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Abstract

In the study, a method of automated detection of croplands and natural grasslands using
multi-year time series of the vegetation indices was developed and implemented. The metho-
dology is based on a new recognition feature enabling identification of all lands cultivated over
a long period. The new recognition feature was calculated from time series of the MODIS vege-
tation indices. It takes into account both intraseasonal and interannual characteristics of
the vegetation period for arable lands with spring and winter crops, as well as for natural
grasslands. The methodology determines: the procedure of obtaining time series of the NDVI
and EVI vegetation indices for the period from March to November in the given years; gene-
ralization of the time series by land cover categories and agro-climatic zones; dates for calcu-
lating the recognition feature in each zone; calculation of the recognition feature; adaptation
of the decision rules to the regional environmental conditions (threshold values for the agro-
climatic zones); procedure of classification into croplands and grasslands. Croplands within
the territory of the European part of Russia were mapped for the period from 2000 to 2016.
The assessment of recognition accuracy and comparison of the results with the existing products
confirm that the developed recognition feature can be successfully used for cropland detection
and can improve the accuracy of data interpretation when applied along with other features.
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Introduction

During the recent years, monitoring of agricultural land using remote sensing data
has become an increasingly urgent issue, from both practical and research perspective.
Of major interest are automated mapping of cultivated and abandoned croplands [1, 2],
crop recognition [3, 4], and cropland-use intensity assessment [5]. On a regional
scale, this requires data with large spatial coverage, high temporal resolution, suffi-
cient spatial resolution, and minimal cost. Data collected by the MODIS instrument
installed either on the TERRA and AQUA satellites appear to meet all these criteria.
Most standard techniques for cropland mapping are based on the time-series analysis
of vegetation indices using parametric (maximum likelihood classifier method [6-8])
and non-parametric (decision tree classifier [8-10], random forest [11-13], support
vector machine [1, 14], artificial neural network [5, 8, 15], etc.) classifiers. The most
complete list of methods for cropland mapping has been compiled by Chen et al. [16].

This study proposes a new recognition feature for cropland mapping based on
the analysis of long-term time series of the MODIS vegetation indices. A method for
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automated detection of crop- and grasslands using the proposed feature was devel-
oped and realized for the European part of Russia.

1. Materials and Methods

1.1. Source data. The analysis was carried out on 16-day composites of the
NDVI and EVI vegetation indices based on the MODIS data with a spatial resolution
of 250 m (MOD13Q1 and MYD13Q1 products), which were obtained for the obser-
vation period of 2000-2016 over the entire territory of European Russia covered by
seven MODIS granules (h19v02, h19v03, h20v02, h20v03, h20v04, h21v03, and
h21v04). We also used spectral data (MOD/MYDO09QL1 products) and the MODIS
land cover model (MCD12Q1), as well as suitable (cloudless) data from the Landsat
satellites for the observation period of 2000-2015 (path 172-174, row 15-29) and
the Landsat TM image mosaics 5 by 6 degrees size (Tri-Decadal TM Mosaics) from
the US Geological Survey (USGS) [17].

All calculations were carried out with software written in R-language using the
following packages: MBA [18], mgcv [19], rgdal [20], and raster [21].

1.2. Preparation of training sites. At the initial stage of the study, we prepared
training sites for the land cover of three types: fields planted with spring and winter
crops, as well as areas with natural grass vegetation. The Landsat data were used as
the reference geodata to differentiate between two land cover types: cropland and
land with meadow grass vegetation. Then, we analyzed the multi-season images (the
MOD/MYDO09Q1 data synthesized in the band1-band2-band1 combination), which
made it possible to assign the fields to either spring or winter crops of certain years.
In the spring images, spring crops were pink or purple and most often had a uniform
texture. In June—July, depending on the region and the farming system, a peak in the
vegetation of spring crops was observed; the fields turned green (of various shades,
depending on the crop type). After the harvesting period (August, September), the
fields with open soil began to take on shades from pink to brown again. Winter crops
were clearly visible in the spring images, as well as in the images taken in late au-
tumn; their color was bright green and they had a homogeneous structure. Due to the
spatial resolution (250 m) of the MODIS data, the size of the training sites was at
least 1 per 1 km, i.e., 4 by 4 pixels. When choosing trainings, the maximum possible
regularity of their spatial distribution was ensured. As a result, 4020 training sites
were selected over the territory of European Russia for different years: 618 for 2000,
988 for 2008, 782 for 2011, 734 for 2012, and 898 for 2015.

