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Streszczenie

Modele wzrostu drzewostanow umozliwiaja ocen¢ produkcyjnosci siedliska oraz
prognozowanie zmian zachodzacych w drzewostanie. W obliczu zmieniajacego si¢ klimatu
monitoring wzrostu drzewostanéw staje si¢ kluczowym zadaniem w gospodarce lesnej.
Niezbedne jest réwniez opracowanie metod aktualizacji tych modeli w zmieniajacych si¢
warunkach srodowiskowych. Celem niniejszej rozprawy bylo opracowanie metod kalibracji
oraz aktualizacji modeli wzrostu wysokosci drzewostanow sosny  zwyczajnej,
wykorzystujacych dane teledetekcyjne z lotniczego skanowania laserowego (ALS) i cyfrowej
fotogrametrii lotniczej (DAP). Badania mialy na celu wykazanie, ze dane te mogg zastapi¢
tradycyjne metody pomiarowe, oferujac wyzsza doktadno$¢ oraz efektywnos$é. Wykazano,
ze dane ALS pozwalaja na kalibracje regionalnych modeli wzrostu z wysoka doktadnoscia,
przewyzszajaca modele oparte na pomiarach naziemnych. Jednocze$nie udowodniono, ze dane
DAP, mimo wystgpowania systematycznych bledow pomiarowych, po odpowiedniej korekcie
moga stanowi¢ tansza i roOwnie skuteczng alternatywe dla ALS. W pracy opracowano metody
korekty btedow DAP, wykorzystujace dane referencyjne z ALS lub pomiaréw terenowych,
nawet z réznych lat, co umozliwia wykorzystanie archiwalnych zbioréw danych. Doktadnos¢
korekty zalezy od liczby zalozonych powierzchni probnych, a ich wymagana ilo$¢ moze zostac
obliczona na podstawie bledu standardowego danych DAP. Wykazano, ze modele wzrostu
skalibrowane na podstawie skorygowanych danych DAP charakteryzuja si¢ doktadnosciag
poréwnywalng do modeli opartych na ALS. Wyniki badan majg istotne znaczenie praktyczne,
oferujac narzedzia do efektywnego monitorowania i prognozowania wzrostu drzewostanow,
co jest kluczowe dla zrdwnowazonej gospodarki lesnej w warunkach zmian klimatycznych.
Praca wnosi nowe podejscie do wykorzystania teledetekcji w lesnictwie, wskazujac
na mozliwos¢ szerokiego zastosowania danych DAP oraz ALS w kalibracji 1 aktualizacji

modeli wzrostu drzewostanow.

Stowa kluczowe: LIDAR, DAP, ALS, modele wzrostu drzewostanéw, wskaznik bonitacji



Summary

Stands growth models enable the assessment of site productivity and the forecasting of changes
occurring within the stand. In the face of a changing climate, monitoring the stands growth
becomes a crucial task in forest management. It is also essential to develop methods for updating
these models under evolving environmental conditions. The aim of this dissertation was to
develop calibration and updating methods for height growth models of Scots pine stands, utilizing
remote sensing data from airborne laser scanning (ALS) and digital aerial photogrammetry
(DAP). The research aimed to demonstrate that these data can replace traditional measurement
methods, offering higher accuracy and efficiency. It was shown that ALS data allow for the
calibration of regional growth models with high accuracy, surpassing models based on ground
measurements. At the same time, it was proven that DAP data, despite the presence of systematic
measurement errors, after appropriate correction, can serve as a cheaper and equally effective
alternative to ALS. The study developed methods for correcting DAP errors, utilizing reference
data from ALS or field measurements, even from different years, enabling the use of archival data
sets. The accuracy of the correction depends on the number of established sample plots, and their
required quantity can be calculated based on the standard error of the DAP data. It was
demonstrated that growth models calibrated on the basis of corrected DAP data exhibit accuracy
comparable to models based on ALS. The research findings have significant practical
implications, providing tools for effective monitoring and forecasting of forest stand growth,
which is crucial for sustainable forest management under climate change conditions. The
dissertation introduces a new approach to the use of remote sensing in forestry, indicating the
potential for widespread application of DAP and ALS data in the calibration and updating of
forest stand growth models.

Stowa kluczowe: LiDAR, DAP, ALS, stand height growth models, site index
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2. Wprowadzenie

W ostatnich latach obserwujemy dynamiczne zmiany w ekosystemach lesnych,
szczegllnie w zakresie ich wzrostu oraz produkcyjnosci (Mensah i in., 2021; Pretzsch, 2021,
Pretzsch i in., 2014). Zmiany te majg istotny wptyw na odpornos¢ lasow oraz ich zdolnos$¢ do
adaptacji na zmiany klimatu (Pretzsch, 2009). W obliczu zmieniajgcych si¢ warunkéw wzrostu
kluczowa staje si¢ monitorowanie charakterystyk lasu w czasie rzeczywistym lub zblizonym
do rzeczywistego (Achim i in., 2022). Rownie wazna jest aktualizacja modeli wzrostu
drzewostandw, ktora uwzgledni lokalne warunki siedliskowe i rzeczywiste wzorce rozwoju
laséw. Takie modele mogg stanowi¢ istotne narzedzie wspierajgce monitoring ekosystemow
lesnych (Achim i in., 2022; Blanco Vaca & Lo Wong, 2023; Bontemps & Bouriaud, 2014).
Postep technologiczny, w szczegdlnosci rozwdj teledetekcji, dostarcza niespotykanej dotad
ilosci danych o lasach, co umozliwia tworzenie nowoczesnych modeli wzrostu,
przekraczajacych ograniczenia wynikajace z wczesniejszej niedostepnosci danych (Tompalski
i in., 2021). W kontekscie obecnych zmian $rodowiskowych niezwykle istotne jest potaczenie
tradycyjnych metod monitorowania i modelowania wzrostu lasu z wykorzystaniem danych
teledetekcyjnych. Tego rodzaju zintegrowane podejscie pozwala lepiej reagowaé na

pojawiajace si¢ wyzwania 1 wspiera¢ zrbwnowazone zarzgdzanie lasami.

Wysokos¢ drzewostanu stanowi jedna z kluczowych zmiennych stosowang w ramach
monitoringu ekosystemow lesnych, jednocze$nie odgrywajac kluczowa rol¢ jako zmienna
wejsciowa w modelowaniu wzrostu drzewostanéw (Anténio i in., 2007; Bastin i in., 2018;
Bi i in., 2010; Sharma i in., 2002; Vanninen i in., 1996). Szczegdlne znaczenie ma wysokos¢
gorna (TH), ktora jest podstawowg cechg drzewostanu. Dostarcza ona bezpo$rednich
informacji o dynamice wzrostu lasu, ktory ma posredni wptyw na magazynowanie wegla w
biomasie (Zhou i in., 2019). TH najczesciej definiowana jest jako $rednia wysokos¢ 100
najgrubszych drzew na 1 ha (Sharma i in., 2002). Takie podej$cie ma pewne ograniczenia,
poniewaz wyniki szacowania zalezg od wielkosci powierzchni probnej oraz liczby drzew na
powierzchni (Magnussen i in., 1999). W konsekwencji okreslanie TH jako 100 najgrubszych
drzew na 1 hamoze znacznie zawyzac jej rzeczywista warto$¢ (Garcia & Batho, 2005). Dlatego
coraz czgsciej nawigzuje si¢ do definicji TH zaproponowanej przez Rennollsa (1978). Wedtug
tej definicji TH definiowana jest jako srednia wysoko$¢ 100 najgrubszych drzew na ha
oszacowang dla wszystkich niepustych podpowierzchni o wielkosci 0,01 ha. Hawrylo i in.

(2024), zmodyfikowat ta definicje tak, aby mogta by¢ zastosowana do uzycia z danymi Light
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Decection and Ranging (LIDaR). Podejscie to zostalo zweryfikowane w badaniach
dotyczacych okreslania TH przy uzyciu lotniczego skanowania laserowego (ALS) (Sochai in.,
2017; Tyminska-Czabanska i in., 2021, 2022). Ostatnic badania wskazuja, ze wysoko$¢
drzewostanu, a w szczegdlnosci szacunki TH uzyskane z wysokiej jakosci danych
teledetekcyjnych, sg doktadniejsze niz pomiary terenowe (Hawrylo i in., 2024; Jurjevi¢ i in.,
2020; Sibona i in., 2017; Wang i in., 2019), dlatego rozwijanie metod modelownia i analizy na
podstawie danych z teledetekcji, zwlaszcza z ALS, staje si¢ kluczowe dla poprawy doktadnosci

inwentaryzacji zasobow lesnych i modelowania dynamiki drzewostanow.

Posiadajac doktadne dane dotyczace TH drzewostanu jesteSmy w stanie precyzyjnie
modelowac¢ jego wzrost (Socha i in., 2017; Tompalski i in., 2015). W le$nictwie wykorzystuje
si¢ roznorodne dane do modelowania wzrostu wysokosci, co pozwala na oszacowanie
produkcyjnos$ci danego drzewostanu, ktéra najczes$ciej wyrazana jest klasa bonitacji lub
wskaznikiem bonitacji (SI) (Bravo-Oviedo i in., 2010). Tego rodzaju wskazniki sg szeroko
wykorzystywane w zarzadzaniu zasobami lesnymi. Najczg$ciej wskazniki produkcyjnosci,
takie jak Sl, opieraja si¢ na modelowaniu wysokosci drzewostanu w okreslonym wieku.
Wskazniki te odzwierciedlaja rowniez jakos¢ drzewostanu, poniewaz produkcyjnos¢, czyli
mozliwa do wykorzystania czgs¢ potencjatu wzrostowego drzewostanu, moze by¢ powigzana
z jego jakoscia (Skovsgaard & Vanclay, 2008). W modelowaniu produkcyjno$ci drzewostanu
najczesciej wykorzystuje si¢ krzywe wzrostu. Tradycyjnie byly one konstruowane przy uzyciu
metod opartych na okreslonym wieku bazowym, jednak ich istotng wada jest zalezno$¢
parametrow od przyjetego wieku (Cieszewski, 2000). Wspotczesnie powszechnie stosuje si¢
metode¢ uogdlnionych réznic algebraicznych (GADA), ktora pozwala na konstruowanie modeli
wzrostu niezaleznych od wyboru wieku bazowego (Cieszewski, 2000, 2004). Dzigki temu
mozliwe jest bardziej elastyczne modelowanie zarowno anamorficznych krzywych wzrostu
(charakteryzujacych si¢ pojedynczymi asymptotami), jak i polimorficznych krzywych wzrostu

ze zmiennymi asymptotami, ktore lepiej oddajg przebieg wzrostu drzewostanow.

Dane z jakich najcze$ciej korzysta si¢ opracowywania modeli wzrostu wysokosci
drzewostandw to dane uzyskane na podstawie analizy strzaty lub powtarzalnych pomiaréw
prowadzonych na statych badz tymczasowych powierzchniach probnych (Raulier i in., 2003).
Pozyskanie danych tego typu jest czasochtonne, kosztowne i zazwyczaj ograniczone do
niewielkich, lokalnych obszarow. Modele oparte na analizie strzaly moga prowadzi¢ do

przeszacowania wzrostu TH (Marziliano i in., 2019; Raulier i in., 2003). Dodatkowo, ze

8:3018354315



wzgledu na skupienie si¢ na pojedynczym drzewie i1 zatozenie jego dominujacej pozycji,
modele te nie uwzgledniaja $miertelnosci drzew ani zmian w ich pozycji biosocjalnej, co
wplywa na dynamike zmiany TH (Raulier i in., 2003). Z kolei wykorzystanie z danych z
tymczasowych powierzchni prébnych moze skutkowaé¢ niedoszacowaniem wzrostu TH
drzewostanu (Raulier i in., 2003). Aby prawidlowo modelowa¢ na podstawie tego zrodia
danych, proba musi by¢ duza i pozbawiona btedow systematycznych w catym zakresie wieku
drzewostandw. Warto rowniez zauwazy¢, ze tradycyjne modele wzrostu wysoko$ci drzew,
bazujace na dlugich szeregach czasowych, moga by¢ niewystarczajgce do prognozowania
przysztych zmian w dynamice wzrostu drzewostanéw. Wynika to z wptywu zmieniajacych si¢

warunkow klimatycznych, ktore w istotny sposob ksztattuja tempo i charakter wzrostu lasow.

Potencjalnym czwartym Zrédlem danych do modelowania wzrostu i produkcyjnosci
drzewostanow sa dane teledetekcyjne. W ciggu ostatnich kilku dekad wykorzystanie danych
teledetekcyjnych bylo czynnikiem, ktory zrewolucjonizowal inwentaryzacje lasow. W
szczegOlInosci ALS odegrat znaczaca role w rozwoju modelowania wzrostu lasow na podstawie
danych teledetekcyjnych (Vauhkonen i in., 2014). Do tej pory dane ALS najczeSciej
wykorzystywano do oceny produkcyjnosci siedlisk przy uzyciu istniejagcych modeli wzrostu
wysokos$ci. Holopainen i in. (2010) zastosowali te dane do wyznaczania Sl dla sosny
zwyczajnej i §wierka pospolitego. Noordermeer i in. (2018, 2020) wykorzystali dane ALS do
oszacowania Sl, a Solberg i in. (2019) okreslali SI, dla pojedynczego drzewa, na podstawie
danych ALS. Dane ALS wykorzystuje si¢ juz do kalibracji modeli wzrostu i produkcyjnosci
drzewostanéw (Socha i in., 2017; Tompalski i in., 2015; Tyminska-Czabanska i in., 2021,
2022). Modele powstate do tej pory zostaly jednak opracowane dla relatywnie niewielkich
obszarow w skali lokalnej, przy stosunkowo niskim stopniu zmienno$ci warunkow panujacych
w danym miejscu. Rosnaca dostgpnos¢ danych z powtarzajacych si¢ akwizycji ALS umozliwia

monitorowanie wzrostu 1 opracowywanie modeli dla coraz wigkszych obszarow.

Oproécz rosngcego zainteresowania wykorzystaniem chmur punktow pochodzacych z
ALS w le$nictwie, chmury punktow z ukosnych zdjec¢ lotniczych o wysokiej rozdzielczos$ci
(DAP) sg coraz czg$ciej wykorzystywane ze wzgledu na nizsze koszty ich pozyskania
(Fassnacht 1 in., 2016; Hawryto 1 in., 2017, p. 20; Iglhaut i in., 2019; Tompalski 1 in., 2021;
White 1 in., 2013). Chmury punktéw DAP okazaty si¢ przydatne do oceny podstawowych
charakterystyk drzewostanow, takich jak wysoko$¢ (Guerra-Herndndez i in., 2018),

piersnicowe pole przekroju (White 1 in., 2015), czy migzszos¢ (Hawryto 1 in., 2017; Straub 1
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in.,, 2013). Przeprowadzono takze badania, w ktéorych poréwnano inwentaryzacje
drzewostandow przy uzyciu chmur punktow pochodzacych z DAP i ALS (Guerra-Hernandez i
in., 2018; Hartley i in., 2020; Hawryto i in., 2017; Mielcarek 1 in., 2020; Wallace i in., 2016).
We wszystkich tych badaniach wartosci TH pochodzace z ALS charakteryzujg si¢ mniejszymi
btedami niz te pochodzace
z DAP. Jednoczes$nie wigkszos$¢ z wyzej wymienionych badan wykazuje bardzo silng korelacje
miedzy DAP, ALS i danymi terenowymi. Wcigz jednak nie dysponujemy badaniami,
dotyczacymi mozliwosci modelowania wzrostu i produkcyjnosci drzewostandw przy uzyciu

danych DAP.

