., PVONI1, PVON2, PVON3 and
PVON4, were obtained for alfalfa yield estimation.
Finally, masking was performed on the cultivated land in the study area by combining the terrain features and farmland
spatial distribution data, and the alfalfa spatial distribution was established through post processing procedures such as mode
filtering and debris elimination using ENVI version 5.3 software. The spatial distribution features of the first, second, third,

and fourth cuttings of alfalfa in the study area as well as the total annual alfalfa yield in 2020 were analyzed. (Fig. 5).
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Figure 5. Methods and technical flowchart
2.8 Estimated yield model

Based on the coordinates of the sample plots collected during our field survey, the NDVI of each plot was extracted
from GEE platform, and the extraction dates were as close as possible to the field measurement to ensure the validity and
reliability of our yield estimation model. 17 plots affected by cloud or cloud shadow were excluded out of the total 144 plots,
and the rest 127 plots were used to construct the yield estimation model (64 from the first cutting, 51 from the second cutting
and 12 from the third cutting). After analyzing the correlation of NDVI and hay yield using SPSS 26.0 software, the yield
estimation models were constructed for three cuttings and annual production using linear (y = Ax + B), logarithmic (y =
Aln(x) + B), exponential (y = Ae*P), power (y = AxF) and quadratic polynomial (y= Ax? + Bx + C) functions, in which y
represents the alfalfa hay yield (kg/hm?); x represents the NDVI value; and A, B, C, D, and F are parameters.
2.8 Evaluation of extraction accuracy and yield estimation model
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Specific evaluation indicators include OA, producer’s accuracy (PA), user’s precision (UA), and kappa coefficient,
reflecting the accuracy of image classification from different perspectives (41, 42). And the R?, root mean square error
(RMSE) and mean relative error (MRE) are used as indicators for estimating the performance of the model. Their formulas

are as follows:

n 2
RZ =1-— iz 1 (Yi—Ep) 2
L (vi-)* 2)
RMSE = |2z YizE* 3)
1 Y;-E;
MRE = {‘:1|T| 4)

where i represents the data of the i*" sampling point; Y; is the measured crop yield of the i*" sampling plot (kg/hm?);
E; is the crop yield estimate of the i*"*sampling plot calculated by the model (kg/hm?); and ¥ is the measured mean yield

(kg/hm?).

3 Results
3.1 Area extraction results and analysis
3.1.1 NDVI time-series data optimization results

The basic data of this study was the Sentinel-2 NDVI time-series data, which was screened to meet the criteria during
the alfalfa growth cycle. It is essential for accurately extracting alfalfa spatial distribution information (Fig. 6). However,
Sentinel-2 images are often affected by cirrus clouds, resulting in NDVI value deviations in some areas and hindering the
identification process. Therefore, the NDVI time-series data should be interpolated and optimized in the study area. Fig. 6
shows an example of unoptimized and optimized ND VI time-series curves using Sentinel-2 data from field survey sampling
plots in Wuwei city in 2020. The unoptimized NDVI time-series curve had a clear discontinuity in the time range of 240-
260 d, making it impossible to connect the data for classification. Moreover, in the time range of 160-240 d, NDVI value
frequently dropped to 0. It was caused by clouds and cloud shadows affecting this area at this time, resulting in abnormal
data that impaired the performance of the algorithm based on the troughs caused by cuttings during the alfalfa growth cycle
and increased misclassification rates.

After optimization, the faults and outliers on the ND VI time-series curve was eliminated and the curve was smooth with
obvious peaks and troughs. Therefore, the improved Sentinel data provided more reasonable NDVI time-series data that met

the recognition needs of the trough-based algorithm and were an important prerequisite for implementing the algorithm.
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Figure 6. NDVI timing data optimization results
3.1.2 Alfalfa remote sensing extraction and accuracy verification

The total alfalfa area identified in the study area in 2020 was 46,793.21 hm?. Table 1 shows alfalfa areas and proportions
of local cultivated land in different regions. At the city level, Zhangye had the largest alfalfa acreage (19,268.77 hm?),
followed by Jinchang, Wuwei had the smallest (11,638.18 hm?). At the county level, Yongchang County of Jinchang city
had the largest alfalfa area of 14,568.70 hm?, accounting for 1.76% of the county’s total cultivated area and making it the
most concentrated alfalfa planting area in the study area. The alfalfa areas in all counties and districts of Zhangye were rather
uniform, and all were above 2,000 hm?, with Gaotai County having the largest area at 4,374.48 hm?, which accounted for
0.60% of the county’s total cultivated area. The alfalfa planting area of Wuwei was mainly in Mingin County and Gulang
County, at 5,375.59 hm? and 4,368.00 hm?, respectively. These two areas accounted for 83.72% of the city’s total alfalfa
area, while the alfalfa acreage of Tianzhu Tibetan Autonomous County was only 10.60 hm?, which was spread sporadically
and accounted for 0.01% of the total cultivated area, representing the smallest alfalfa acreage in the study area.