Since the time of meadow grass vegetation and the schedule of crop sowing and
harvesting differ between the regions, time series of the vegetation indices must be
analyzed separately for different agro-climatic zones. For this reason, each agro-
climatic zone was assigned an individual code based on the corresponding map [22].
Moreover, each MODIS granule was processed separately, because their combined
mosaic is too large.

As a result, an attributive database was created for the selected trainings. The da-
tabase includes the following information: Year — the year of the image, in which the
training was allocated; Type — the land cover type, to which the training site belongs
(1 — spring crops, 2 — winter crops, 3 — natural grass vegetation); Zone — belonging to
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particular agro-climatic zones digitized from the map of agro-climatic resources of
the USSR [22]; Scene — the nomenclature of the granule.

1.3. Analysis of time series of the vegetation indices. For each training, using
16-day composites of the MODIS vegetation indices, the NDVI and EVI values were
assigned to all selected dates of the corresponding year. The index value for a certain
date was considered acceptable if the pixel value on reliability raster equaled 0 (good
data) or 1 (marginal data). Otherwise, the value of the vegetation index attribute field
was considered 0 and this record was excluded from further analysis.

With the help of the obtained database, the NDVI and EVI time series were ana-
lyzed for each land cover type in all agro-climatic zones and during all years under
consideration. The agro-climatic zones with fewer than 20 trainings of each type
were excluded from the analysis. These are the focal agriculture zone and the north-
ward zones.

The next step was to analyze of the seasonal dynamics of vegetation indices in
training pixels. For each training, according to MOD/MYD13Q1, the NDVI and EVI
time series were plotted for the period from March to November of the corresponding
year (taking into account the quality band values). A total 8040 time series were plot-
ted (2 indices for 4020 trainings). The time series were generalized for each land
cover type and agro-climatic zone using the average, median, and smoothing splines
included in the method of generalized additive models [19]. The seasonal dynamics
of the vegetation indices in 2008 for the training sites of all three land cover types in
one of the studied zones is shown in Fig. 1. Here, the dynamics of the average, median,
and model approximation of each index can also be seen.
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Fig. 1. Seasonal dynamics of the NDVI and EVI indices obtained using the MODIS data
in 2008 for the fields with spring and winter crops, as well as for the natural grasslands
(the zone with the accumulated temperatures above 10 °C from 2800 °C to 3400 °C)
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Fig. 2. Seasonal dynamics of the NDVI and EVI vegetation indices generalized by three types
of land cover (a) and difference between the indices of spring and winter crops (b) in 2008 for
the zone with the accumulated temperatures above 10 °C from 2800 °C to 3400 °C

The behavior of the generalized time series for all three land cover types in the same
axis and the dynamics of difference between the indices values of spring and winter
crops are presented in Fig. 2. The plots clearly demonstrate the seasonal variations in
the vegetation indices of spring and winter crops, which are also typical for other years.
The following recognition feature, which can separate croplands from grasslands was
proposed based on the analysis of the dynamics of the indices. On the plots (Fig. 2, b),
we can see that the absolute value of difference between the indices for spring and
winter crops has two maximums: the first one occurs in May, while the other takes
place in July. Due to the rotation of spring and winter crops in the arable area, the dif-
ference between the vegetation indices calculated on these dates will have greater
variability from year to year than in the area with natural grass vegetation.

As a measure of variability, a variance or standard deviation of the difference be-
tween the values of the vegetation index on these dates as estimated over 17 years
(from 2000 to 2016) can be assessed. The dispersion for croplands should be greater
than for grasslands.

1.4. Calculation of the recognition feature and classification. To calculate the
recognition feature, we determined two dates for each agro-climatic zone of Europe-
an Russia that are the minimum and maximum values of the difference between the
indices of spring and winter crops (based on the analysis of the NDVI and EVI gen-
eralized time series in training pixels), respectively. Dates are based on the
MOD/MYD13Q1 time resolution (Table 1).