10
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3. Uzasadnienie wyboru tematu badawczego

Doktadna ocena produkcyjnosci siedliska ma kluczowe znaczenie dla zrownowazonej
gospodarki lesnej. Znajomo$¢ potencjalnej oraz aktualnej produkcyjnosci odgrywa istotng role
w podejmowaniu $wiadomych decyzji dotyczacych sktadu gatunkowego, praktyk hodowli lasu,
dopuszczalnych pozioméw pozyskania drewna, dlugosci rotacji oraz prognoz zwigzanych
z jego pozyskaniem (Pretzsch, 2009). Do tej pory monitorowanie i modelowanie wzrostu
drzewostanow opieralo si¢ gtownie na danych z powtarzanych pomiaré6w na stalych
powierzchniach probnych lub danych z krajowych inwentaryzacji lasow (NFI). Metody te
wymagajg jednak dtugoterminowych pomiaréw na duzej liczbie powierzchni, co stanowi ich
glowne ograniczenie (Perin i in., 2013; Raulier i in., 2003). Ponadto state powierzchnie probne
sa zwykle zaktadane do celéw eksperymentalnych, gtdéwnie w miejscach o lepszych warunkach
dla wzrostu drzew, co ogranicza zakres warunkow siedliskowych reprezentowanych przez
dane. Podobnie, w przypadku danych NFI, wyniki nie zapewniaja reprezentacji rzadkich
miejsc. Dlatego modelowanie na duzych obszarach przy uzyciu tradycyjnych pomiarow
terenowych czesto nie uwzglgdnia petnej zmiennosci warunkéw wzrostu i prowadzi do
uproszczen, skutkujacych przeszacowaniem lub niedoszacowaniem wzrostu drzewostandw
(Marziliano 1 in., 2019; Raulier 1 in., 2003). Innym waznym wyzwaniem jest uchwycenie
krotkoterminowych wahan wzrostu spowodowanych zmianami klimatycznymi we wzorcach
wzrostu drzew, co jest szczegdlnie trudne w przypadku korzystania z danych z inwentaryzacji
terenowej. Ponadto korzystanie z tych zrodel danych wiaze si¢ z duza pracochlonnoscia

1 czasochtonnos$ciag (Noordermeer 1 in., 2018).

Wiekszos¢ wyzej opisanych problemow mozna rozwigza¢ dzigki wykorzystaniu danych
teledetekcyjnych do inwentaryzacji 1 monitoringu obszarow le$nych. Rozdzielczo$¢
przestrzenna i czasowa oferowana przez te technologie pozwala przezwycigezy¢ ograniczenia
zwigzane z tradycyjnymi metodami (White 1 in., 2016). Wykorzystujac dane ALS jesteSmy
w stanie pozyska¢ informacje dotyczacag TH drzewostanu, ktore charakteryzujg catkowitg

zmienno$¢ badanego obszaru.

Modelowanie wzrostu drzewostanow przy uzyciu danych ALS jest stosunkowo nowym
zagadnieniem ze wzgledu na dopiero niedawne pojawienie si¢ obszarow, z dostepnoscig danych
z co najmniej dwoch akwizycji. W rezultacie opracowane modele majg charakter lokalny, co

nie pozwala w pelni wykorzysta¢ potencjatu technologii teledetekcyjnych. Tradycyjne metody

11
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modelowania majg charakter jedynie punktowy, wiec niezbedne jest opracowanie metodyki

modelowania, ktéra sprawdzi si¢ na wigkszych obszarach.

Znacznie bardziej dostepnym, ale mniej powszechnym zrédtem danych o wysokosci
drzewostanu przydatnych do modelowania wzrostu sg wieloczasowe dane DAP. Do tej pory nie
kalibrowano modeli wzrostu przy uzyciu chmur punktow pochodzacych z DAP. Jednoczesnie
chmury punktéw DAP mogg stanowi¢ stosunkowo tatwo dostepne i tansze zrodto danych do
kalibracji modeli wzrostu. Dane te mozna pozyska¢ za pomocg samolotow lub dronow
w ramach inwentaryzacji lasu. Archiwalne dane DAP sg znacznie szerzej dostepne niz dane
LiDAR, dzigki temu umozliwiaja modelowanie z wykorzystaniem znacznie diuzszych
szeregobw czasowych. Technika Structure from Motion (SfM) pozwala na tatwe generowanie
chmur punktow bez konieczno$ci stosowania S$cistej jednorodno$ci, poprzez naktadanie
obrazdw, pozycjonowanie oraz kalibracj¢ kamery co znacznie przyspiesza, do tej pory bardzo
zmudnag obrobke danych tego typu (Iglhaut i in., 2019). Mozliwo$¢ wykorzystania danych DAP
do pomiaru TH i modelowania wzrostu moze pozwoli¢ na szerokie zastosowanie tej techniki
na duzych przestrzennych i czasowych skalach, dzigki obnizeniu kosztéw pozyskania danych
w poréwnaniu do danych ALS. Ponadto, wykorzystanie danych DAP umozliwitoby analize
archiwalnych zbioréw danych obrazéw cyfrowych w badaniach retrospektywnych dotyczacych

zmian w strukturze wysokosciowej drzewostanow.

Kolejnym krokiem w rozwoju wykorzystania danych teledetekcyjnych w modelowaniu
wzrostu drzewostanow jest fuzja roznych typéw danych. Dane DAP reprezentujg gtdéwnie gorng
warstwe drzewostanu co moze prowadzi¢ do bledow okreslania wysokosci (White 1 in., 2013).
Badania poréwnujace metody okreslania wysokosci drzewostanu oparte na danych ALS i DAP
wykazaly, ze dane ALS charakteryzuja si¢ mniejszym btedem (Guerra-Hernandez i in., 2018;
Hartley 11in., 2020; Hawryto 1 in., 2017; Mielcarek i in., 2020). Warto$ci wysokos$ci drzewostanu
okreslone za pomoca DAP majg systematyczne btedy specyficzne dla kazdego pozyskania,
a jednocze$nie sa silnie skorelowane z rzeczywistymi warto$§ciami wysoko$ci drzewostanu
(Jensen & Mathews, 2016). Mozna, wiec zalozy¢, ze mozliwa jest korekta tego

systematycznego bledu na podstawie innego typu danych np. ALS lub powierzchni probnych.

Zalozeniem opisanej wyzej hipotezy jest to, ze dane referencyjne z pomiaréw
terenowych lub danych ALS sa dostgpne dla badanego obszaru w latach pozyskania danych
DAP. Wtedy mozliwe jest bezposrednie okreslenie bledu systematycznego w okreslaniu
wysokosci drzewostanu 1 przeprowadzenie korekty. To zaloZzenie jest zarazem pewnym
ograniczeniem tej metody korekty; podczas gdy dane DAP s3g ogdlnie tatwo dostgpne, to dane
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ALS lub referencyjne dane z pomiarow terenowych dla okreslonego obszaru sg czasami
trudniej dostgpne. W zwigzku z tym czgsto trudno jest zastosowaé t¢ metode, a ogromny
potencjat wykorzystania danych DAP pozostaje ograniczony. Odpowiedzig na to ograniczenie
jest opracowanie metody korygowania danych DAP w oparciu o dane ALS lub dane z
pomiardw powierzchni probnych odnoszace si¢ do innego roku niz rok pozyskania danych
DAP. Fakt,
ze nie tylko dane ALS, ale takze dane z pomiarow terenowych z lat poprzedzajacych pozyskanie
danych DAP mogg by¢ wykorzystane jako odniesienie, sprawia, ze opracowane podejscie jest

elastyczne 1 moze przyczynic si¢ do petnego wykorzystania potencjatu danych DAP.

Szersze wykorzystanie danych pochodzacych z technologii ALS oraz DAP w procesie
inwentaryzacji laséw oraz modelowania wzrostu drzewostanow pozwala na eliminacj¢
problemu ograniczonej dostepno$ci informacji. Mozliwo$¢ monitorowania duzych obszaréw
lesnych stwarza takze szans¢ na weryfikacje dotychczasowych zatozen i teorii dotyczacych
dynamiki wzrostu lasow. Wykorzystanie nowych, wczesniej niedostepnych zrodet danych
teledetekcyjnych, w postaci dlugoterminowych szeregéw czasowych, stanowi dodatkowa
motywacj¢ do podjecia prob zastosowania technologii ALS oraz DAP w procesie kalibracji

modeli wzrostu drzewostanow.
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13:1123369822



4. Cel pracy

Celem pracy bylo opracowanie nowoczesnych metod budowy modeli wzrostu

wysokosci drzewostanéw, umozliwiajacych ich efektywna kalibracje na rozlegtych obszarach

z wykorzystaniem szeregdw czasowych danych teledetekcyjnych.

14:3406110268

Postawiono dwie gtowne tezy pracy:

1. Dane ALS pozwalajg na kalibracje modeli wzrostu drzewostanow na duzych obszarach,
uwzgledniajagc catg zmienno$¢ wysokosci drzewostandw 1 uzyskujac doktadnosé
wiekszg lub pordwnywalng do tradycyjnych modeli.

2. Wykorzystanie danych DAP moze by¢ alternatywa dla danych ALS w modelowaniu
wzrostu drzewostandéw, jesli zastosujemy poprawke redukujacg btad pomiaru

wysokosci.

Zdefiniowano réwniez szereg pytan badawczych, na ktére udzielono odpowiedzi w

cyklu trzech publikacji naukowych sktadajacych si¢ na dysertacje:

e (Czydane ALS z pochodzace z duzego obszaru (niejednorodna chmura punktéw,
rozne okresy skanowania) moga stuzy¢ do opracowania modeli wzrostu
drzewostanow (Publikacja nr 1)?

e Czy wyniki kalibracji regionalnych modeli wzrostu na podstawie danych ALS
sg porownywalne do tradycyjnych modeli regionalnych (Publikacja nr 1)?

e (Czy dane DAP charakteryzuja si¢ btgdem pomiaru wysokosci, a jesli tak to, czy
jest on staty 1 nie zalezy od charakterystyk pozyskanych zdje¢ (Publikacja nr
2)?

e C(Czy jest mozliwa korekta danych DAP na podstawie danych referencyjnych
wykonanych w roku pozyskania danych DAP (Publikacja nr 2)?

e Jak wielka musi by¢ wielko$¢ proby danych referencyjnych, aby skorygowac
btad pomiaru wysoko$ci danych DAP (Publikacja nr 2)?

e (Czy jest mozliwa korekta danych DAP na podstawie danych referencyjnych
wykonanych w roku innym niz rok pozyskania danych DAP (Publikacja nr 3)?

e (Czy na podstawie danych DAP mozliwe jest kalibrowanie modeli wzrostu
drzewostanow, ktore charakteryzuja si¢ doktadnos$cia poréwnywalng do modeli

na podstawie ALS oraz tradycyjnych danych (Publikacja nr 3)?
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5. Metodyka

a. Obszar badan

Badania opisane w niniejszej pracy dotyczg obszaru Polski. W zaleznos$ci od

zagadnienia 1 dost¢pnosci danych obszar objety analizami byl jednak rozny.

W publikacji nr 1 obszar badan obejmuje drzewostany sosnowe na terenie Regionalnej
Dyrekeji Laséw Panstwowych w Katowicach, potozone w trzech krainach przyrodniczo-
lesnych potudniowo-zachodniej Polski (Zielony & Kliczkowska, 2012) (Rycina 1la, b).
Glownym gatunkiem na badanym obszarze jest sosna zwyczajna (okoto 66%) o $rednim wieku
drzewostanow 56 lat. Do kalibracji modelu wybrano drzewostany sosnowe, dla ktorych
dostgpne byty dane ALS dla dwoch réznych lat. Wybrane drzewostany miaty ponad 70% udziat
sosny zwyczajnej i byly w wieku od 10 do 140 lat.

17°0'0"E 18°0'0"E 19°0'0"E 20°0'0"E
1 1 1 [l
b) © 25 50 Km n—~ l
IS I
£ z
5 -3
5 =
= z
o- -3
3 3
/ , =Forest regions
s \ 2% | mAnalyzed Scots-pine stands
s e g S
A, SN~ e Other stands 1
cots-pinexdistribution | Two acquisition periods of the ALS Hur\
T T T T
17°0'0"E 18°0'0"E 19°0'0"E 20°0'0"E

Rycina 1. Lokalizacja obszaru badan w Europie Srodkowej (a). Rozmieszczenie drzewostanow
na obszarze badan, dla ktorych dostgpne byty dane z dwoch okresow pozyskania danych ALS
(b).

W publikacji nr 2 obszar badan obejmuje 8000 hektaréw i znajduje si¢ w Nadlesnictwie Piensk

(Rycina 2). Jest on zdominowany przez sosn¢ zwyczajng o udziale 80%, wraz z niewielkim

udzialem brzozy brodawkowatej (9%), debu (2%) 1 olszy czarnej (2%). Wiek drzewostandw na
15
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badanym obszarze wahat si¢ od 1 do 205 lat. Do analizy wybrano drzewostany starsze niz 5 lat
1 z udzialem sosny zwyczajnej przekraczajacym 90%.
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Rycina 2. Lokalizacja obszaru badan w Polsce (a); (b) Numeryczny model pokrycia terenu na

podstawie zdje¢ lotniczych w oparciu o chmurg punktow DAP pozyskang w 2021 r.

W publikacji nr 3 obszar badan obejmowal drzewostany sosnowe w Nadlesnictwie Milicz
(Rycina 3). Caly obszar badan obejmowat prawie 23 600 ha, z czego drzewostany sosnowe
zajmowaly prawie 6 400 ha. Obszar ten znajdowat si¢ czgsciowo w III 1 V krainie przyrodniczo-
lesnej (Zielony & Kliczkowska, 2012). Drzewostany na badanym obszarze to gtéwnie sosna
zwyczajna (75%), z udziatem debu (10%), buka (6%), olszy czarnej (5%) i brzozy
brodawkowatej (2%). Wiek drzewostanéw sosnowych waha si¢ od 1 do 160 lat, jednak
w analizie wykluczyliSmy drzewostany mlodsze niz 10 lat 1 starsze niz 120 lat. Wykluczono
rowniez drzewostany z udzialem sosny nizszym niz 80%. Dane ALS z dwodch okresow
(2012 1 2019) obejmowaty tylko potudniowg czgs¢ badanego obszaru (Rycina 3), podczas gdy
dane DAP z dwdch innych okresow (2013 1 2020) obejmowaty caly badany obszar.
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Rycina 3. Obszar badan w Polsce (a) oraz w nadle$nictwie Milicz (b).

b. Material badawczy

W publikacji nr 1 dane ALS zostaly pozyskane z repozytorium Gtownego Urzedu
Geodezji 1 Kartografii (GUGIK). Dane ALS zostaty pozyskane w warunkach bezlistnych (Leaf
off). Srednia gestos¢ chmury punktéw wynosita 4 punkty/m?, a doktadno$¢ pozycjonowania
danych ALS nie przekraczata 0,5 m. Dane pozyskiwano w latach 2011-2019, przy czym
wiekszos$¢ zbiordw przypada na lata 2011 1 2019 (Tabela 1).

