
EVALUATING MULTITEMPORAL SENTINEL-2 DATA
FOR FOREST MAPPING USING RANDOM FORESTText

T he m appin g of la n d c over usin g rem otely sen sed data is m ost effec tive when  a rob ust
c la ssific a tion  m ethod is em ployed. Ra n dom  forest is a m odern m a c hin e learn in g a lgorithm  that
ha s rec en tly ga in ed in terest in  the field of rem ote sen sin g due to its non-para m etric  n a ture,
whic h m a y b e b etter suited to ha n dle c om plex, high-dim en sion a l da ta tha n  c on ven tion a l
tec hn iques. In this study, the ra n dom  forest m ethod is applied to rem ote sen sin g data from
ES A’s S en tin el-2 satellite progra m , whic h wa s la un c hed in  2015 yet rem a in s rela tively un tested
in  sc ien tific  literature with respec t to c la ssifyin g forest types. In a study site of b oreo-n em ora l
forest in  Ekerö m ulic ipa lity, S weden , a c la ssific a tion  is perform ed for six forest c la sses b a sed
on  Ca da sterENV S weden , a m ulti-purpose la n d c over m appin g a n d c ha n ge m on itorin g progra m .
T he perform a n c e of S en tin el-2 is in vestiga ted in  the c on text of tim e series to c apture
phen ologic a l c on dition s, optim a l b a n d c om b in a tion s, a s well a s the in fluen c e of a n c illary
in puts. Usin g two im a ges from  the sprin g a n d sum m er of 2016, a n  overa ll m ap a c c ura c y of
86.0% wa s a c hieved. T he red edge, shortwa ve in frared, a n d visib le red b a n ds were c on firm ed to
b e of high va lue. Im porta n t fa c tors con trib utin g to the result in c lude the tim in g of im a ge
a c quisition, use of a fea ture reduc tion  approa c h to dec rea se the c orrela tion b etween  spec tra l
c ha n n els, a n d the a ddition of a n c illary data that c om b in es topographic  a n d edaphic
in form ation. T he results suggest that ra n dom  forest is a n  effec tive c la ssific a tion  tec hn ique that
is partic ularly well suited to high-dim en sion a l rem ote sen sin g data.

Ma c hin e learn in g tec hn iques ha ve b ec om e in c rea sin gly popular within  a rem ote sen sin g
c on text, due in  part to the evolvin g n a ture of satellite data sets, whic h ha ve b ec om e
progressively larger a n d den ser over tim e. Ra n dom  forest is a type of non-para m etric  m a c hin e
learn in g a lgorithm , whic h does not rely on a ssum ption s of data distrib ution  e.g. norm a lity, a n d
are gen era lly m ore a c c urate tha n  para m etric  tec hn iques suc h a s the widely-used m a xim um
likelihood tec hn ique. By em ployin g the b ootstrap a ggrega tion  tec hn ique, ra n dom  forest is less
sen sitive to overfittin g. T his m ethod ha s b een  selec ted to perform  a pixel-b a sed c la ssific a tion
for this study, due to its c om b in a tion of ea se-of-use, rob ustn ess to noise, a s well a s its
dem on strated perform a n c e. Addition a lly, ra n dom  forest is c om putation a lly light a s well a s
b ein g sim ple to set up a n d a utom ate c om pared to other non-para m etric  c la ssifiers suc h a s
S upport Vec tor Ma c hin e, a n d c a n  b e ea sily im plem en ted in  open -sourc e pla tform s suc h a s R
a n d Python ’s sc ikit-learn  lib rary.