Table 1. Areas of alfalfa in different regions

City District and county Alfalfa area (hm?) Percentage of cropland (%)
Yugur Autonomous County of Sunan 3,325.24 0.95
Gaotai County 4,374.48 0.60
Linze County 2,986.35 0.42
Zhangye City
Ganzhou District 3,650.71 0.22
Minle County 2,697.99 0.25
Shandan County 2,234.00 0.3
JinChuan District 1,317.56 0.39
Jinchang City
Yongchang County 14,568.70 1.76
Wuwei City Mingin County 5,375.59 0.39
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Liangzhou District 1,883.99 0.11
Gulang County 4,368.00 0.61

Tianzhu Tibetan Autonomous County 10.60 0.01

Fig. 7 shows the alfalfa spatial distribution in the study area in 2020 based on remote sensing information extraction.
Obviously, the Alfalfa was concentrated in north of the Qilian Mountains. According to the field investigation, (a), (b), (c)
and (d) are taken as the typical areas of alfalfa recognition results in the study area, and it can be seen that the alfalfa plots
identified in the four regions have obvious shape and high fullness. Among them, the alfalfa fields in the typical areas (a),
(c) and (d) are rectangular in shape and distributed in a large area. The shape of the alfalfa field in (b) is round, and the
overall distribution is relatively scattered, which is related to the circular nozzle facilities of the local management unit.
Based on the data collected from 144 sampling points of fields and 100 sampling points of other crops (corn, chili peppers,
onions, oats, etc.), we verified the accuracy of the alfalfa distribution and found that the PA, UA, OA, and kappa coefficient

of validation set were 98.51%, 91.67%, 94.26%, and 0.88, respectively.
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Figure 7. Spatial distribution of alfalfa in study area in 2020; (a), (b), (c) and (d) are the typical areas of alfalfa recognition
results
3.2 Yield estimation results and analysis
3.2.1 Establishment of the yield estimation model

The results of alfalfa yield estimation model are shown in the Fig. 8. The NDVI value was correlated positively with
the actual yield, with R? values above 0.55 for all models. Among the models, the R? values of yield estimation models for
the first cutting were all above 0.5, the power function model having the highest R? at 0.652, making it the best yield
estimation model (y =8484.2x%792). For the second cutting, the R? values were generally higher than those for the first
cutting, in the range of 0.64-0.71, and the power function model was again the best, with an R? value of 0.707 (y =

9700x%8408)_ For the third cutting, the R? values for the third cutting were all approximately 0.8, but due to a small sample
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size, the fitted model was not representative, so when estimating the yield, the annual yield estimation model should be
referenced. And the R? values of the annual yield estimation models were all approximately 0.7, and the power function
model, given as y = 9043.9x%78, was again the best, with an R? value of 0.756. Some parts in the study area cut alfalfa four

times one year, so the alfalfa yield of the fourth cutting should be estimated by referencing the annual yield estimation model.
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Figure 8. Model diagram of alfalfa NDVI and yield estimation.
3.2.2 Analysis of the simulation error of the yield estimation model

Comparing the estimated yield based on the best yield estimation model with the measured yield, the models for
estimating the first, second, and third cuttings and the annual yield showed certain errors, with varying degrees of
underestimation or overestimation. The estimated yield of the first cutting had errors within 2000 kg/hm? and mostly matched
the measured yield, indicating a good model performance (Fig. 9a). The estimated yield of second cutting had larger
discrepancies at some sites, with errors exceeding 2000 kg/hm? (Fig. 9b). For the third cutting, the differences between the
estimated and actual yields were small, all having an error below 1000 kg/hm? (Fig. 9¢), but the model was not representative

due to the small sample size. Therefore, it is more appropriate to use the annual yield estimation model to estimate the yield

of the third cutting.
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Figure 9. Model forecast yield and statistical yield differences