Tabela 1. Lata pozyskania danych ALS w analizowanych drzewostanach.

Lata pozyskania par danych ALS Udzial analizowanych drzewostanow (%6)
2011-2019 59.40
2012-2019 22.77
2013-2019 13.17
2014-2019 4.62
2015-2019 0.04

W publikacji nr 2 dane ALS 1 DAP z 2015 r. zostaly pozyskane w ramach projektu
REMBIOFOR. Dane ALS i DAP dla roku 2021 pozyskano z repozytorium GUGIK (Tabela 2).

17
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Tabela 2. Parametry danych DAP (cyfrowe zdjecia lotnicze) i ALS (lotniczy skaning
laserowy) dla dwoch akwizycji z 2015 1 2021 roku.

Zrédlo Rok Gesto$¢ chmury punktow Dokladnos$¢ Rozdzielczo$é
danych pozyskania (punkty/m2) pozycjonowania (m) przestrzenna (m)
ALS 2015 7,3 0,2 -
2021 4 0,5 -
DAP 2015 9 - 0,2
2021 7 - 0.25

W publikacji nr 3 dane ALS i DAP zostaly pozyskane z repozytorium GUGiK. Dane
DAP pochodzity z lat 2013 oraz 2020, natomiast ALS z 2012 1 2019 roku (Tabela 3).

Tabela 3. Parametry danych DAP (cyfrowe zdjgcia lotnicze) i ALS (lotniczy skaning laserowy)
dla akwizycji z lat 2012, 2013, 2019 oraz 2020.

i Gestos¢ chmury Dokladnosé¢
Zrodlo . i Rozdzielczos¢
Rok pozyskania punktow pozycjonowania
danych przestrzenna (m)
(punkty/m2) (m)
2012 4 0.15
ALS
2019 4 0.15
2013 4.3 - 0.25
DAP
2020 45 - 0.25

W kazdej z trzech publikacji sktad gatunkowy, udziat poszczegolnych gatunkéw oraz

wiek drzewostandw pochodzg z Systemu Informacyjnego Laséw Panstwowych (SILP).

Chmury punktéw z danych DAP zostaly wygenerowane przy uzyciu oprogramowania
Agisoft PhotoScan Professional. Do przetwarzania danych zastosowano metodyke opisang
przez Dandois & Ellis (2013) oraz Turner i in. (2012). Uzyto parametru wysokiej doktadnos$ci
do wyréwnania zdj¢¢, z limitem 1000 punktow kluczowych na Mpx i limitem 10000 punktéw
wigzania. Zostaly wykorzystane punkty kontrolne dostarczone przez wykonawce zdje¢ lub

punkty wygenerowano manualnie na podstawie ortofotomapy oraz cyfrowego modelu terenu.
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Chmury punktéw przetwarzano przy uzyciu pakietu lidR w srodowisku R (Roussel
i in. 2020). Kazda z pozyskanych chmur punktéw zostata znormalizowana. Do normalizacji
danych ALS wykorzystano funkcje normalize height i algorytm knnidw z jego domys$lnymi
parametrami. W przypadku danych DAP, znormalizowano je poprzez odjecie numerycznego
modelu terenu od kazdego punktu chmury DAP. Wykorzystane numeryczne modele terenu
pochodzity z GUGIK. W nast¢gpnym etapie utworzono modele koron drzew (CHM). Wszystkie
CHM zostaly utworzone z rozdzielczo$cig przestrzenng 1 m. W tym celu wykorzystano

algorytm p2r z podokregiem o rozmiarze 0,3 m.

W kazdej z publikacji zostata obliczona TH dla kazdego wygenerowanego CHM. CHM
zostal zagregowany do rozdzielczosci 10 m (Rycina 4a). Przy agregacji przyjgto wartosci
maksymalne. Wszystkie wydzielenia na badanych obszarach zostaty podzielone na siatke o
rozmiarze oczka 50x50 m, ktora zostala uzyskana z agregacji 25 oczek 1010 m. W tym celu,
obliczono wysoko$¢ drzewostanu dla oczek siatki 50x50 m jako $rednig z 25 maksymalnych
warto$ci CHM z oczek 10x10 m (Rycina 4b). Przy obliczaniu $rednich, oczka siatki 1010 m
z maksymalnymi warto$ciami CHM nizszymi niz 2/3 TH oczek siatki 50x50 m, ktore uznano
za puste, zostaly usuniete, aby uchwyci¢ tylko wysoko$ci najwyzszych drzew. Aby
wyeliminowac¢ efekt brzegowy sasiednich wydzielen w kazdym wydzieleniu, zastosowano
wewngetrzny bufor o szerokosci 15 m, a do obliczen wiaczono oczka siatki 50x50 m, ktore
znajdowaly si¢ catkowicie w wydzieleniu bez wchodzenia w granice bufora (Rycina 4c¢). Ta
metoda okres§lania wysokosci zostala zastosowana zarowno do danych DAP, jak i ALS dla
poszczegblnych lat pozyskania, na kazdym z badanych obszaréw. Wartosci TH obliczone dla

komorek siatki 50x50 m byty traktowane jako pojedyncze obserwacje w dalszych etapach.
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Rycina 4. Metodyka obliczania wysokosci gornej (TH)

10x10 m; b) utworzenie siatki 50x50 m poprzez agregacje 25 oczek 10x10 m; c) wiaczenie
oczek siatki 50x50 m, ktore nie znajdowaty si¢ catkowicie w wydzieleniu, bez wchodzenia w

granice bufora.
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¢. Modelowanie i walidacja zbudowanych modeli

W kazdej z omawianych publikacji, najwazniejszym etapem byto opracowanie modelu
wzrostu wysokos$ci. Przyjmujac wyniki wezesniejszych badan dotyczacych wzrostu wysokosci
oraz modelowania produkcyjnosci drzewostanow (Socha 1 in., 2020; Socha & Orzel, 2013),
jako funkcje bazowa przyjeto réwnanie dynamiczne (1) opracowane przy uzyciu metody

GADA (Cieszewski, 2000):

T81(TP1R+8,)
TH=TH, ————= 1
L rfirBirepy) ()
gdzie:
_ 2, 2B2THi\0s
R=17y+ (Z; +—T1€;1 ) (1.1)
ZO = THl - ﬁ3 (1 .2)

Bi, B2, 1 B3 to szacowane parametry modelu; TH to wysoko$¢ gorna w wieku T; a TH; to
wysokos¢ gorna w wieku T1. R jest wyrazeniem opisujacym tempo wzrostu, natomiast Zo jest

wyrazeniem dostosowujacym.

W publikacji nr 1 do kalibracji modeli uzyto danych ALS. Skalibrowano 3 modele
globalny oraz modele lokalne dla krain przyrodniczo-lesnych V i VI. Aby oszacowac istotno$¢
modelu dla skalibrowanych parametréw, przeprowadzono test t-Studenta oraz obliczono btad
standardowy (SE), warto$¢ statystyki t (t-value) 1 warto$¢ p (p-value). W ramach walidacji,
poréwnano otrzymane modele z modelami wzrostu wysokosci dla sosny zwyczajnej
opracowanymi na podstawie analizy strzaty (Sochaiin., 2021). Dla kazdego z poréwnywanych

modeli obliczono $redni btad bezwzgledny (MAE) oraz btad $redniokwadratowy (RMSE).

W publikacji nr 2 do kalibracji modeli uzyto danych DAP, ktore zostaty skorygowane
na podstawie symulowanych powierzchni probnych z danych ALS. Zaproponowano prosta
metode korekcji btgdu oszacowan TH opartych na danych DAP. Poprzez iteracyjne losowe
probkowanie okreslono minimalng liczb¢ pomiaréw referencyjnych niezbednych do

wyznaczenia korekty TH na podstawie obliczonego SE danych DAP.

Skalibrowano 3 modele wzrostu: DAP,; — model na podstawie surowych danych DAP ,

DAPy_corr — model na podstawie skorygowanych danych DAP oraz ALS,, — model na
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podstawie danych ALS. Dla kazdego z poréwnywanych modeli obliczono MAE, RMSE oraz

skorygowany wspotczynnik korelacji (RZ; i)

W publikacji nr 3 do kalibracji modeli, rowniez uzyto danych z DAP. Zostaly one
jednak skorygowane na podstawie referencji z roku innego niz ten w ktorym zostaty pozyskane
dane DAP. W opracowanym podejsciu, referencyjna TH zostata zaktualizowana do roku w
ktérym pozyskano dane DAP, przy uzyciu istniejacych modeli wzrostu. W aktualizacji
poréwnano trzy modele wzrostu M1 — model ogdlnopolski, M2 — model dla krainy III oraz M3
model dla krainy V (Socha i in., 2021). W celu zweryfikowania, czy TH zaktualizowana przy

uzyciu tych modeli rozni si¢ istotnie statystycznie przeprowadzono test t-Studenta.

W nastepnym kroku skorygowano dane DAP przy uzyciu 3 zaktualizowanych wartosci
TH. Obliczono 3 wartosci btgdu (bias) na podstawie 3 zaktualizowanych TH referencyjnych.
Warto$ci bias dodano do TH obliczonego na podstawie DAP, dzigki czemu otrzymano trzy
wartosci skorygowanego TH na podstawie danych DAP. W ostatnim etapie skalibrowano 3
modele wzrostu 1 obliczono dla nich SE, t-value, p-value. RMSE oraz MAE. Modele
porownano z modelami wzrostu wysokosci dla sosny zwyczajnej opracowanymi na podstawie

analizy strzaty (Socha i in., 2021).
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6. Najwazniejsze wyniki badan

W publikacji nr 1 wykazano, ze dane ALS moga by¢ wykorzystywane do modelowania
przyrostu wysokosci drzewostanow na skal¢ regionalng. W oparciu o czasowe pomiary ALS
skalibrowano model wzrostu wysokos$ci drzewostanow sosny zwyczajnej na obszarze Regionalnej
Dyrekcji Lasow Panstwowych w Katowicach. Wyniki wskazuja, ze model skalibrowany
z wykorzystaniem danych teledetekcyjnych nie wykazuje istotnych réznic w poréwnaniu do
modelu opartego na tradycyjnych pomiarach terenowych uzyskanych z analizy strzaty. Co wigcej,
zastosowanie modelu opracowanego na podstawie danych ALS zapewnia nawet wyzsza
doktadno$¢ modelowania przyrostu wysokosci niz model tradycyjny oparty na danych naziemnych.
Uzyskane wyniki potwierdzaja potencjal powtarzalnych pomiarow ALS do konstrukcji
regionalnych modeli przyrostu wysokos$ci, umozliwiajac dlugoterminowa prognoze wzrostu drzew

w zmieniajacych si¢ warunkach klimatycznych.

W publikacji nr 2 wykazano przydatno§¢ chmur punktow pozyskanych metoda DAP do
opracowania lokalnych modeli wzrostu wysokosci TH. W zwiazku z identyfikacja
systematycznych bledow w wartoSciach TH wyznaczonych na podstawie danych DAP,
opracowano prostg metode korekty tych bledow. W analizach wykorzystano dane ALS do korekty
btedu TH obliczonego z danych DAP, jednak zaproponowane podej$cie moze zosta¢ zastosowane
rdwniez w oparciu o naziemne dane pomiarowe (np. z powierzchni probnych 10x10 m lub
pomiarach pojedynczego drzewa). Dodatkowo zaproponowano prosty algorytm okreslania
wielkosci proby niezbednej do doktadnej korekty wartosci TH pochodzacych z DAP. Po korekcie,
warto$ci TH wyznaczone z danych DAP wykorzystano do opracowania modelu wzrostu wysokosci
TH dla sosny zwyczajnej. Opracowany model charakteryzuje si¢ parametrami dopasowania
zblizonymi do modelu referencyjnego opartego na danych ALS, a takze analogicznymi
zdolnosciami predykcyjnymi. Badanie potwierdza, ze dane DAP stanowig rzetelng podstawe do
tworzenia modeli wzrostu TH 1 moga by¢ szeroko stosowane w skali lokalnej i regionalnej,

znacznie obnizajac koszty pozyskania danych w porownaniu z danymi ALS.

W publikacji nr 3 opracowano nowa metode wykorzystania danych DAP w modelowaniu
wzrostu drzewostanow, polegajaca na korekcie wartosci TH pochodzacych z DAP przy uzyciu
referencyjnych wartosci TH. Nowatorskos¢ tego podejscia wynika z faktu, ze dane referencyjne
mogg by¢ pozyskane w innym okresie niz dane DAP. Opracowana metoda zaktada aktualizacje
warto$ci referencyjnych TH pochodzacych z danych archiwalnych (ALS lub pomiaréw
terenowych) do roku pozyskania danych DAP z wykorzystaniem istniejacych modeli wzrostu TH.

22

22:8879979842



Takie podejscie umozliwia wykorzystanie danych ALS lub danych z pomiarow naziemnych
pochodzacych z dowolnego roku jako danych referencyjnych stuzacych do korekty TH
wyznaczonej na podstawie danych DAP. Przeprowadzono testy przydatnosci réznych modeli
wzrostu TH do aktualizacji wartosci TH z ALS na rok pozyskania danych DAP. Poniewaz
skuteczno$¢ tej aktualizacji TH jest niemal niezalezna od zastosowanego modelu wzrostu, proces
aktualizacji moze by¢ realizowany nawet przy uzyciu modeli niedostosowanych do lokalnych
warunkow wzrostu. Dodatkowo wykazano, ze warto§ci TH uzyskane z danych DAP po
zastosowaniu proponowanej korekty stanowig uzyteczne dane wejsciowe do opracowania

wiarygodnych lokalnych modeli wzrostu wysokosci TH drzewostanu.
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. Podsumowanie wynikow i wnioski

. Dane ALS z pochodzace z duzego obszaru mogg stuzy¢ do opracowania modeli wzrostu

drzewostanow na skalg regionalna.

. Zastosowanie modelu opracowanego na danych ALS zapewnia wyzsza doktadno$¢

modelowania przyrostu wysokosci niz modelowanie na danych tradycyjnych.

. Dane DAP charakteryzuja si¢ bledem systematycznym bitedem, przez co pomiar

wysokosci jest drzewostanu jest zanizany. Btad ten nie jest staly, co znacznie utrudnia

korekte danych.

. Korekta btedu systematycznego danych DAP jest mozliwa przez zastosowanie danych

referencyjnych w postaci danych ALS lub danych z pomiaréw terenowych powierzchni
probnych. Doktadnos$¢ korekty zalezy od wielkosci obszaru, dla ktérego dostgpne sa

referencyjne dane ALS lub liczby referencyjnych powierzchni probnych.