T his study seeks to con trib ute to the state-of-the-art b y in vestiga tin g the followin g researc h
question s: (1) how c a n  S en tin el-2 b e b est utilized for future forest c la ssific a tion  studies, at a
region a l to n ation a l sc a le? (2) How do b a n d c om b in a tion s, tim e series, a n d a n c illary data a ffec t
m ap a c c ura c y, a n d how c a n  these varia b les b e a djusted to produc e a n  optim a l result? (3) How
effec tive are m a c hin e learn in g tec hn iques in  the c on text of rem ote sen sin g? T he study area for
this projec t is the m un ic ipa lity of Ekerö, a group of isla n ds in  la ke Mälaren  in  southea st S weden
with a la n d surfa c e area of ~218 km 2.
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S en tin el-2 im a gery from  Ma y 2, J uly 21, a n d August 28, 2016 were selec ted for this study a s they c on ta in  n egligib le c loud/ha ze c over a n d
oc c ur within  the vegetation period. A m odified Topographic  W etn ess In dex, a rela tive m ea sure of m oisture status, wa s in c luded a s a n
a n c illary in put - a c om b in a tion of 2 ra sters with differen t weights: a Depth-to-water (70% weight) con ta in in g soil data, a n d a DEM-derived
Topographic  W etn ess In dex (T W I) (30% weight). Together, the c om b in ed produc t c a lled S oil Topographic  In dex (S T I) provides in form ation
on b oth topographic  a n d edaphic  c on dition s, a proxy for soil tra n sm issivity, a llowin g for b etter predic tion s of poten tia lly saturated area s
where soils are n ot un iform . S pec tra l a n d a n c illary data were extra c ted to 663 field referen c e poin ts. A ra n dom  forest m odel wa s then
fitted to this da ta, a n d the OOB error used to determ in e optim a l in put para m eters in  term s of b a n d c om b in a tion s, tim e series, a n d
a n c illary da ta. T he fitted m odel with the lowest OOB error wa s used to produc e a c la ssific a tion  ra ster, verified via 10-fold c ross va lida tion .

An overa ll m ap a c c ura c y of 86.0% wa s a c heived. Produc er’s a c c ura c y varied b etween  90.8% for dec iduous hardwood forest a n d 81.7%
for m ixed c on iferous forest, a n d User’s a c c ura c y varied b etween  93.2% for dec iduous hardwood a n d 81.8% for m ixed c on iferous-
dec iduous forest. Cla ssific a tion s perform ed usin g 2 im a ges were on a vera ge over 5.3% m ore a c c urate tha n  sin gle-date a c quisition s. It
wa s determ in ed that the Ma y 2 / J uly 21 com b in a tion yielded the highest m ap a c c ura c ies. T he a ddition of the 3rd, late sum m er (August
28) im a ge reduc ed overa ll a c c ura c y slightly. T he in c lusion  of the m odified S T I in c rea sed overa ll a c c ura c y in  m ultitem pora l m odels b y
n early 2%, a n d higher in  dec iduous c la sses (up to 3.3% avg in c rea se).
To determ in e varia b le im porta n c e, 2 variation s of a Rec ursive Feature Elim in a tion approa c h were eva lua ted. First, ra n dom  forest’s own
varia b le im porta n c e ra n kin g wa s tested. S ec on d, varia b les were m a n ua lly rem oved stepwise on the b a sis of their OOB error, avera ged
over 5 tria ls. Both m ethods produc ed sim ilar results. T he lowest error rates were a c hieved with a 4-b a n d c om b in a tion : 1 in  the visib le
ra n ge, 2 in  the red edge ra n ge, a n d 1 shortwa ve in frared. T he spec ific  b a n ds a m on gst these produc in g the b est results were the visib le
red (b 4), red edge b 6 a n d b 7, a n d S W IR2 (b 12).
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DIS CUS S ION
As differen t pla n t spec ies respon d to b iologic a l proc esses suc h a s
pigm en tation  a n d sen esc en c e in  un ique wa ys a n d at differen t rates, it
follows that usin g m ultitem pora l im a gery to c apture differen c es in
foliar presen tation would help separate forest c la sses that m a y b e
spec tra lly sim ilar in  a n y 1 sin gle a c quisition im a ge. Although a tim e
series gen era lly im proves a c c ura c y, there appears to b e a lim it in
c erta in  in sta n c es where on c e rea c hed, there is a tra deoff b etween
in form ation effic a c y a n d redun da n c y, where a ddition a l sc en es c on ta in
irreleva n t deta ils that m a y effec t the a b ility to disc rim in a te b etween
c la sses. S im ilarly, exc ludin g highly-c orrela ted b a n ds in  the m odel
in c rea sed a c c ura c y b y rem ovin g redun da n t in form ation . T he
c orrela tion c oeffic ien t m atrix helps expla in  the va lue of a c om b in a tion
of visib le, red edge, a n d shortwa ve in frared b a n ds for forest
c la ssific a tion  b y showin g whic h spec tra l in form ation is redun da n t to
the c la ssifier.
T he results c on firm  that sprin gtim e a c quisition s were m ost critic a l in
the separation  of the c la sses. T his fin din g c orrob orates pa st studies
whic h use a c quisition s from  the start or the en d of the growin g
sea son . However, trees durin g a utum n  sen esc en c e are m ore
susc eptib le to frosts a n d win d that m a y c on trib ute to prem ature lea f
rem ova l. Furtherm ore, S weden ’s loc a tion at higher latitudes c a n
in troduc e n oise rela ted to differen t c a n opy illum in a tion a n gles a n d
in ten sity, wea ken in g the disc rim in a tory power of the m odel. As solar
zen ith a n gles in c rea se a s position m oves further a wa y from  the
equa tor a n d further a wa y in  tim e from  the sum m er solstic e, the effec ts
of sha dows in c rea se, a reduc tion in  the sign a l to noise ratio oc c urs,
a n d the atm ospheric  path is lon ger, a ffec tin g the spec tra l distrib ution
of the irra dia n c e. An early-to-m id Ma y a c quisition, the approxim a te
tim e of lea f folia tion in  Ekerö, is ~6 weeks a wa y from  the sum m er
solstic e. A m id-a utum n  im a ge on  the other ha n d, could b e 14+ weeks
a fter the sum m er solstic e. T herefore, while a m id-a utum n  a c quisition
m a y ha ve b een  suita b le at lower latitudes, on e should exerc ise c a ution
when  perform in g a n a lysis on a c quisition s at higher latitudes where
these effec ts m a y a ffec t the result.