Regression analysis was performed using the estimated and measured alfalfa yields of the first, second and third cuttings
and the annual yield to validate that the estimated yield was within the acceptable error range. The regression equation and
the corresponding R%, RMSE and MRE values are shown in Fig. 10 a-d. The models had low errors, as indicated by the R?
values above 0.6 and the MRE values below 20%. The estimation data were uniformly dispersed, suggesting that the alfalfa
yield estimation algorithm based on peak NDVI value performs well and shows a relatively consistent error level under
different cutting times and thus can be reliably applied to yield estimations. The results indicate that the second cutting model
had higher errors, with a RMSE of 1301.21 kg/hm? and a MRE of 18.82%, and the third cutting model had the best
performance, with a RMSE of 274.11 kg/hm?, a MRE of 10.17% and a R? value of 0.81. The models of first cutting and the

annual yield also performed well, with R? values of 0.62 and 0.70, respectively, RMSE values of 966.79 kg/hm? and 1104.54

kg/hm?, and MRE values of 14.70% and 17.64%.
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Figure 10. Accuracy of yield estimation model, (a) The first cutting, (b) The second cutting, (c) The third cutting, (d) The

annual yield.

3.2.3 Results and analysis of alfalfa yield estimation

Based on the PVON database obtained through the trough recognition algorithm, The alfalfa hay yields of the four
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cuttings and the annual total hay yield were calculated using Raster calculator tool in ArcGIS software. Fig. 11 shows that
the alfalfa yield of the first cutting was the highest, followed by that of the second cutting, the third cutting, and the fourth
cutting. And the yield distribution trends of the four cuttings were similar with single-peak curves, but with varying curve

widths and heights, reflecting significant variations in the yields of the four cuttings.
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Figure 11. Statistical histogram of alfalfa yield distribution

According to the results of yield estimation, the per unit yield of alfalfa was divided into three grades: low yield (<
5000kg/hm?), middle yield (5000-7000kg/hm?) and high yield (> 7000kg/hm?). The alfalfa yield distribution in the study
area exhibited obvious characteristics (Fig. 12). The area of high-yield and middle-yield alfalfa in the first and second cutting
accounted for a large proportion, while the area of low-yield grade increased in the third and fourth cutting. Overall, the per
unit yield of the first two cutting alfalfa was significantly higher than that of the latter two. Through the yield distribution of
typical alfalfa areas, it can be seen that the yield grades of most alfalfa parts have changed among the four cutting. Therefore,

low-yield alfalfa should improve field management to enhance its yield.
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Figure 12. Alfalfa yield distribution maps of the first (A), second (B), third (C) and fourth times (D) in the study area in
2020; (a), (b), (c) and (d) are the typical areas of alfalfa.

The yield differences were mainly attributed to the following factors: (1) Alfalfa harvest time is influenced by many
factors, such as planting time, production year, variety, harvesting machinery availability and weather (43), which result in
profound variations in the statistical characteristics of alfalfa fields. This affects the remote sensing features of adjacent
alfalfa fields in the same phase and consequently the alfalfa hay yield of each cutting. (2) Alfalfa yield depends on local
production management measures, cutting time and method, stubble height and other factors. To ensure nutrient
accumulation and regrowth after cutting, the last two cuttings have higher stubble heights than the previous ones. For
instance, in the last cutting before winter, the stubble height is usually above 8 cm to facilitate overwintering and growth in
the next year (44), which led to lower alfalfa yields of the third and fourth cuttings in the study area.

The alfalfa yield in the study area was calculated using Zonal Statistics as Table tool of ArcGIS software (Table 2). In
2020, for the first cutting, the alfalfa hay yield of the study area was 4,229.88-8,482.51 kg/hm?, with a total hay yield of
30.68 x 107 kg and an average hay yield of 7,164.68 kg/hm?. For the second cutting, the alfalfa hay yield was 4,489.35-
8,698.17 kg/hm?, with a total hay yield of 21.47 x 107 kg and an average hay yield of 6,080.62 kg/hm?. For the third cutting,
the alfalfa hay yield of the study area was 4,389.16-8,042.09 kg/hm?, with a total hay yield of 8.95 x 107 kg and an average
hay yield of 3,702.17 kg/hm?. For the fourth cutting, the alfalfa hay yield of the study area was 4,389.16-8,041.90 kg/hm?,
with a total hay yield of 0.55x107 kg and an average hay yield of 912.33 kg/hm?. For the entire year, the total alfalfa hay
yield of the study area was between 17,497.55 kg/hm? and 32,962.10 kg/hm?, with a total hay yield of 48.38 x 107 kg and

an average hay yield of 4,464.95 kg/hm?.
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Table 2. Statistical result of alfalfa yield in the study area