. Liczba powierzchni probnych potrzebnych do uzyskania wymaganej doktadnosci moze

zosta¢ obliczona na podstawie btedu standardowego (SE) danych DAP.

. Mozliwa jest korekta btedu systematycznego danych DAP na podstawie danych

referencyjnych pozyskanych w roku innym niz rok pozyskania danych DAP. W takim
przypadku konieczna jest jednak aktualizacja wysoko$ci z danych referencyjnych do

roku pozyskania danych DAP.

. Doktadno$¢ aktualizacji wysokos$ci referencyjnych wykorzystywanych do korekty

btedu systematycznego danych DAP jest niezalezna od zastosowanego w tym celu

modelu wzrostu.

. Modele wzrostu drzewostanow skalibrowane na podstawie skorygowanych danych

DAP charakteryzuja si¢ dokladnoscia poréwnywalng do modeli wzrostu

skalibrowanych na podstawie danych ALS oraz danych z analiz strzat.
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The rapid development of remote sensing technologies is creating
unprecedented opportunities for monitoring and inventorying forest
ecosystems. One advantage of remote sensing data is that it can be used to
monitor and measure tree growth in near real-time, providing extremely useful
data for growth modelling. This study used Aerial Laser Scanning (ALS) data from
14,920 Scots pine stands for the Katowice Regional Directorate of State Forests in
southwestern Poland. We tested the possibility of calibrating a regional height
growth model for Scots pine for a study area covering 754 thousands of hectares
of forests. The model was validated with models developed for Scots pine using
the traditional approach based on field data. Our results show that the model
calibrated using remote sensing data does not differ significantly from the model
calibrated using traditional field measurements from stem analysis. What is more,
using a model developed from ALS data gives even better accuracy in modelling
height growth than a traditional model calibrated with ground data. Our results are
promising for the application of repeated ALS data to the development of regional
height growth models, allowing long-term prediction of tree growth under
current climatic conditions.

KEYWORDS

ALS, height growth increment, growth dynamic, ecosystem modelling, site productivity

1 Introduction

Forest ecosystems play a key role in the Earth system, thus monitoring and modelling the
dynamics of forest growth is of great importance. Many recent studies (Pretzsch et al., 2014;
Socha et al,, 2020a; Mensah et al., 2021) provided evidence of changing growth patterns in
the Northern Hemisphere as a result of climate and anthropogenic pressures. Therefore, near
real-time monitoring of forest is needed to understand and model current growth dynamics.

To date, monitoring and modelling of forest growth has mostly been based on data from
repeated measurements of permanent sample plots or data from National Forest Inventories
(NFIs). However, these approaches require long-term measurements on a large number of
plots, which is a major limitation of them (Perin et al., 2013; Raulier et al., 2003). In addition,
permanent sample plots are usually established for experimental purposes, mainly at sites
with better conditions for tree growth, which limits the range of site conditions represented
by the data. Similarly, for NFIs data, results from permanent sample plots are usually
representative of large areas and do not ensure representation of rare sites. Therefore,
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modelling over large areas using traditional field measurements
often doesn’t take into account the full variability of growing
conditions and leads to simplifications, resulting in over- or
underestimation of tree growth (Marziliano et al., 2019; Raulier
et al, 2003; Socha and Tyminska-Czabanska, 2019). Another
important challenge is to capture short-term growth fluctuations
due to climate change on tree growth patterns, which is particularly
difficult when using field inventory data. Furthermore, the use of
these data sources is associated with high labour and time intensity
(Noordermeer et al., 2018). Most of the problems associated with
field inventories can be addressed by inventory and monitoring
using remote sensing technologies. The spatial and temporal
resolution of these technologies overcomes the limitations of the
sample plots available from traditional NFI or long-term
experimental networks (White et al., 2016).

Unprecedented opportunities for monitoring and inventorying
forest ecosystems are arising from the rapid development of remote
sensing technologies. One advantage of remote sensing data is that it
can be used to monitor and measure tree growth in near real time,
providing extremely useful data for growth modelling. One of the
main technologies is Light Detection and Ranging (LiDAR). It has
been proven useful in measuring forest structure characteristics due
to its speed, coverage, and ability in describing 3D attributes (Beland
et al, 2019). ALS is an accurate tool for measuring topography, but
also more complex attributes of the structure of the forests (Jurjevi¢
et al., 2020; Lefsky et al., 2002; Wang et al., 2019). ALS data have a
great capacity to be a tool for the estimation of tree and forest height
(Neaesset et al, 2004; Holmes et al, 2015). The results of
measurements of the height of trees from the upper storey of a
stand using the ALS are even much more accurate than the ground
measurements that are traditionally used (Jurjevic et al., 2020; Wang
etal, 2019). LIDAR data are particularly effective in measuring tree
height increment (Hopkinson et al., 2008).

Due to its close correlation with timber and biomass increment,
tree height is an indirect proxy for estimating forest productivity, so
measuring height and growth is important for both forest research
and management. Monitoring and assessment of the impact of
climate change on site productivity by measuring changes in
height growth rate can be extremely useful in assisting
researchers and forest managers to develop effective adaptation
strategies for sustainable forest management.

The first attempts to use ALS data to calibrate height growth
models have been made in recent years (Socha et al, 2017;
Tompalski et al, 2015; Tyminska-Czabanska et al, 2021).
However, these models have been developed for relatively small
areas at a local scale, with a relatively low degree of variation in site
conditions. Increasing availability of data from repeated ALS
acquisitions enables growth monitoring and model development
for increasingly larger areas. Spreading the data allows calibrating
growth models for whole regions or even countries. Therefore, this
study aims to test and demonstrate that bi-temporal ALS height
growth data collected at an unprecedented quantitative and spatial
scale from 16 688 232 trees growing in 27 753 stands are robust for
modelling height growth.

The study was carried out for Scots pine, which is one of the
most important European forest tree species. In Poland, it is the
most widespread and most important species in both ecological and
economic terms (Zajaczkowski et al, 2018). Thus, the ability to
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monitor increment and develop growth models for Scots pine using
repeated ALS data may be of interest to forest science and has great
practical importance for forest management. To achieve our
objectives, we tested the possibility of calibrating a height growth
model for Scots pine using wall-to-wall data from the entire
Katowice Regional Directorate of State Forests in southern
Poland covering 754 thousands of hectares of forests. In addition
to demonstrating the ability to calibrate the height growth model for
the study area, the developed model was tested against models
developed for Scots pine using the traditional approach based on
field data.

2 Materials and methods
2.1 Study area description

The study area covers Scots pine stands in the Katowice Regional
Directorate of State Forests located in three natural forest regions of
southwestern Poland (Figure 1). The main species within the study
area is Scots pine (about 66%) with a mean age of stands 56 years.
For model calibration, pine stands for which ALS data were available
for two different years were selected. The selected stands had a Scots
pine share of more than 70% from Scots pine and were aged between
10 and 140 years.

The study area is located within two natural forest regions.
14 920 stands were located in Region V (14 920) and 12 833 were
located in region VI. Natural forest regions in Poland are adopted
as regionalisation units. They are characterised by high natural
diversity, especially in terms of climatic and geological conditions,
naturally occurring ranges of the main forest-forming tree species,
the presence and distribution of natural landscapes, and the
distribution of primary units of potential natural vegetation
(Zielony and Kliczkowska, 2012).

2.2 TH estimation from repeated ALS data

The ALS data were collected from the General Office of Geodesy
and Cartography (GUGIK) repository and are publicly available on
the Geoportal webpage (https://mapy.geoportal.gov.pl/). The ALS
data were acquired in leaf-off conditions which is significant in the
tree stands with well-developed deciduous undergrowth during the
classification of ground points and therefore determination of the
top height. The mean density of the data was 4 points/m”. The
positional accuracy of the ALS was not worse than 0.5m. The
acquisition period is between 2011-2019 years however most of the
data were acquired in the 2011 and 2019 years (Table 1).

We used the lidR package in the R environment (Computing,
2013) for point cloud processing (Roussel et al., 2020). We used the
“normalize_height” algorithm to preprocess the point cloud for each
date and normalize it. The canopy height models (CHMs) have been
created with the “p2r” algorithm. The spatial resolution of the
CHMs was 1.0 m.

For the TH (top height) estimation we used the modified
approach proposed by Socha et al. (2020a) (Figure 2). To avoid
the edge effect we have created, an internal buffer (15 m) for each
forest stand. The CHMs were resampled into 10 x 10 grid cells. For
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(A) Location of the study area within the distribution of Scots pine in Central Europe. (B) Distribution of the tree stands within the study area, where
two periods ALS data were available (light blue). Analyzed tree stands (share of Scots pine above 70%) are in dark green other stands are in light green.

TABLE 1 Time and percentage of the bi-temporal aerial laser scanning (ALS) data acquisition in the analyzed tree stands.

First ALS acquisition year

2011

2012

2013 2019

2014

2015

Second ALS acquisition year

Percentage of the analyzed stands [%)]

59.40

22.77

13.17

4.62

0.04

each year in each forest subdivision, the TH has been calculated as
the average of two-thirds of the highest values in the 10 x 10 grid.
We excluded tree stands with the TH variance in the forest
subdivision higher than 2 and the percentage of no data higher
than 0.5. We assumed that these tree stands are in the process of
reconstruction or there are outliers caused by tilting the top of the
tree to another cell.

To remove the outliers we have applied the standard outlier
elimination proposed by Tukey (1977) and used by Socha et al.
(2017) for the TH estimation based on the ALS data. We calculated
differences between TH in two subsequent periods for each grid cell.
Outliers were separated using lower and upper quartiles (Q1-Q3),
and the interquartile range (IQ) was calculated. We defined extreme
values in the tails of the distribution by the lower inner bound Q1 -
1.5 x IQ and the upper inner bound Q3 + 1.5 x IQ according to
Tukey (1977), which picked 1.5 x IQ as the demarcation line for
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outliers. The reasonableness of this measure for bell-curve-shaped
data means that usually, about one percent of the data will ever be
outliers. The outliers elimination has been performed for age classes
based on the 20 years interval.

2.3 Height growth models calibration

For the height growth model calibration we have used the
dynamic equation based on the Bertalanffy-Richards function
using the generalized algebraic difference approach (GADA),
proposed by (Cieszewski, 2001):

TP (TR +B,)

TH=TH, —
T7" (THR +B,)
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(A) Tree tops detected based on the canopy height model (CHM) generated from the ALS data. (B) Top height (TH) calculated in the 10 X 10 grid cells,
with the consideration of an internal buffer (15 m) for each forest stand. (C) Grid cells after the exclusion of cells with the TH lower than two-thirds of the
highest values in each subdivision. (D) TH calculated for each subdivision.

22,6 -251

TABLE 2 The number of growth series and the parameters of the global and regional height growth models used for the validation of the aerial laser scanning (ALS)

models (Socha et al., 2021b).

Model Number of growth series b1 b2 b3
SA-GLOBAL 855 1.363 5920.904 30.443
SA-V 39 1.39 3325.004 36.6838
SA-VI 311 1.44385 21667.2 -9.1771

where

2 TH 0.5
R= Zo + (Zg + #)
T

Z0=TH1—l33

and B1, B2, and 3 are global model parameters, TH is the top height
at age T and THI is the top height at age T1.

We have used all prepared and filtered earlier data. We fitted the
global parameters and site-specific parameters simultaneously using
the nonlinear least-squares optimization and the Levenberg-
Marquardt algorithm (Moré, 2006) in the R environment
(Computing, 2013) using the gslnls library. Levenberg-Marquardt
algorithm, attempt to find a local minimum of the objective function
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by making iterative steps in the direction of the solution informed by
the gradient of a first- or second-order Taylor approximation of the
nonlinear objective function (Moré, 2006). As starting parameters
we choose bl = 1, b2 = 10000, and b3 = 28, according to (Socha et al.,
2017).

Due to the significant variation in growth conditions within
the study area, we decided to develop three height growth models
using ALS data. The first model has been developed for the entire
study area, while the other two models have been developed for
areas located in the natural forest region V and VI respectively.
For each model, we used the maximum number of iterations. To
estimate the model significance of the calibrated parameters we
performed a f-test and calculated Standard Error (SE), t-value
and p-value.
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TABLE 3 Parameters and fit characteristics of the regional top height growth models for the Scots pine for Katowice Regional Directorate of State Forests based on
the bi-temporal aerial laser scanning (ALS) data.

Model Parameter Estimate Standard error t-value p-value
ALS- Global b1 1.14711 0.01518 75571 <2e-16
b2 372.63998 24573587 1.516 0.129
b3 51.61396 1.09208 47.262 <2e-16
ALS -V b1 1.166513208 0.016104574 72.43365792 <2e-16
b2 2748.341304 347.4405851 7.910248318 2.93773E-15
b3 3549450202 1.472985185 2409698507 1.255E-123
ALS -VI b1 1.305076733 0.017488256 74.62589279 <2e-16
b2 ~778.7063391 248.7820607 -3.130074318 0.001756058
b3 53.85751441 0.832881799 64.66405494 <2e-16
!
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FIGURE 3

Growth trajectories of three top height growth models developed using aerial laser scanning (ALS) data against the observed top height increment
(THI) values from ALS measurements over two periods (thin grey), black dashed line represent base age.

2.4 Models validation

developed for areas located in the natural forest regions V and VI
was compared with SA regionals models.

We compared the obtained models with the height growth
models for Scots pine in Poland developed based on Stem
Analysis (SA) data (Socha et al, 2021a) (Table 2). Models
calibrated on SA data were used as a reference. Model developed
using repeated ALS data for whole study area was compared with
global height growth models for Scots pine for Poland. Models
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For each model we have calculated mean absolute error
(MAE) and RMSE (root mean squared error) based on the
equations:

Y (- 7)

RMSE(y,§) = |20
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where, y; is the measured value; y; is the predicted value; i is the
summation index; N is the number of cases. We also calculated and
adjusted R® as a measure of model fit.

3 Results
3.1 ALS-derived TH growth model

By estimating the parameters of the growth function, we
developed three TH growth models for the Scots pine stands
based on the bi-temporal ALS data (Table 3).

The parameters fitted based on the ALS data differ from regional
and global parameters for the models developed from SA. Across the
range of site conditions, the developed global ALS model
demonstrate a good fitting to the data (Figure 3). For the sites
with the highest productivity, the course of the model curves is
almost identical. Some slight differences are visible in the younger
stands growing on more poor site conditions.

The modeled TH values did not differ significantly from the
reference data (Figure 4). The smooth lines were well fitted across
most of the TH observation distributions, only on the edge of the
distribution slight differences were visible.

Errors in TH estimation for the ALS-derived models were not
correlated with stand age (Figure 5). In most cases the errors in TH
estimation are within about 1m. The ALS models were
characterized by lower error values, comparing to the SA models.
The residuals are evenly distributed across the Global and V region
models. For the model from the VI region, more residuals have
negative values, especially for the SA model, where majority of the
residuals are below 0.
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Using the global ALS model, a site index map was produced for
the study area (Figure 6). As the site productivity indicator we used
the site index (SI), which is commonly used indicator of the site
productivity assessment in the forestry (Hégglund and Lundmark,
1977). We calculated the SI as the height that the tree stand will
reach at the base age of 100 years. Our results show large variation in
site conditions throughout the study area. These differences are also
visible within the forest regions. The V-forest region is characterized
by higher SI, especially in the north-western part, while Scots pine
stands in the central part of Region V and most stands in Region VI
are characterized by substantially lower site productivity. The
majority of the stands in Region VI are characterized by an SI of
between 20 and 35 m.