The calculation of the recognition feature — the standard deviation (SD) of the differ-
ence between the values of the vegetation index on these dates was carried out both for
NDVI and EVI. At the same time, the study area was initially masked to exclude lands
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Table 1

Dates corresponding to the minimum and maximum values of the difference between the in-
dices of spring and winter crops

Agro- NDVI EVI
climatic Date (day of Date (day of Date (day of Date (day of
zone the year) of mini- | the year) of maxi- | the year) of mini- | the year) of maxi-
code mum difference mum difference mum difference mum difference
3 May 17 (137) July 28 (209) May 17 (137) July 28 (209)
4 May 9 (129) Aug 5 (217) May 17 (137) July 28 (209)
5 May 9 (129) July 28 (209) May 17 (137) July 20 (201)
6 May 9 (129) July 20 (201) May 9 (129) July 20 (201)
7 May 1 (121) July 20 (201) May 1 (121) July 20 (201)
8 May 1 (121) Aug 13 (225) May 1 (121) Aug 5 (217)
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Fig. 3. Standard deviation of the difference of EVI values: territory of the Melekessky district
of the Ulyanovsk region (on the left) and the Alekseevsky district of the Volgograd region

(on the right)

kg

that obviously did not belong to the category of croplands or grasslands using
the MODIS land cover model (MCD12Q1). For each pixel of the unmasked territory,
the standard deviations sdypyi and sdgy; were calculated, for which: 1) a particular agro-
climatic zone and two corresponding dates were defined for each pixel; 2) in each
year from 2000 to 2016, differences between the index values on these two dates
were calculated; 3) the standard deviation of the difference was calculated.

Some fragments of the result for sdey, are shown in Fig. 3. In the image, typical
regular spatial structures with high sdg\, values (brown) corresponding to cultivated
croplands are clearly visible. Low values of sdey,, which are displayed in green, cor-
respond to grasslands and are mostly allocated along the river valleys.

The assignment of pixels to croplands and grasslands was carried out using
the threshold classification. For a more accurate adaptation of the decision rules to
the regional environments of European Russia, a detailed zoning of the territory was car-
ried out. The accumulated temperatures above 10 °C were used for zoning. To calculate
this indicator, open data from the RosHydromet weather stations (long-term daily
observations of the air temperature and precipitation at weather stations in Russia and
the former USSR) were processed [23]. Spatial interpolation to the study area was
performed using the multilevel B-spline approximation method [18, 24]. Following
that, zones with a step of 250 °C were allocated.
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Fig. 4. Estimates of the density functions of conditional probability: left column —
P(sd\py, | cropland) and P(sd,p,, | grassland); right column — P(sd., |cropland) and
P(sdg,, | grassland) ; top row — estimate of the entire sample of training pixels; middle row —
estimate by subsample within the zone with the accumulated temperatures above 0 °C from

2500 °C to 2750 °C; bottom row — estimate by subsample within the zone with the accumu-
lated temperatures above 0 °C from 3000 °C to 3250 °C

The sample of pixels belonging to the training sites allowed us to explore the
distribution of values of the sdypvi and sdey, recognition features for the classes of
croplands and grasslands, to assess the degree of their separability, and to determine
threshold values.

In Fig. 4, the estimates are given for the conditional probability density functions
(P(sdyp, | cropland) , P(sd,p,, | grassland) , P(sd,, | cropland), P(sd.,, | grassland) )

which were obtained both for the entire sample and for subsamples within different
zones. In the parts of this figure, the red histograms correspond to the sample of training
pixels of croplands, while the green histograms indicate the sample of training pixels of
grasslands.

The Hellinger distance was calculated as a separation measure of distributions [25]:

©

H=(P1,P2)={2(1—j Pl(u),Pz(u)duH ,

—o0

where P, (u), P,(u) are conditional probabilities of the classification feature.
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The H value can vary from 0 (complete coincidence of histograms) to 2 (com-
plete separability of histograms). In our case, the Hellinger distance for both features
(sdnpvi and sdgy,) varies from 0.7 to 1.3 depending on the zone. The separability of
classes is satisfying (the lower threshold of the Hellinger distance is normally 0.4).
Then, an independent classification was carried out for each of the classification fea-
tures (sdnpvi and sdevy). The results of the independent classifications were integrated:
only the pixels assigned to the corresponding class by both recognition features were
classified as croplands and grasslands.

2. Results and Accuracy Assessment

As a result of the classification, a raster layer of croplands and grasslands for the
European territory of Russia was obtained (Fig. 5).