The first The second The third The fourth Total annual

Indicators cutting cutting cutting cutting yield
Maximum hay yield (kg/hm?) 8,482.51 8,698.17 8,698.17 8,041.9 32,962.1
Minimum hay yield (kg/hm?) 4,229.88 4,489.35 4,389.16 4,389.16 17,497.55

Average hay yield (kg/hm?) 7,164.68 6,080.62 3,702.17 912.33 4,464.95
Hay weight (107 kg) 30.68 21.47 8.95 0.55 48.38

4 Discussion
4.1 Alfalfa remote sensing recognition and area extraction

Remote sensing recognition of alfalfa remains a challenge. The complex planting and growth characteristics of
cultivated alfalfa combines the features of natural grassland and field crops, such as sowing and harvesting patterns of crops,
phenological phases of natural grassland. Therefore, it is necessary to comprehensively consider various factors, such as
farming method, sowing time, harvest time, growth period, phenological characteristics, and cutting time to develop simple
and easy-to-implement algorithms to efficiently identify and classify alfalfa on a large scale.

This study presented a novel automated method for large-scale alfalfa identification using optimized Sentinel-2 data
and based on the growth characteristics of cultivated alfalfa. The method, called the “trough recognition algorithm”, achieved
high-accuracy alfalfa identification and obtained a 10-m spatial resolution alfalfa map. The method has the following
advantages: (1). The 10-m alfalfa map was derived from the 10-m Sentinel-2 images, which may facilitate the mapping of
smallholder alfalfa fields that are not achievable from MODIS or Landsat images due to their coarseness and lack of high
spatial resolution. Moreover, we interpolated the Sentinel-2 data to obtain a complete time series data set, filling in the
abnormal values affected by clouds and thereby improving the identification accuracy; (2). Using GEE platform to process
large-scale remote sensing data, it overcome the problems of cloud cover and insufficient computing resources in traditional
remote sensing methods, and enhanced the processing efficiency and quality of remote sensing data; (3). The method was a
fully automated method that did not rely on manually labeled sample data (training data), reflecting the low-cost, convenient
and fast mapping process with strong generality and scalability; (4). It can not only accurately extract alfalfa spatial
distribution information from complex and diverse crop types, but also eliminate the variability between different alfalfa
fields in the same area and the interference from other crops, achieving high accuracy. Thus, this method has great application

potential for the monitoring of large-scale cultivated alfalfa grassland.
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Moreover, few studies have made results on large area alfalfa recognition, but there are studies on other crops
recognition. For example, Zhang et al. (18) achieved fine-scale remote sensing monitoring and mapping of winter wheat in
Shandong Province, China, using AEMMS method. They showed that the AEMMS method could generate high-accuracy
(the OA of 95.5%, Kappa coefficient of 0.91) and high-resolution (10 m) winter wheat mapping products with strong stability
and adaptability. It is similar to ours, as both rely on NDVI time series and crop growth characteristics for identification
without training data, demonstrating its potential for large-scale crop recognition.

Nevertheless, there are some limitations of trough recognition algorithm. The alfalfa VIs depends on the environmental
conditions in each year and area. Climatic factors such as precipitation or temperature can affect the alfalfa growth and
cutting frequency. Thus, it needs to be adjusted for different areas based on local field conditions and to set reasonable MPP
values and peak-trough numbers for accurate extraction of cultivated alfalfa spatial distribution. The result of the analysis
on the MPP values of 144 sample plots in the study area (Table 3) showed that the values varied depending on the
geographical location and cutting time of alfalfa fields. The reasonableness of the MPP value directly influences the accuracy
of alfalfa identification and thus the estimation of cultivated alfalfa area and yield.

Table 3. Minimum Peak Prominence value

Indicators The first cutting The second cutting The third cutting
Maximum value 0.8731 0.7735 0.6714
Minimum value 0.4052 0.3609 0.3252

Average value 0.5823 0.4752 0.4142

Variance 0.0128 0.0240 0.0162

Standard deviation 0.1129 0.1551 0.1271

In addition, due to the high cloud cover for wet areas or mountainous areas, there was no available cloud-free pixel in
the adjacent time series, resulting in incomplete NDVI time series that may hamper subsequent analysis. Therefore, in the
future research, the method of fusing multiple optical remote sensing data (e.g., Sentinel-2, Landsat and other high-resolution
images), and Synthetic-Aperture Radar (SAR) data (e.g., Sentinel-1), which was less affected by cloud cover. Combining
the advantages of various remote sensing can enhance the image quality and extract diverse crop features, which can improve
crop identification accuracy in wet areas.