3.2 Models validation

In the first step, we compared the ALS-derived global model
with the global model developed by Socha et al. (2021b) for Scots
pine in Poland based on SA data. We found that the model TH
growth trajectories developed from the ALS data do not differ
significantly from the global model developed from the SA data
(Figure 7). Compared to the global model for Poland developed
from SA data, the model calibrated with ALS data showed only
slightly higher values of height increment for younger stands from
the most productive sites.

Next, we compared the regional ALS-derived model with models
built from SA data for natural forest region V and VI (Figure 8). The
ALS model curves for stands located in V Natural forest region was
compared with SA model for region V. Models show a high
similarity, only in the younger stands especially growing on poor
site conditions slightly differences are noticeable (Figure 8A). Larger
differences are evident when comparing the ALS model with the
model-based SA data from natural forest region VI (Figure 8B).
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Residual top height versus age and aerial laser scanning (ALS) derived top height based on bi-temporal ALS data for the Katowice Regional
Directorate of State Forests Scots pine stands: Global ALS (A) and Stem Analysis (SA) Models (B); V natural forest region ALS (C) and SA Models (D); VI

natural forest region ALS (E) and SA Models (F).

While, for the most productive sites the model curves for these
models are very similar, for the poorest sites, the TH growth model
developed from ALS data shows an overall lower increment than the
model developed from SA data.

Despite satisfactory model-fitting results, the THI trajectories
for the V (Figure 8C) and VI (Figure 8D) natural forest regions
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developed with the use of ALS data slightly differed from the SA
model THI trajectories. According to the THI from ALS data, the
culmination of growth occurs faster and THI is slight higher,
especially in the stands with the higher SI.

Finally, we compared the fit statistics for three ALS-derived
models with the two regional models and the global model
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developed on SA data (Table 4). The ALS-derived TH was taken as
reference data. All models are characterized by the similar R
However, the all ALS models have lower RMSE and MAE errors.
The highest RMSE and MAE (0.645 m, 0.519 m) have a regional
model for natural forest region VI developed using SA. In
comparison the ALS model for the VI natural forest region has
lowest RMSE (0.48 m) and MAE (0.36 m) errors.

The residual distribution is quite similar for all models
(Figure 9). However, it can be seen that the SA models have
higher errors, especially for the natural forest region VI. Both
positive and negative residuals are evenly distributed across the
models, except the SA model from the VI natural forest region. In all
the models we can see that the outliers are higher in the lower stands
where there are a smaller number of observations.

4 Discussion

Our study demonstrate the usefulness of ALS data for calibration
height growth models for large areas. We calibrated the height growth
model of Scots pine stands in the Katowice Regional Directorate of
State Forests based on the bi-temporal ALS measurements. Our
results show that the model calibrated using remote sensing data
does not differ substantially from the model calibrated using
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traditional field measurements from SA. Bi-temporal ALS data
have been used previously to calibrate growth models, but for
relatively small areas (Socha et al, 2017; Socha et al, 2020b;
Tompalski et al, 2015; Tyminska-Czabanska et al, 2021). The
growth trajectories obtained from models developed on ALS data
are similar to those obtained from models calibrated on SA data.
We found that model curves constructed from ALS data for
entire study area were almost identical to model curves derived from
SA data. Very slight differences can be observed in the younger and
middle age classes (Figure 5). However, the ALS model was
developed based on data from 27 753 stands while the SA model
was based on data from 855 trees. Therefore, the model developed
from ALS data may even better reflect the growth patterns currently
observed for Scots pine on the most productive sites of the study
area. ALS models developed for stands located in natural forest
region V and VI are characterised by slightly different model curves,
but also show a very high similarity to the models developed on the
basis of data from SA. The model developed on the basis of the ALS
for natural region VI shows larger differences in the course of
growth trajectories, especially in the lowest productivity areas,
compared to the SA model. This is most likely due to the local
specificity of the site conditions. We also found that the model
calibrated with ALS data has better accuracy in the prediction of
height growth than the traditional model calibrated with field data.
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FIGURE 7

Comparison of growth curves for top height global model calibrated with aerial laser scanning (ALS) derived point cloud (green, thick lines) and

global Stem Analysis model (dashed, black line).

Compared to the SA data, the period of availability of the ALS
data is relatively short, which is one of the limitations in modelling
forest growth (Coops, 2015). Moreover, in the case of growth models
developed using data from a short observation period, height growth
trajectories may be affected by weather conditions between ALS
acquisitions  (Tyminska-Czabanska et al, 2021). However,
Hopkinson et al. (2008) observed that after the 5-year ALS
observation period the uncertanities in the THI decreased to 6%.
Furthermore, the advantage of the ALS data on height growth over a
short period of time is that they reflect the actual growth trends. In
addition, the ALS makes it possible to collect data from the entire
region, which makes it possible to cover the whole distribution of
forest age and site conditions. By calibrating the growth model using
SA data, we are able to capture long-term trends. However, due to
climate change, such models may reflect historical growth patterns
that are not necessarily observed under current climate conditions.
Moreover, Raulier et al. (2003) claim that SA models often
overestimate the TH increment when compared to the
permanent sample plots. In contrast, ALS data reflect current
growth trends. ALS data allow to observe changes in the height
of individual stands and trees for the whole area of interest, and
therefore may better represent height growth trends compared to
sample plot data or growth trajectory reconstructions from SA
traditionally used in forestry research. In addition, a major
advantage of remote sensing data is that it can be collected using
a consistent methodology. Remote sensing provides a standardized
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way of collecting data, reducing the risk of human error and bias
(Jurjevi¢ et al., 2020). This allows more reliable comparisons to be
made over time and between regions.

Currently, the main limitation related to the applicability of
multi-temporal ALS data in monitoring and modelling forest
growth is connected with the availability of repeated ALS data
(Tompalski et al., 2021). Another limitation is the need for data
from a specific point in the growing season. If ALS is acquired during
the height growth period, there is no certainty that growth from a
given year is already included in the measurement. For this reason,
data collected outside the height growth period is preferable. Remote
sensing can also be used to accurately measure the height of trees in
the upper canopy layer. Trees growing below the canopy are more
difficult to detect and the accuracy of the measurement is much
lower due to the number of individual laser beams (Xu et al., 2021).
However, over time, as ALS becomes more widely used, it may
become an alternative to traditional data collection methods,
especially for measuring forest height and growth increment
(Tompalski et al., 2021). Another limitation of ALS data to date
has been its accuracy with respect to point cloud density (Nilsson
etal., 2017). However, developments in remote sensing technologies
are increasing the availability of dense point clouds covering entire
countries (Kurczynski and Bakuta, 2013). The use of multi-temporal
data appears to be very promising, as it avoids the problems
associated with short-term growth fluctuations driven by weather
conditions, while at the same time exploiting the advantage of
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Comparison of the top height growth regional model for Scots pine stands with aerial laser scanning (ALS) derived point cloud and stem analysis
model from the area of V natural forest region (A), and the VI natural forest region (B). Comparison of the top height increment for Scots pine stands with
ALS-derived point cloud and Stem Analysis model from the area of V natural forest region (C), and the VI natural forest region (D).

TABLE 4 Fit statistics of the top height growth models developed on the basis of aerial laser scanning (ALS) data and of the top height growth models developed

on the basis of Stem Analysis (SA) data.

ALS—global ALS—VI SA—global
RMSE 0.54 0.53 048 0.56 0.65 0.57
MAE ‘ 0.41 041 ‘ 036 043 0.52 043
R ‘ 097 0.97 ‘ 098 097 097 097

models that capture current growth trends. Therefore, ALS appears
to be a promising source of data for height growth modelling. It is
expected that repeated ALS will become increasingly important and
a common data source in forestry (Socha et al., 2020a; Tompalski
etal, 2021). The biggest advantage of remote sensing is its ability to
cover large geographical areas, allowing us to monitor forest growth
on a global scale (Tompalski et al., 2021). It would be incredibly
time-consuming and costly to collect data on a similar scale using
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field measurements. In addition, remote sensing data can be
collected repeatedly over the same area, allowing time-series
analysis. This allows scientists to track changes in forest growth
and health status over time, which can provide important insights
about the effects of climate change, pest outbreaks or other
disturbances (Tyminska-Czabanska et al., 2022).

What is important, some remote sensing technologies can
provide near real-time data, making it possible, for example, to
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Top height residuals against values predicted from aerial laser scanning (ALS) derived models and three models based on the Stem Analysis (SA) for
Scots pine stands in Katowice Regional Directorate of State Forests: Global ALS (A) and Stem Analysis (SA) Models (B); V natural forest region ALS (C) and

SA Models (D); VI natural forest region ALS (E) and SA Models (F).

track the response of forests to changing climatic conditions. A
model developed using the most up-to-date data provides a reliable
prediction of forest growth under currently observed climatic
conditions, which may differ significantly from those observed in
the past (Socha et al,, 2021a; Mensah et al,, 2021). In the future,
different remote sensing data fusion should be utilized. The use of
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machine learning methods allows to implementation of robust
models for the site productivity assessment (Bombrun et al,
2020). The implementation of optical remote sensing data and
climatic variables could substantially increase the results of the
ALS model (Rahimzadeh-Bajgiran et al., 2020; Schneider et al.,
2023; Tyminska-Czabanska et al, 2021). The data fusion
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approach could help us to create and integrate the forest
productivity and forest growth models from local to global scale
(Schneider et al.,, 2023). This is particularly important for both the
adaptation of forests to climate change and the provision of
ecosystem services. For example, it can help identify areas of
environmental stress (Tyminska-Czabanska et al., 2022) or assess
the effectiveness of forest management and adaptation efforts. In
this context, regional height growth models can be a tool to predict
the future role of forest tree species under changing climatic
which appropriate  forest
management strategies.

conditions, can help to select

Numerous studies have shown that growth modelling,
especially on a regional scale, provides information for a more
accurate assessment of forest growth and should be an important
component of regional forest planning and management (Coops
et al,, 2007; Coops et al,, 20105 Socha et al., 2020b). Variability in
growth dynamics can lead to differences in height growth
trajectories due to local variations in climate, soils and
genotype-environment interactions (Viet et al., 2022). Thus,
lead

inappropriate estimates of site productivity (Socha et al,

regional variation in growth trajectories can to
2021b). This can result in under- or overestimation of growth
potential at a given site (Monserud and Rehfeldt, 1990; Gonzélez
et al, 2005). Research results indicate that variability due to
environmental factors is the main reason why a more flexible
approach should be used in the development of height growth
models in order to accurately reflect height growth variability at
the regional scale (Bravo-Oviedo et al., 2008). Therefore, more
reliable predictions of stand growth and more accurate forest
management decisions can be made by taking into account the
local specificity of site conditions through the construction of
regional growth models. Both biomass production and carbon
sequestration are closely linked to the dynamics of height growth.
Furthermore, one of the most important demands of modern
forestry is to determine the global CO, sequestration capacity
of forests (Smith et al., 2014; Shukla et al, 2019). A reliable
assessment of the biomass production and carbon sequestration
capacity of forest ecosystems therefore depends on the ability to
adequately estimate forest growth (Pretzsch, 2009; Bontemps and
Bouriaud, 2014; Coops, 2015). Therefore, monitoring regional
forest growth helps scientists understand the role of forests in
the global carbon cycle, which is crucial for climate change
research and mitigation strategies.

Research aimed at developing forest growth models is of great
importance both for the development of forest science and for forest
management practice. Further research into remote sensing data
processing methods and their application in forestry can contribute
to the scientific understanding of many forest ecosystem processes,
which is particularly important in an era of climate change and
the

feasibility of developing local height growth models using ALS

anthropopression. Previous studies have demonstrated
data. Our study demonstrates the high suitability of bi-temporal
ALS data for the development of regional models. The regional
variability in site conditions and most recent data should be taken
into account when modelling height growth, especially if up-to-date
models are desired. The longer observation period with multi-

temporal ALS data collections and the extension of the study
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area to the country level may allow further development of the
proposed approach.

5 Conclusion

We have demonstrated that ALS data can be used for height
growth modelling on a regional scale. We developed three TH
growth models for the Scots pine stands based on the bi-temporal
ALS data and validated them with models developed for Scots pine
using the traditional approach based on field data. Our results
show that the model calibrated with remote sensing data does not
differ significantly from the model calibrated with traditional field
measurements from stem analysis, and that the model calibrated
with ALS data has better accuracy than the traditional model
calibrated with field data. Our study highlights that modelling
height growth for regions allows local patterns of growth to be
captured. This may be important for determining forest
productivity at the scale of regions, as well as having
implications for regional forest management. Our results are
also promising for long-term prediction of tree growth under
current climatic conditions using repeated ALS data for the
development of regional height growth models.
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Abstract

Environmental and forest structural information derived from remote sensing data has been found suitable for modelling forest height
growth and site index and therefore forest productivity assessment, with the advances in airborne laser scanning (ALS) playing a major
role in this development. While there is growing interest in the use of ALS-derived point clouds, point clouds from high-resolution digital
aerial photography (DAP) are also often used for mapping and estimating forest ecosystem properties due to their lower acquisition
costs. In this study, we document the applicability of bi-temporal DAP data for developing top height (TH) growth models for Scots pine
stands. Our results indicate that DAP data can function as an alternative to traditional TH measurements used in growth modelling when
corrected based on a limited sample of field-measured reference TH values. As the correction cannot be constant for each DAP dataset
due to the different parameters during data acquisition, we propose a straightforward method for the bias correction of DAP-derived TH
estimates. By undertaking iterative random sampling, we were able to find the minimum number of reference measurements needed
to calculate the TH correction in order to achieve the desired accuracy of the TH estimations based on DAP. Here, we used ALS data as
the reference data; however, the ALS measurements can be replaced by any other reliable source of TH values. The presented method

for determining TH can be used not only for site index and forest growth modelling but also in forest inventories.

Keywords: digital aerial photogrammetry; airborne laser scanning; point cloud; forestry; height growth

Introduction

Site index model development is a fundamental task in forest
management (Cieszewski and Strub 2007, Sharma et al. 2011). Top
height (TH) growth models provide reliable estimates of forest
growth and site index and are the most commonly used and
widely accepted method for describing site productivity. In turn,
reliable estimates of site productivity are essential for sustainable
forest management, as site productivity is a key criterion for
making site-specific decisions regarding species composition, sil-
vicultural treatments, the determined allowable cut, rotation peri-
ods, and the forecasting of timber yield (Splechtn 2001, Pretzsch
2009). Bi-temporal, high-resolution remote sensing data can make
important contributions to sustainable forest management in this
context. Using such data, we can observe forest growth across
spatially continuous areas and these data are hence considered
a key source for the future development and improvement of
dynamic forest models under the conditions of climate change
(Gao et al. 2020). Such models can, e.g. be used to estimate
terrestrial carbon stocks and fluctuations, which are crucial to the
functioning of ecosystems on global and local scales (Skovsgaard
and Vanclay 2008, Pretzsch 2009, Bontemps and Bouriaud 2014,
Coops 2015).