CONCLUS IONS
T he use of m ultitem pora l da ta is helpful in  c la ssifyin g forest types that m a y b e spec tra lly sim ilar in  a n y
sin gle tim e fra m e, though on e should b e c areful to selec t the appropriate tim in g of the im a ges to m a xim ize
phen ologic a l differen c es. Reduc in g the n um b er of b a n ds via a fea ture reduc tion approa c h to exc lude highly-
c orrela ted spec tra l in form a tion  m a y in c rea se overa ll a c c ura c y. Determ in in g rela tive varia b le im porta n c e a n d
c a lc ula tin g a c orrela tion  m a trix c a n  help to m a ke sen se of the fin din gs. An c illary data in c ludin g topographic
in form ation m a y c om plem en t the spec tra l in form ation in  a m odel to produc e b etter results, b ut the sc a le a n d
physic a l c hara c teristic s of the study site should b e ta ken  in to con sideration. If soil data is a va ila b le,
c a lc ula tin g a S oil Topographic  In dex m a y prove useful. Other rec om m en da tion s to im prove a c c ura c y in
future studies in c lude the in c orporation of fuzzy logic  for m ixed forest c la sses, high resolution LiDAR data
to a ssess sta n d c hara c teristic s, a n d textura l a n a lysis. La stly, the ra n dom  forest m a c hin e learn in g a lgorithm
proved to b e a sim ple yet powerful m ethod for la n d c over c la ssific a tion . As it is resista n t to overfittin g a n d
doesn ’t rely on a ssum ption s of data distrib ution , it appears to b e well suited to ha n dle future rem ote sen sin g
da ta that c on tin ues to in c rea se in  dim en sion a lity, a n d is ea sily im plem en ted in  widely-a va ila b le open  sourc e
pla tform s suc h a s Python a n d R.
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Des c rip tions of figures and tables. a: Location of Sentinel-2 tile 33VXF (outlined in red). b: location of Ekerö m unicip ality (outlined in
green). c: Vis ualization of random  forest c las s ification. Reference data (v) is labeled ac c ording to in-situ s p ecies com p osition. d: This
data set is fitted to a random  forest m odel in the training step  where a ‘forest’ of binary c las s ification trees of a random  s ubset of
inp ut variables is ‘grown’. e: The forest is then used in the p rediction of new data (Crim inisi et al., 2011). f: Correlation coefficient
m atrix for selected Sentinel-2 bands (study area). g: Mean BOA reflectance of CadasterENV c las s es for selected bands derived from
reference data, May 2 (left) and July 21 (right). h: Clas s ification m ap  p roduced using random  forest, Ekerö m unicip ality (inset of i
outlined in blue). i: Exam p le p ortion of CadasterENV c las s ification (left), 2015 CIR orthop hoto for com p arison (right).
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