The cultivated land boundary used in this study was based on the 10-m resolution land-cover data, which only

distinguishes large areas of cultivated land from other features (e.g., residential areas, woodland, grassland, etc.). It does not
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capture the detailed boundaries of fields owned by different farmers or companies. Therefore, the alfalfa pixels identified do
not allow more fine-grained analysis based on field units in the subsequent integrated analysis, resulting in “empty windows”
(some pixels in the same alfalfa field are not recognized as alfalfa due to different growth conditions) and underestimation
of alfalfa area. New methods for extracting farmland boundaries are needed to address this issue. Future research on alfalfa
remote sensing recognition can also incorporate more factors (such as agricultural operation time nodes, crop growth periods,
field vegetable growth and harvest characteristics, meteorological factors) combining machine learning algorithms to
enhance the accuracy of alfalfa remote sensing recognition and provide more reliable data support for rational alfalfa
management.

4.2 Alfalfa yield estimation and analysis

Satellite VIs can provide real-time data for dynamic macroscopic monitoring of crop growth and yield estimation, which
can support the construction of crop yield estimation models and complement the limitations of traditional methods in real-
time crop growth monitoring. This study applied the trough recognition algorithm to identify alfalfa over a large area and
obtained pre-harvest NDVI values for the entire study area. Based on the NDVI value, the yield model was constructed, and
the results showed that the power function yield estimation model was the best, with an accuracy of 76.5% and a R? of 0.7
between predicted and measured yield. The method and results are similar to those of previous studies. For example, Kayad
et al. (28) studied the correlation between alfalfa NDVI obtained from landsat8 data and actual yield, with R? of 0.63,
indicating that NDVI is a reliable indicator of alfalfa yield.

However, relying solely on vegetation indices for alfalfa yield estimation can be problematic (44). China has a large
and diverse arable land area with high levels of mixed cropping and low levels of large-scale planting, which constrain the
alfalfa yield estimations based on remote sensing VIs data. Especially in the Loess Plateau of China, where terraced fields
with fragmented blocks are common, making it even more difficult to estimate its yield. Other issues include NDVI
saturation, remote sensing satellite data accuracy, atmospheric correction effects (45), which affect the accuracy to different
extents and need to be considered in future development of remote sensing-based yield estimations. previous studies have
suggested that incorporating multiple VIs and environmental factors can improve yield prediction for different crops. Iniyan
et al. (46) proposed a method to predict wheat and rice yield based on multiple VIs and environmental factors derived from
MODIS and Sentinel-2 image data in India, and used support vector machine (SVM) to for model building and prediction.
The prediction results reached more than 90%. Therefore, the future studies should Compare different VIs models for alfalfa
yield estimation, and incorporate more variables, such as altitude, slope, evapotranspiration, and precipitation into the yield

estimation model. This would enhance the model’s generalizability and applicability across regions and provide important
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scientific and technological support for the integrated management and planning of alfalfa grassland and other crops.

5 Conclusions

In this study, Zhangye, Jinchang, and Wuwei cities of the Hexi region in Gansu Province were selected as the study
area. The GEE platform was used to optimize Sentinel-2 data for the study area to generate a cloud-free NDVI time-series
dataset. And the alfalfa recognition algorithm was developed to automatically identify the peak-trough features of the NDVI
time-series data to extract alfalfa spatial distribution information. And the macroscopic monitoring of alfalfa yield was
achieved in the study area by constructing yield estimation models based on the field data. The conclusions are as following:

1) The interpolation optimization of the NDVI time-series data of cultivated alfalfa crop was significantly effective and
resolved the faults and outliers of the original NDVI time-series curve.

2) Using the optimized Sentinel-2 data and the proposed peak-trough recognition algorithm, it achieved high recognition
accuracy with PA of 98.51%, UA of 91.67%, OA of 94.26% and kappa coefficient of 0.88. The remote sensing identified
alfalfa cultivation area in the region in 2020 was 46,793.21 hm?, mainly distributed in areas north of the Qilian Mountains.

3) NDVI had a strong correlation with alfalfa hay yield, and the power function regression models had the best
performance with all R? values above 0.65 and were suitable for alfalfa hay yield estimation in the study area.

4) The regression calibration error between the predicted and measured yield using the models was relatively low, with
R? above 0.6, stable MREs within 20% and uniform dispersion of predicted data, indicating the alfalfa yield estimation
algorithm based on searching for peak NDVI values performed well and had good potential for future applications.

5) The annual unit hay yield of four alfalfa cuttings in the study area was estimated at 17,497.55-32,962.10 kg/hm?,

with a total hay yield of 48.38x107 kg and an average hay yield of 4,464.95 kg/hm?.
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