The increasing availability of multi-temporal structural remote
sensing data particularly enables the accurate estimation of
height growth over large areas (Hauglin et al. 2021). Measuring
the height of stands is important as TH at a given age is
a fundamental measure of site productivity (Skovsgaard and
Vanclay 2008, Bontemps and Bouriaud 2014, Coops 2015). In forest
management, various types of data have been used for height
growth modelling to enable the estimation of site productivity.
Most commonly, growth trajectories obtained from stem analysis
or repeated measurement data from permanent sample plots or
temporary sample plots are used (Raulier et al. 2003, Socha and
Tyminska-Czabanska 2019). However, collecting stem analysis
and permanent sample plots data is time-consuming and
expensive and typically constrained to local plots. Using stem
analysis models can also lead to the overestimation of TH growth
(Raulier et al. 2003, Marziliano et al. 2019) and stem analysis
models do not include tree mortality and changes in social status
in TH dynamics, due to the individual tree approach and the
assumption that these trees are always dominant (Raulier et al.
2003). On the other hand, the use of temporary sample plots data
may lead to the underestimation of a stand’s TH growth (Raulier
et al. 2003). In order to model representative site index curves
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from this data source, the samples must be large and unbiased.
Moreover, traditional tree height growth models constructed
using longer time series of observations may not be suitable
for measuring future fluctuations in tree growth due to ongoing
climate change.

Over the last few decades, the use of remote sensing data has
been a major factor in the improvement of forest inventories.
In particular, airborne laser scanning (ALS) played a significant
role in this revolution (Vauhkonen et al. 2014). ALS point
clouds allow for the precise characterization of forest structure
(Reutebuch et al. 2005) and are commonly used to measure
forest TH increment (Hopkinson et al. 2008, Socha et al. 2020,
Tyminska-Czabanska et al. 2021, 2022).

Aside from the growing interest in the use of ALS-derived point
clouds, point clouds from high-resolution digital aerial photog-
raphy (DAP) are also often used in forestry due to their lower
acquisition costs (White et al. 2013, Fassnacht et al. 2016, Hawryto
et al. 2017, Iglhaut et al. 2019, Tompalski et al. 2021). Recently,
computer vision or photogrammetry techniques have been used
to generate point clouds from aerial imagery. One of the main
techniques used to generate point clouds from aerial imagery
is structure from motion. Structure from motion uses the same
techniques as traditional computer vision and photogramme-
try, and is based on the identification of well-defined geometric
features captured in multiple images from different angles to
generate a 3D point cloud (Snavely et al. 2008). When applying
aerial images, the photogrammetric 3D data can be comple-
mented with spectral information representing the forest con-
dition and species composition (Tuominen and Pekkarinen 2005,
Franklin and Ahmed 2018).

DAP point clouds have proven useful for assessing tree stand
characteristics such as the tree height (Guerra-Hernandez et al.
2018), basal area (White et al. 2015), and timber volume (Straub
et al. 2013, Hawrylo et al. 2017). Several recent studies compared
forest stand inventories using DAP- and ALS-derived point clouds
(Wallace et al. 2016, Hawryto et al. 2017, Guerra-Herndndez et al.
2018, Hartley et al. 2020, Mielcarek et al. 2020, Rodriguez-Vivancos
et al. 2022). In all of these studies ALS-derived TH values are
characterized by smaller errors than those derived from DAP. At
the same time, most of the aforementioned studies report a very
strong correlation between DAP, ALS, and field data.

Rennolls (1978) defined TH as the average of the heights of the
100 thickest trees per ha estimated for all non-empty 0.01 ha sub-
plots and Hawryto et al. (2024) adapted this method to ALS data.
Recent studies indicate that stand height and, in particular, TH
estimates derived from high-quality remote sensing data are more
accurate than field measurements (Sibona et al. 2017, Wang et al.
2019, Jurjevic et al. 2020, Hawrylo et al. 2024). These studies show
that, ALS based TH estimates match the traditional measure-
ments if the point cloud densities are >2 points/m? (Hawrylo et al.
2024). It has furthermore been shown that bi-temporal ALS data
can be successfully used to calibrate TH growth models (Tompal-
ski et al. 2015, Socha et al. 2017, 2020, Tyminska-Czabanska et al.
2021). However, similar studies based on DAP data are still lacking.
The ability to use DAP data for forest increment measurement
and growth modelling would permit the widespread use of this
technique across wide spatial and temporal scales by reducing
acquisition costs, as compared with ALS data (Guerra-Hernandez
et al. 2018). In addition, the use of DAP data would enable the
re-analysis of archived digital image datasets in retrospective
studies.

Therefore, the aim of this study is to test the usefulness of DAP
data for the calibration of TH growth models, using bi-temporal
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DAP data from Scots pine stands. One challenge in this application
of DAP data are biases induced by different acquisition settings of
the image flights which need to be corrected. In our study, samples
of ALS data were used as reference height values to correct the
DAP data. However, our developed method is also intended to be
applicable when ALS data are not available. In this case, the bias
can also be determined based on field measurements. So as a
second aim of our study, we developed a work-flow to determine
the minimum number of field-measured heights that are needed
to correct for the biases in the DAP data. The specific objectives of
our study were as follows: (i) to compare the THs of pine stands
calculated from the DAP and ALS point clouds, (ii) to propose a
method for the correction of the systematic errors of the DAP-
derived TH values, and (iii) to assess the adequacy of the height
growth models based on DAP-derived TH observations.

Materials and Methods
Study area

The study area was selected based on the following criteria:
dominance of Scots pine, availability of ALS and DAP data from
two time periods for the same time frame. We chose to focus on
Scots pine stands as they are one of the most ecologically and
economically important tree species in Europe. In addition, high
levels of mortality have been observed among Scots pine trees in
central Europe in recent years, and stands characterized by accel-
erated growth have been particularly susceptible to mortality
(Socha et al. 2023); as such, understanding the growth dynamics
of this species is currently very important. The identified study
area, which met the above criteria, covers 8000 ha and is located
in the Piensk Forest District (Fig. 1). It is dominated by Scots pine
with an area coverage of 80%, along with a small share of silver
birch (9%), oak (2%), and black alder (2%). Stands age in the study
area ranged from 1 to 205 years. Data related to the stand age
and species composition were obtained from the Polish Forest
Data Bank (https://www.bdl.lasy.gov.pl/portal/). These data are
accurate to year and collected at stand level during the forest
inventory. Stands >5 years and with a proportion of Scots pine
of >90% were selected for the analysis.

Data acquisition
2015

ALS and DAP data were acquired in 2015 as part of the REMBIOFOR
project (‘Remote-sensing-based assessment of woody biomass
and carbon storage in forests’). The ALS data were acquired on
24 August 2015 with the ALS positioning accuracy being better
than 0.2 m (according to the contractor). The aerial photographs
were acquired on 22 August 2015 using a Leica DMC Il camera. The
spatial resolution of the photographs was 0.25 m. The products
were divided into two sets of photographs: CIR and RGB. The
minimum image overlap was 80% along track and 40% across
track.

We used the Agisoft PhotoScan Professional software package
to generate airborne-image-based point clouds (IPCs). For data
processing, we applied the workflow and software descriptions
provided by Turner et al. (2013) and Dandois and Ellis (2013). The
average point density of the generated IPC was 7.3 points/m? for
ALS and 9 points/m? for DAP (Table 1).

2021

We retrieved ALS and DAP data for the year 2021 from the GUGIK
repository, which is freely available at https://mapy.geoportal.
gov.pl/. The ALS data were acquired on 5 September 2021. The
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Figure 1. Study area: (a) location in Poland; (b) DAP-CHM: digital aerial photography canopy height model based on DAP-derived point clouds acquired

in 2021.

Table 1. The DAP and ALS data parameters for the two acquisitions from 2015 and 2021.

Data source Acquisition Conditions Point cloud density Positioning Spatial

year (points/m2) accuracy resolution (m)
ALS 2015 Leaf on 7.3 0.2 -

2021 Leaf on 4 0.5 -
DAP 2015 Leaf on 9 - 0.2

2021 Leaf on 7 - 0.25

positional accuracy of the ALS was, at minimum, 0.5 m (according
to the contractor). The aerial photographs were acquired on 9
October 2021 using a Leica DMC III camera. The spatial resolution
of the photographs was 0.25 m. The data were split into two sets
of photographs: CIR and RGB. The minimum image overlap was
60% along track and 25% across track. The external orientation
parameters were obtained from the GUGIK repository for camera
optimization and georeferencing. The data processing approach
was the same as in 2015. The average point density of the gen-
erated IPC was 4 points/m? for ALS and 7 points/m? for DAP
(Table 1).

Preprocessing

We exported the DAP- and ALS-derived point clouds from each
year to the LAS format. We processed the point clouds using the
lidR package for R (Roussel et al. 2020) by first normalizing the
point clouds by subtracting the elevation of the terrain (DTM,
obtained from the GUGIK repository) from the corresponding DAP
and ALS points collected in their respective years. We calcu-
lated canopy height models (CHMs) with a spatial resolution of
1.0 m with the use of the ‘p2r’ algorithm in the lidR package. In
the next step, we performed individual tree detection using the
‘locate_trees’ algorithm from the lidR package. We used the local
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maximum filter (Imf) function with the following window size
(ws):

ws=CHM x 0.1+3 (1)

Determination of TH from repeated DAP and ALS
data

The flowchart in Fig. 2 summarizes the whole methodology of the
TH determination, DAP data correction estimation and TH growth
modelling.

We calculated TH according to definition of Rennolls (1978)
using the methodology described and tested by Socha et al. (2020)
and Hawrytlo et al. (2024). The effectiveness of this method has
been proven in previous growth modelling studies (Socha et al.
2017, Tyminska-Czabanska et al. 2021, 2022).

TH was calculated for two sizes of grid cells: 10x 10 m
(THlO X10) and 50 x 50 m (THSO ><50).

THiox10 was calculated based on ALS data and DAP data
(THpar1ox10 @and THars1ox10)- The calculation of these THs consisted
of selecting the highest individual treetop for the 10 x 10 m cells
and treating them as the TH. TH values for the 10 x 10 m cells
were calculated separately for 2015 and 2021 and used in further
analysis to identify the bias of DAP data and correct TH from DAP.
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Figure 2. The flowchart of methods used in the study for the data treatment, correction assessment, and TH growth model calibration.

In a study by Socha et al. (2020), it was shown that, the use of
50 x 50 m grid cells reduces the residuals of growth model fitting
(Socha et al. 2020). Therefore, for model fitting we used THso x5
calculated according to the method described by Hawryto et al.
(2024). In this case TH was calculated for 50 x 50 m grid cells as
an average from non-empty 10 x 10 m subcells. The 10 x 10 m
subcells with values less than two-third of the maximum height
in the 50 x 50 m grid were treated as empty in order to capture the
height of the tallest trees. To avoid edge effects an internal 15 m
buffers from the borders of individual stands, the forest trails and
public roads were created. Only complete 50 x 50 m grid cells (cells
not clipped by buffer) were used to calculate the TH (Fig. 3). In
this way, we obtained two types of TH for the 50 x 50 m grid cells
(THpapsoxso and THarssoxso). The THpapsoxso and THarssoxso values
were calculated separately for 2015 and 2021 and were used in
further analysis to calibrate the TH growth models.

Identification of the bias of TH calculated based
on DAP data

While the TH values determined using ALS data are assumed
to be accurate and unbiased (Wang et al. 2019, Jurjevi¢ et al.

51:42839p3paw ryto et al. 2024), TH values estimated using DAP data

could be systematically biased (Wallace et al. 2016, Hawrylo et al.
2017, Swinfield et al. 2019, Mielcarek et al. 2020), As such, we use
THais10x10 data as a reference to investigate whether THpapiox10
data are subject to systematic errors. To test for significant differ-
ences between THpapiox1o and THarsiox10, iIndicating the presence
of bias, we used a t-test for dependent samples. The occurrence
of a systematic error in the TH calculated based on DAP data was
checked separately for the years 2015 and 2021.

Finding the minimum sample size for efficiently
correcting the systematic bias of heights
estimated using DAP data

While it is possible to use ALS data (THarsiox10) as a reference to
identify systematic errors in the calculation of TH from DAP data
()THpar10x10, our method is intended to be also applicable when
ALS data are not available and bias must be determined based
on field measurements in sample plots. For this it is important
to know how many field sample plots need to be measured to
correctly calculate the bias of the DAP data which will allow to cor-
rect for the bias. According to our assumption, the error of the TH
calculation based on DAP data is systematic; therefore, in relation
to the reference, the data should have the same distribution. Thus,
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cells; c) removal of incomplete 50 x 50 grid cells.

we determined the minimum sample size needed to estimate the
TH with a specified standard error (SE; equation (2)):

sD
SE= " )

where SD is the standard deviation of THpap10x10 calculated based
on N observations (sample size).

We assumed the minimal sample size at which the mean SE
falls <0.2 is sufficient to determine the reference mean TH of the
area. We adopted this value due to the accuracy of the height
measuring instruments, which is ~0.2 m (Sterenczak et al. 2019).
We randomly sampled the THpapiox10 across the entire study area.
The sample were distributed evenly across the stand age classes
(every 20 years), taking into account the number of stands in these
classes. We conducted the sampling with different numbers of
samples, ranging from 10 to 500, and calculated the SE for each
sample size. We repeated the sampling 100 times for each possible
sample size. Next, for each selected sample size, we calculated
the mean SE of 100 iterations. The simulations used to find the
best sample size were performed for each year (2015 and 2021)
separately.

Calculation of bias and corrections of
DAP-derived TH

For each of the DAP datasets (2015 and 2021), the bias value
with the minimum sample size found in the previous step was
calculated (equation (3)):

ZlNzl (THpap10x10 — THazs10%10) (3)
N

bias =

where THpap1ox10 and THarsiox10are the maximum heights of tree-
tops in the grid obtained from DAP- and ALS-derived tree tops,
respectively; N denotes the number of reference sample plots
(sample size); and i is the summation index.

Next, to remove the systematic error from the TH calculated
based on DAP data, we subtracted the correction value (bias) from
THpariox1o values in each of the cells separately for the years
2015 and 2021. In this way, we obtained the corrected TH values
calculated from the DAP data (THpariox10-cor) fOr the years 2015
and 2021. Finally, the average of the corrected TH values for the
10 x 10 grid cell (THpapiox10—corr) Values were used to calculate
the TH for the 50 x 50 m grid cells for 2015 and 2021. Thus, we
obtained corrected TH values from DAP in 50 x 50 m grid cells
(THpapsoxs0—corr), Which were the basis for the development of the
TH growth model.