20°E 30°E  40°E  50°E  60°E  70°E

60°N

50°N

° Cropland recognition results
B By both indices
0 250 500 S By EVI

40°N

Fig. 5. Cropland recognition results

To assess the accuracy of mapping, the results of manual digitizing of croplands
from the multi-seasonal Landsat 8 images for 2014-2016 at eight control sites were
used: 1 — a part of the Izh River basin (Udmurt Republic); 2 — the Mesha River basin
(Republic of Tatarstan); 3 — a part of the Sviyaga River basin (Ulyanovsk region);
4 — the Ulema River basin (Republic of Tatarstan); 5 — the Veduga River basin (Vo-
ronezh region); 6 — a part of the Medveditsa River basin (Saratov region); 7 — a part
of the Samara River basin (Orenburg region); 8 — a part of the Kuma River basin
(Stavropol territory) [26].

To assess the accuracy of cropland mapping, the boundaries obtained by automated
classification were compared with the boundaries of croplands obtained by the manual
vectorization of Landsat 8. The sites of agreement and disagreement were identified.
Their areas were calculated. An error matrix was created. The accuracy and omission
and commission errors were calculated (Table 2).
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Table 2
Accuracy and errors
River basin Izh |Mesha | Sviyaga | Ulema | Veduga | Medveditsa | Samara | Kuma
User’s accuracy, % |57.76| 74.44 | 75.59 | 74.77 | 74.31 80.44 79.94 | 77.04
Producer’s 59.79| 83.69 | 78.84 | 90.42 | 85.67 | 89.09 | 78.17 |84.62
accuracy, %
Com”})'ss'on 4224|2556 | 24.41 | 2523 | 25.69 | 19.56 | 20.06 |22.96
error, %

Omission error, % |40.21] 16.31 | 21.16 | 9.58 | 14.33 10.91 21.83 |15.38

Table 3
Accuracy of cropland recognition on the TerraNorte RLC model and errors
River basin Izh |Mesha | Sviyaga | Ulema | Veduga | Medveditsa | Samara | Kuma
User’s accuracy, % | 77.48| 85.88 | 81.93 | 84.63 | 83.67 88.74 90.00 |83.68
Producer’s 4379|7875 | 84.26 | 79.48 | 79.38 | 8222 | 7053 |77.22
accuracy, %
Commission 2252|1412 | 1807 | 1537 | 1633 | 11.26 | 10.00 |16.32
error, %

Omission error, % |56.21| 21.25 | 15.74 | 20.52 | 20.62 17.78 29.47 |22.78

The mapping accuracy in almost all cases is higher than 75%. Thus, the proposed
recognition feature that separates croplands from grasslands can be used among a hum-
ber of other features.

In addition, the mapping results were compared with the boundaries of croplands
obtained from the TerraNorte RLC model (the land cover map of Russia) [27]. These
boundaries were also compared with the data obtained by the Landsat 8 vectorization.
An error matrix was created, and the accuracy and errors were estimated (Table 3).

As evident from Tables 2 and 3, for all control sites, the user’s accuracy for
the obtained classification results is lower than the same accuracy for the data from
the TerraNorte RLC map, while the producer’s accuracy is higher (except for the Svi-
yaga River basin). This means that the results of the classification carried out accord-
ing to the proposed methodology have fewer omission errors, i.e., fewer pixels be-
longing to croplands were skipped. Moreover, a greater number of pixels, which do
not belong to croplands according to the control data, were classified as croplands.

The differences in accuracy can be explained by the different duration of time
series of the used input and verification data. Since the MODIS data obtained in
2000-2016 were used in this study for classification, the result is the boundaries of
all croplands cultivated during this period. The borders of the cultivated croplands on
the TerraNorte RLC model are relevant for 2014, so its area here is obviously smaller.
Furthermore, verification data were obtained from the 2014—2016 images, i.e., they
almost coincide in date with the TerraNorte model. Taken together, these two points
led to higher values of commission errors in the results obtained in this work.
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Pacno3HaBaHue NaxXOTHBIX yFO}]l/Iﬁ AJIUTECJIBHOTO IMOJIb30BAHUSA
0 JaHHBIM BPEMEHHBIX PAAOB BEr¢TalilMOHHbLIX HHACKCOB MODIS