Calibration of the TH growth models using
corrected DAP data

Pairs of TH-age data from 2015 and 2021 were used to cali-
brate the growth models. We calibrated three TH growth models
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(DAPy, DAPy—corr, and ALSy) based on the TH values derived
from THpapsoxso, THpapsoxso—corr, and THarssoxso. For the TH growth
modelling, we applied the standard outlier elimination approach
(Tukey 1977) as used by Socha et al. (2017). We calculated the
outliers for each data type separately. For model calibration, we
used the dynamic equation developed by Cieszewski (2001) with
the use of the Generalized Algebraic Difference Approach (4):

T (TR + 5,)

TH=TH, ——
L TP (TAR + By)

where
28, TH o°
2 2 1
R=7Zo+ (ZO + T‘fl ) (4.1)
Zo=THy — B3 (4.2)

and B1, B2, and B3 are the model parameters, TH denotes the top
height at age T, and TH; denotes the top height at age T; and
is assumed to represent unknown, local, site-specific parame-
ters. The global parameters were simultaneously fitted with the
use of nonlinear least-squares optimization and the Levenberg—
Marquardt algorithm (Moré 2006) in the R environment (R Core
Team 2013) using the gslnls library (Joris 2023). This algorithm
attempts to find a local minimum of the objective function by per-
forming iterative steps in the direction of the solution, informed
by the gradient of a first- or second-order Taylor approximation of
the non-linear objective function (Moré 2006). As starting parame-
ters, we chose g1 =1, 8, =10000, and B3 = 28, per Socha etal. (2017).
For each model, we used the maximum number of iterations.

For each calibrated model, we calculated the mean absolute
error (MAE, equation (5)), root mean squared error (RMSE, equa-
tion (6)), and adjusted coefficient of correlation (Rgdj, equation (7)).

N-1 Ry
MAE (y,5) = 2= =T 5
N-1 v 2
RMSE (5,5) = 2= 0 I o
s . 2 i-y) (N-1
o= SN yi-%) (N - p) %

where, Vi is the predicted value (THDAPSOXSO or THpapsox50—corr); )71'
is the reference value (THarssoxso); 11s the summation index; N is
the number of cases, ¥j is the mean value of N cases; and p is the
number of parameters in the model.

Finally, we compared the TH growth patterns of the developed
models (DAPy, DAPy_corr and ALSy) for the four selected site index
values (20, 25, 30, 35) at a base age of 100 years.
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Results
THALSIOXlO and THDAP10><10 data helght distributions

The t-test showed significant differences between the average TH
calculated using DAP and ALS data in 2015 and 2021 (P < 0.001).

As expected, we observed a similar height distribution of
THpariox10 @nd THaisi0x10 for both of the analysed years of data
acquisition (Fig.4). The THasiox10 data were slightly shifted
towards higher values. This shift is particularly evident for the
year 2021. In 2015, the difference between the TH distributions
was lower. The distributions of data in the analysed years indicate
that it is possible to apply TH correction to the DAP data using a
constant correction value.

Correction of THpap10x10 Observations and
calculation of THpapsoxso

Using the iterative random sampling of THpapiox10, We estimated
the sample size for which the SE reached an assumed value of
0.2 m (Fig. 5). The sample size required to achieve the assumed
margin of error was 298 in 2015 and 315 in 2021 (Fig. 5). However,
the most significant decrease in SE was observed up to a sample
size of ~150 (Fig. 5).
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Based on the selected sample size we estimated the bias, which
was treated in further analysis as a correction value. The bias in
2015, estimated on 298 randomly selected THas10x10 Was —0.50 m
(Table 2). The bias in 2021, based on 315 randomly selected 10 x 10
grid cells’ THais10x10 Values, was —0.94 m (Table 2).

For the 2015 data, the post-correction bias of THpapioxio
decreased to —0.01 m and the average THpapioxio—cor and
THaisi0x10 values were not significantly different (P=0.5909).
For the 2021 data, the average post-correction bias decreased to
—0.06 m, but, despite the notable decrease in the t-statistic from
88.3 to 5.44, the differences between the average THpapiox10—corr
and THais10x10 remained significant (P < 0.0001).

The values of THpapsoxso Were directly compared with THpapsoxso
(Fig. 6). Significant differences between THpapsoxso and THpapsoxso
values were visible, especially for 2021. However, after correction,
the TH bias was removed for both years.

Top height growth models

By fitting the parameters of the growth function equation (4) to
the TH-age data pairs obtained for 2015 and 2021, where TH
was determined in three ways (THpapsoxso, THpapsoxso—corr, and
THaissoxs0), three growth models were developed (DAPy, DAPy_corr
and ALSy, Table 3). DAPy was characterized by the highest MAE,
RMSE, and lowest Rzadj. ALS) was characterized by the best accu-
racy; however, the DAPy_.r model had almost the same fitting
statistics as the ALSy model. According to the t-test of the mod-
elled TH, we observed significant differences between DAPy and
DAPy—corr (P-value <0.0001). DAPy was characterized by a signifi-
cant difference in comparison to ALSy (P-value <0.0001). However,
there were no significant difference between DAPy_cor and ALSy
(P-value=0.5695).

TH growth models calibrated based onTHpapsoxso and THarssoxso
data were characterized by different TH growth patterns (Fig. 6).
Differences in the obtained TH growth patterns of the DAPyresult
directly from the different biases of THpapsoxso in 2015 and 2021.
The growth patterns of DAPy_¢r are very similar to ALSy (Fig. 7).

Discussion

In this study, we demonstrate the utility of DAP-derived point
clouds for the development of local TH growth models. Rec-
ognizing the systematic errors in TH values derived from DAP
data, we developed a straightforward method for correcting these
errors. In our analyses, we used ALS data to correct the TH bias
calculated from DAP data, but the developed approach can also
be based on field measurement data from, e.g. 10 x 10 m plots
if precise co-registration between field and remote sensing data
can be ensured. In addition, we proposed a simple approach to
determine the sample size needed to accurately carry out the
correction of DAP-derived TH values. After correction, the TH
values determined using DAP data were used to develop a TH
growth model for Scots pine. The developed model has almost
the same fit statistics as the reference model developed using ALS
data, as well as similar predictive abilities. Our study shows that
DAP data can provide a robust basis for developing TH growth
models and can be widely used at local and regional scales,
significantly reducing acquisition costs compared with ALS data.

DAP-derived TH bias

We found a bias in the TH values estimated using DAP point
clouds that was specific to the year of acquisition. In this regard,
our research is in line with other studies that have found that the

$20Z 1800190 /0 UO Jasn ezolujoy elwspeyy Aq | 19108///0oedo/Aisaiol/c60 1 01 /10p/a[0nie-adueApe/A11sa1o)/wod dno-olwapeoe//:sdny wolj papeojumoq



Low-cost alternative to LIDAR

Table 2. Comparison of the mean top height values determined by DAP (THpap1ox10) and ALS (THars10x10) for the years of data

acquisition using the t-test.

7

Acquisition Sample size Correction Mean THa1s10x10 Mean Bias (m) t-value P-value
year THpap10x10
2015 298 Before the correction 20.23 19.72 —0.50 43.42 < 0.0001
After the correction 20.22 -0.01 0.54 0.5909
2021 315 Before the correction 21.22 20.23 —0.94 88.3 < 0.0001
After the correction 21.16 —0.06 5.44 <0.0001
a) 2015 - before the correction b) 2015 - after the correction
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Figure 6. Relationship of THpapsoxso on THarssoxso before (a) and after (b) the correction in 2015; before (c) and after (d) the correction in 2021.

Table 3. Parameters and fit statistics of the TH growth models developed using DAP-derived TH (DAPy), corrected DAP-derived TH
(DAPy—corr), and ALS-derived TH (ALSy).

Model Model parameters Fit statistics

B1 B2 B3 +*MAE (m) *RMSE (m) R 255
ALSym 1.054 16161.264 —51.455 0.258 0.778 0.931
DAP\ 1.639 1.134e+09 —2.241e406 0.445 0.853 0.929
DAPM—corr 1.168 3.083e+07 —1.317e+05 0.269 0.795 0.928

+*MAE-mean absolute error, RMSE-root mean square error, R 54; 2 - adjusted coefficient of determination.

54:8899048052
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Figure 7. Comparison of the growth patterns of TH growth models for
Scots pine fitted to TH estimated using DAP data (DAPy), corrected DAP
data (DAPy—corr), and TH estimates using ALS data (ALSy). The growth
curves were drawn for the five selected site index values (15, 20, 25, 30,
35) at a base age of 100 years. The thin green lines indicate the observed
changes in the corrected top height determined from the DAP data for
50 x 50 m grid cells (THpapsox50—corr) OVer the period 2015-2021.

TH values obtained from DAP data are systematically underesti-
mated (Wallace et al. 2016, Hawrylo et al. 2017, Swinfield et al.
2019, Mielcarek et al. 2020). According to Socha et al. (2017), ALS-
derived TH measurements can function as a good alternative
to data from permanent sample plots or stem analysis data.
Therefore, we here used ALS data from the years of DAP data
acquisition (2015, 2021) as a reference to calculate the systematic
error (bias) of the DAP-derived TH. We attribute the variation in
the bias of TH estimated using DAP data to different weather
conditions on the DAP data acquisition dates which are likely to
have resulted in differing illumination conditions affecting the
image-matching process (Holopainen et al. 2015). Consequently,
there is a high probability of obtaining different accuracies for
separate DAP campaigns. Furthermore, the aerial photographs
available to us were obtained using different cameras and differ-
ent flight parameters that are likely to also impact the obtained
DAP parameters and TH estimation accuracy. For this reason,
the bias required for the correction of TH values derived from
DAP data should be determined separately for each DAP data
acquisition. A strong linear correlation and similar data distribu-
tion of reference and DAP-derived heights is the prerequisite for
assuming that correction is feasible (Jensen and Mathews 2016).
A similar solution was applied in a tropical forest by Swinfield
et al. (2019), who showed that the accuracy of the TH calculation
improved significantly after the correction of bias.

Estimation of TH correction derived from DAP

In order to make our approach applicable when ALS data are
not available, we propose an alternative solution to calculating
the bias of the DAP data based on field measured top-height
from forest inventory plots. To estimate the bias of the TH val-
ues determined using DAP data using field data, it is necessary
to calculate the minimum sample size required to adequately
determine the correction. We used iterative sampling to assess
how the sample size affects the SE of the THpapiox10 Without
the correction. We took 0.2 as the SE threshold for achieving a

55:7140188438

sufficient accuracy, although we recognize that the sample size
may vary depending on the DAP data. In addition, the SE can be
affected by unbalanced sampling of the data, especially uneven
distribution of data across age classes. In this study, sampling was
carried outin such a way that the samples were evenly distributed
by age classes. However, the number of sample plots required to
achieve the target accuracy for a given dataset may also depend
on other factors, such as the species composition and topography,
which could be further considered in the sample size selection
and calculation.

DAP data are typically more widely available than ALS data
and we showed that DAP data can perform similarly well as ALS
data if our bias-correction procedure is applied (Wallace et al.
2016, Mielcarek et al. 2020). Our bias correction method requires
reference data. However, the strength of our approach lies in
its flexibility regarding the source of these reference data. Not
only ALS data but also field measurement and potentially UAV
data can be used. If repeated data acquisitions are available or
are planned, our approach enables also the integration of data
from various sources, including field sample plots, DAP, ALS, and
UAV data, facilitating the modelling of TH growth through the
developed TH time series (Tompalski et al. 2015).

In our study we used ALS data as the reference, but ALS may
often not be available. Contrarily, field sample plots are often
established during regular forest inventories and are therefore
readily available in many forests. If the available sample plots
are temporally not matching the DAP acquisition dates, it may
in some cases also be possible to collect a limited number of
additional field plots temporally close to planned DAP overflight
dates. Thus, with a relatively small amount of field work, it should
be possible to estimate the correction necessary to eliminate the
bias of TH estimated using DAP data at the forest district level.

Top height growth models

After correcting the bias in TH calculated based on DAP data,
we used the TH calculated for subcells of 10 x 10 m to calculate
the TH in 50 x 50 m grid cells and calibrate the growth model.
The model developed on uncorrected DAP data ()DAPy, differed
substantially from the reference model (ALSy). This was caused
by various systematic errors in the DAP-derived TH values for both
2015 and 2021. However, after correction, the model’s (DAPy_corr)
accuracy increased substantially. The MAE and RMSE of the model
after correction approached the accuracy of the reference ALS
model. Therefore, our research exemplifies the potential for devel-
oping a TH growth model based on point cloud data derived
from DAP.

Our approach was tested in Scots pine monocultures. In the
future, it will be necessary to investigate the possibility of apply-
ing the correction to more diverse stands composed of different
species. Mielcarek et al. (2020) highlighted differences in DAP-
derived TH values between coniferous and deciduous species.
Swinfield et al. (2019) claim that canopy gaps and the canopy
density may also affect the DAP results. DAP-derived TH is more
accurate for more open and fragmented tree stands (Zahawi
et al. 2015, Jensen and Mathews 2016) and young plantations
(zarco-Tejada et al. 2014). Therefore, future research should focus
on whether it is possible to calculate the DAP TH bias correction
for large areas without a more sophisticated model or extensive
field work. One promising option to further improve the efficiency
may be to replace field height measurements with either strip or
spot surveys from a drone equipped with a LiDAR sensor.

Besides the straightforward approach suggested here, more
complex models could also be used for DAP TH bias correction.
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Recently, machine learning approaches have been tested for the
prediction of stand properties with the use of DAP data (Li et al.
2018, Viljanen et al. 2018, Zhang et al. 2021). The implementation
of machine learning methods may also make it possible to intro-
duce DAP-derived TH growth models across larger areas. Machine
learning models could potentially also be trained to correct for
biases between DAP heights and reference heights, considering
also the characteristics of the point cloud and the camera and
flight parameters. However, training data from field measured TH
on sample plots or TH determined for part of the area by ALS will
still be required. In comparison, our presented approach seems
much simpler and easier to implement. A comparison between
our method and such more complex machine learning-based
approaches is worth considering.

A very important advantage of using DAP data as compared
with ALS data is the low cost of data acquisition (Hawryto et al.
2017). Photogrammetric flights can be flown at higher heights
than ALS, and the aircraft can fly faster, allowing information
to be collected over the same area in a much shorter time than
with ALS (Goodbody et al. 2019). In some countries, DAP data
are collected regularly at relatively short intervals (Gobakken
et al. 2015), therefore DAP has the potential to be a reliable, cost-
effective data source for the modelling of TH growth. However, one
key limitation is that free access to DAP data at national level is
still challenging in some countries. Furthermore, even in countries
where data are accessible, the quality of the data often varies over
time and space. Therefore, DAP data collection campaigns should
be coordinated nationally to ensure consistent data quality.

In addition toits use in the calibration of height growth models,
the developed DAP-derived TH correction approach can be used to
estimate TH for many other applications, such as site productivity
estimation, biomass determination, and forest monitoring. This
is particularly relevant in an era of dynamic changes in forest
ecosystems under the effects of climate change and anthro-
popression.