M.A. Heanos, C.C. Myxapamosa, O.11. Epmonaes, b. Dccyman-Kyaiiny

Kaszanckuii (Ipusonsicckuil) pedepanvvlil ynugepcumem, 2. Kazanw, 420008, Poccus

AHHOTANUS

B crathe mpemiokeHa METOJMKAa aBTOMATH3HPOBAHHOTO PACIIO3HABAHWS IMAXOTHBIX YTOJMMA, WC-
MOJIb3yEMBIX B MHOTOJICTHHI TIEPHOJ, MO BPEMEHHBIM pSJaM BETeTAIMOHHBIX WHIEKCOB. PazpaboTan
HOBBIH JeH()POBOYHBIN MPU3HAK, KOTOPBIH OJMHOBPEMEHHO YYUTHIBACT BHYTPHUCE30HHBIC M MEKIOI0-
BbIC OCOOCHHOCTH BETETAllMH, C IETbI0 OTICICHUSA MaXOTHBIX YIOAWM OT €CTECTBEHHOT'O TPaBOCTOS.
J171st 9TOTO € OMOIIBIO METOJOB T€OCTATUCTUKH M TeOUH(OPMAIIOHHOTO MPOCTPAHCTBEHHOTO aHaIn3a
OBUIM pelleHbl clenyrouue 3aaaqn: (GOopMUpOBaHME apXuBa NaHHBIX /133, BKiIIOuYas BereTalMOHHBIC
naaexcsl NDVI u EVI MODIS 3a neprox 2000-2016 rr.; coznanue 00y4aromux BEIOOPOK IS SIPOBBIX
¥ O3UMBIX KyJIBTYpP U €CTECTBEHHOU JIyTOBOM PACTHTEIFHOCTH; IOCTPOCHHE M aHAITN3 BPEMEHHBIX PSIIOB
BETCTAIIMOHHBIX WHJICKCOB C YYE€TOM arpOKIMMAaTHYCCKOTO 30HHPOBAHUS; pacdyeT JeIU(PPOBOYHOTO
MPU3HAKA; PACIIO3HABAHUE TTaXOTHBIX 3eMelb M OIICHKA TOYHOCTH. Ha OoCHOBe pa3paboTaHHOTO MpU3HAKa
MPOBEJICHO paclo3HaBaHUE MaXOTHBIX YroJauil Ha Teppuropuu EBporneiickoit yactu Poccuun. TouHOCTD
Pe3yabTaTOB ACIH(PHPOBAHKS OIICHUBAIACH ITyTEM COIMOCTABICHUS C PE3yJIbTATAMH PYYHOI BEKTOPHU-
3alUM MaxXOTHBIX Yroauid mo JaHHeIM Landsat Ha BOCBMH KOHTPOJBHBIX YYacCTKaX, PAacHOOXKEHHBIX
B Pa3NUYHBIX JaHAIA(THBIX 30HaX. OeHKa IPOBOIMIACH C TOMOMLIBIO MaTpHIb omubok. Kpome toro,
Pe3yIbTaThl CPaBHUBAJIKCH C MOJIENBIO 3eMHOTO MokpoBa TerraNorte RLC, moiy4eHHO# ApyruM MeTo-
oM. PaccuntaHHbIe 3HAUEHHS MTOKA3aIH BBICOKYIO TOYHOCTh M COIIOCTaBUMOCTD JTAaHHBIX. Takum oOpa-
30M, pa3paboTaHHbBIH JeMU(POBOYHBIA MPU3HAK MOXKET HCIOIB30BAThCS KaK CAMOCTOSATENBHO, TaK W
COBMECTHO C JIDYTMMH TIpU3HAKAMH Ui TOBBIIICHUS TOYHOCTH jenindpupoBanus. HayduHo-
HpaKTquCKOﬁ HIEHHOCTBIO 06)’[3}13}0T u l'lOJ'[y‘leHHbIe HpOCTpaHCTBeHHbIe JAHHBIC O IMaXOTHBIX yl"Olle[X,
l/ICl'lO.]'l])3yeM]>IX Ha l'[pOTﬂ)KeHI/II/I 60)’[]:]_[]01"0 nepno;la BpeMeHI/I.

Kmouessle cioBa: MODIS, NDVI, EVI, naxotnsie yroabs, EBponeiickast yacts Poccun

Baarogapaocts. VccieoBanue BBINOJIHEHO B PAMKaX HAYYHOrO Mpoekta POCCHIICKOT0 Hay4HOTo
¢donma Ne 19-17-00064.
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