Conclusions

In this study, we demonstrated the applicability of DAP data to
the development of TH growth models for Scots pine. Our results
show that DAP-derived TH increment could be an alternative
to TH increment estimations based on field measurements or
ALS data. The TH determined using the DAP data in our study
showed a significant systematic error specific to the given date of
acquisition. However, we here presented an approach to eliminate
this problem by applying a bias correction based on a limited
number of TH measurements from either ALS of field data. The
corrected multi-temporal DAP data then allow for the accurate
estimation of TH growth and the development of TH growth
models. Developing growth models and monitoring changes in
forest growth dynamics is essential in an era of changing climatic
conditions. The increasing availability of DAP data facilitates the
effective modelling of forest TH growth, which is crucial for esti-
mating wood and biomass production and carbon sequestration.
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Forest height is the key variable measured within the frame of forest Received 8 May 2024

monitoring and, at the same time, the most important input variable in Accepted 11 October 2024

forest growth modeling. In particular, top height (TH), a fundamental

stand attribute that affects biomass allocation and carbon storage. In gf\\P(.wp;tDs | -

this study, we demonstrated the potential of digital aerial LiDA’;';oor?]e-aEe.r scanming:
X X ; top height; growth

phqtogrammetry (DAP) daFa in TH growth modeling. We used DAP- models; remote sensing

derived TH corrected by using reference TH values calculated based on

airborne laser scanning (ALS) data. The novelty of this approach lies in

the fact that we corrected DAP-based TH measurement using reference

from different years. In the developed approach, the ALS-derived TH is

updated to the year of DAP data collection using a TH growth model,

so that it can be used as a reference for the correction of the DAP-

derived TH. We showed that the effectiveness of TH updating is almost

independent of the growth model used, indicating that this parameter

can be updated using models that are not adapted to local growth

conditions. We then showed that the TH derived from the DAP data

corrected by using the proposed approach is useful for developing

appropriate local TH growth models.

1. Introduction

We are currently witnessing rapid changes in forest ecosystem dynamics, particularly in terms of
growth and productivity (Mensah et al. 2021; Pretzsch et al. 2014). Such changes have a profound
impact on forest growth resilience, and efforts in forest management are required to preserve forests
and help them adapt to climate change (Pretzsch 2009). Under changing growth conditions, the
ability to monitor forest parameters in near real time becomes increasingly important (Achim
et al. 2022). Growth models that account for local site conditions and actual growth patterns are
also becoming progressively more relevant for sustainable forest management (Achim et al.
2022; Blanco Vaca and Wong 2023; Bontemps and Bouriaud 2014). The unprecedented number
of new forest data that are being acquired with remote sensing technologies opens up new oppor-
tunities for the development of forest growth models that overcome previous data availability limit-
ations (Tompalski et al. 2021). Therefore, in an era of observable environmental change, it seems
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necessary to combine traditional methods for monitoring and modeling forest growth by using field
measurements with remote sensing data to adequately respond to emerging challenges.

Forest height is one of the key variables measured in forest monitoring and, at the same time, the
most important input variable in forest growth modeling (Anténio et al. 2007; Bastin et al. 2018; Bi
et al. 2010; Sharma, Amateis, and Burkhart 2002; Vanninen et al. 1996). In particular, top height (TH),
a fundamental morphological stand attribute that affects biomass allocation and carbon storage, gives
a direct indication of forest growth (Zhou et al. 2019) and is also one of the parameters that can be
relatively precise measured and monitored by using remote sensing data (Hawrylo et al. 2024; Janiec
et al. 2023; Jurjevi¢ et al. 2020; Tyminska-Czabanska et al. 2021; Tyminska-Czabanska, Hawrylo, and
Socha 2022; Wang et al. 2019). TH is one of the primary variables used to determine site productivity
in site index (SI) approaches (Zhou et al. 2019). Accurate assessments of site productivity are critical
for sustainable forest management, as site productivity plays a vital role in making informed decisions
about species composition, silvicultural practices, allowable harvest levels, rotation lengths, and tim-
ber yield projections (Pretzsch 2009). The accuracy of the determination of SIs is affected by the accu-
racy of the determination of stand age and TH and the adequacy of the SI model. To date, field
measurements from sample plots and stem analysis have been used to develop SI models (Socha
and Tyminska-Czabanska 2019). However, with both sample plots (SP) and stem analysis (SA)
data, it is difficult to cover the full range of site conditions and forest growth variability due to the
time-consuming and costly nature of the measurements. As a result, the models developed from
SP and SA data often do not adequately reflect local growth patterns (Marziliano, Tognetti, and Lom-
bardi 2019; Socha and Tyminska-Czabarska 2019). In the context of rapidly changing site conditions,
an additional and particularly important limitation of SP inventory data and growth reconstruction
data from SA is that the models developed based on them reflect long-term growth patterns that may
differ significantly from currently observed increments (Mensah et al. 2021). This problem can be
solved with the use of remote sensing products, in particular airborne laser scanning (ALS) and air-
borne digital aerial photogrammetry (DAP) data (Guerra-Hernandez et al. 2018).

In recent years, bi-temporal ALS data have been used in height growth modeling, with satisfactory
results (Socha et al. 2017; Socha et al. 2020; Tompalski et al. 2015; Tyminska-Czabanska et al. 2021).
However, there is still a limited number of multi-temporal ALS data available for areas of interest.
DAP data have demonstrated their utility in assessing various forest stand attributes, including tree
height (Guerra-Herndndez et al. 2018), basal area (White et al. 2015), and timber volume (Hawrylo,
Tompalski, and Wezyk 2017; Straub et al. 2013). Recent research has focused on comparing forest
stand inventories derived from DAP and airborne laser scanning (ALS) point clouds (Guerra-Her-
nandez et al. 2018; Hartley et al. 2020; Hawrylo, Tompalski, and Wezyk 2017; Mielcarek, Kaminska,
and Sterenczak 2020; Prado et al. 2022; Wallace et al. 2016). The studies consistently find that ALS-
derived top height (TH) values have smaller errors compared to those obtained from DAP. Never-
theless, these studies often report a strong correlation between DAP, ALS and field data. A much
more accessible but much less common source of stand height data for modeling is represented by
multi-temporal DAP data. DAP point clouds can be a relatively easily accessible and less expensive
source of data for the calibration of growth models. The DAP data can by acquired using low-cost
drones during the forest inventory. Archival DAP data is much more widely available than LiDAR
data. Its use allows backward modeling and the construction of much longer time series. The Struc-
ture for Motion technique allows for straightforward point cloud delivery without having to impose
strict homogeneity by overlapping images, positioning and calibrating the camera (Iglhaut et al. 2019).
This technique is less expensive than ALS data acquisition and, in particular, provides more widely
available multi-temporal DAP data. However, these data represent only the upper forest canopy
(White et al. 2013). Studies comparing stand height determination methods based on ALS and
DAP data have shown that ALS data are characterized by a smaller error (Guerra-Hernandez et al.
2018; Hartley et al. 2020; Hawrylo, Tompalski, and Wezyk 2017; Mielcarek, Kaminska, and Sterenc-
zak 2020). Stand height values determined with DAP have systematic acquisition-specific errors and
are, at the same time, highly correlated with actual stand height values (Jensen and Mathews 2016). If

60:5343387322



INTERNATIONAL JOURNAL OF DIGITAL EARTH e 3

reference data from field measurements or ALS data are available for the study area for the years of
DAP data collection, it is possible to directly determine the bias in DAP stand height (TH) determi-
nation and perform correction. In such a case, the systematic error is determined separately for each
DAP acquisition year by calculating the difference between the average TH calculated with DAP and
the reference TH determined from sample plot measurements or by using ALS data. A limitation of
this DAP data correction method is that its application requires ALS or ground survey data to be
available for the year in which the DAP data were collected; while DAP data are generally readily
available, this is less often true for ALS data or reference ground survey data for a specific forest dis-
trict. Thus, it is often difficult to apply this method, and the enormous potential of using DAP data
remains limited. Therefore, the aim of this research study was to develop a method to correct DAP
data based on ALS data or data from sample plot measurements referring to a different year from the
year of DAP data collection. The fact that not only ALS data but also field measurement data can be
used as a reference makes the developed approach flexible.

In order to verify the assumptions of the proposed approach, we established two sub-objectives
in which we verified the following assumptions: (1) We aimed to verify the suitability of different
TH growth models to update the TH determined for the year of ALS acquisition (or field measure-
ments) according to the reference TH for the year of DAP data acquisition. We assumed that for the
very short time between the ALS data acquisition or field measurements and the DAP data acqui-
sition, the errors in the determination of the TH increment are negligible compared with the cor-
rected TH and that the selection of TH growth model used for updating this parameter has no effect
on the accuracy of the calculated correction. (2) We aimed to determine whether the TH values
obtained by using the DAP data corrected with the proposed approach were useful for developing
appropriate local TH growth models.

2. Methods
2.1. Study area description

The study area comprised Scots pine (Pinus sylvestris) stands in Milicz Forest District (Figure 1).
The entire study area covered nearly 23,600 ha, of which Scots pine stands cover nearly 6,400
ha. The area is partly located in Natural Forest Regions III and V, based on the Polish natural forest
regionalization system (Zielony and Kliczkowska 2012). The stands in the study area were predo-
minantly Scots pine (75%), with a share of oak (10%), beech (6%), black alder (5%), and silver birch
(2%). The age of the Scots pine stands varied between 1 and 160 years; however, in the analysis, we
excluded tree stands younger than 10 and older than 120 years. We also excluded tree stands with a
share of Scots pine lower than 80%. It is probable that the young stands observed at the time of the
initial measurement exhibited a markedly different age and height structure compared to the
second data acquisition. Consequently, we excluded these stands from the subsequent analyses,
as they are characterized by high variability and the presence of outliers, which may have a detri-
mental effect on the calibration of the models. The ALS data from two periods (2012 and 2019) cov-
ered only the southern part of the study area (Figure 1), while the DAP data from two other periods
(2013 and 2020) covered the entire study area.

2.2. Data acquisition

Information on species composition and stand age was obtained from the National Forest Infor-
mation System and Forest Data Bank (https://www.bdllasy.gov.pl/portal/). We acquired the
DAP and ALS data from the official repository of the Head Office of Geodesy and Cartography
(GUGIK) in Poland (https://www.geoportal.gov.pl/).

The acquired airborne DAP data referred to the years 2013 and 2020 (Table 1), where the RGB
photos were characterized by 0.25 m spatial resolution and minimum image overlaps of 60% along
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Figure 1. Study area location in Poland (a) and in Milicz Forest District, western Poland (b).

the track and 25% across the track. We selected 100 and 108 images for 2013 and 2020, respectively,
within a buffer of 2 km from the study area. Both datasets were acquired under leaf-off conditions.
Airborne image-based point clouds were generated using the computer vision DAP approach
(Turner, Lucieer, and Watson 2012) and the Agisoft PhotoScan Professional software package. A
detailed description of the workflow and software can be found in Turner, Lucieer, and Wallace
(2013) and Dandois and Ellis (2013). We used high accuracy parameter for the photo alignment,
with 1.000 key point limit per Mpx and 10.000 tie point limit. The point cloud was generated
with high quality and mild depth filtering. For aerotriangulation, for the 2020 photos, the external
orientation parameters were obtained from the GUGIK, while for the 2013 photos, we used ground
control points (GCPs) created both manually and based on the orthophotomap and digital terrain
model (DTM) for that year. We generated 15 GCPs for this year. The average density values of the
acquired point clouds were 4.3 and 4.5 points/m? for 2013 and 2020, respectively (Table 1).

The ALS data referred to the years 2012 and 2019 and were acquired under leaf-off conditions
(Table 1). The mean density of both point clouds was 4 points/m> and the ALS positioning accu-
racy was 0.15 m (according to the provider). Both point clouds were already classified by the data
providers.

Table 1. DAP (digital aerial photogrammetry) and ALS (airborne laser scanning) data acquisition parameters.

Type of Data Acquisition Year Density [points/m2] Positioning Accuracy [m] Spatial Resolution of Images [m]
DAP 2013 43 - 0.25

2020 45 - 0.25
ALS 2012 4 0.15 -

2019 4 0.15 -
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2.3. Determination of TH based on ALS and DAP for years of data acquisition

We performed point cloud processing by using the lidR package in the R environment (Roussel
et al. 2020). In the first step, we normalized the point clouds. For ALS data normalization, we
used the normalize_height function and the knnidw algorithm with its default parameters. In the
case of the DAP data, we normalized them by subtracting the ALS-derived DTM from each
DAP point, where the DTM, with a spatial resolution of 1 m, was derived from the GUGiK
(2012). In the next step, we calculated the canopy height models (CHM:s) for the years 2012 and
2019 for the ALS data and for the years 2013 and 2020 for the DAP data. All CHMs were created
with a spatial resolution of 1 m. For this purpose, we used the ‘p2r’ algorithm with a subcircle size of
0.3 m.

Defining TH as the average height of the 100 thickest trees per 1 ha without taking into account
their location is inappropriate, as it depends on the size of the sample plot (or stand). Therefore,
to determine the top height, we used the definition proposed by Rennolls (1978), according to
which this parameter should be calculated as the average height of non-empty 0.01 ha subplots.
In order to obtain the TH of the analyzed pine stands according to this definition, we applied the
method for calculating this parameter recommended by Hawrylo et al. (2024). TH calculated with
this method is hardly sensitive to changes as a result of silviculturaal treatments (Hawryto et al.
2024). By following the methodology verified in previous TH growth modeling studies (Socha
et al. 2017; Socha et al. 2020; Tyminska-Czabanska et al. 2021; Tyminska-Czabanska, Hawryto,
and Socha 2022), all Scots pine stands in the study area were divided into 50 x 50 m grid cells,
obtained with the aggregation of 25 10 x 10 m subcells (Figure 2 a). For this purpose, for each
year of acquisition, the TH was calculated for the 50 x 50 m grid cells as the average of the 25
maximum CHM values of the 10 X 10 m subcells. In the calculation of the averages, the cells of
the 10 x 10 m grid with maximum CHM values lower than 2/3 of the TH of the 50 x 50 m grid
cells, which were considered empty, were removed to capture only the heights of the tallest
trees (Figure 2 b). In order to eliminate the counting of trees from neighboring stands in each
stand, an internal buffer of 15 m in width was used, and the 50 x 50 m grid cells that fell comple-
tely within the stand without entering the buffer boundaries were included in the calculations
(Figure 2 c). This method for determining heights was applied to both the DAP and ALS data
for individual acquisition years. The TH values calculated for the 50 x 50 m grid cells were treated
as single observations in the modeling.

2.4. Updating of TH determined from ALS to year of DAP data acquisition

Previous studies have shown that TH determined from point clouds extracted from DAP data is
subject to systematic acquisition-specific errors (Hawrylo, Tompalski, and Wezyk 2017; Mielcarek,

Figure 2. General workflow of top height (TH) estimation. Canopy height model (CHM) values from green (lower values) to red
(higher values) in (a) 10 x 10 subcells and (b) 50 x 50 m grid cells, resulting from aggregation of 25 10 x 10 m subcells; c) internal
buffer of 15 m in width and removal of incomplete 50 x 50 grid cells. The black lines refers to the stands boundaries.
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Kaminska, and Stereniczak 2020; Swinfield et al. 2019; Wallace et al. 2016). It is therefore necessary
to identify the bias of THpsp and correct it by using reference TH values; the latter can be deter-
mined with ALS data (THa;s), which often have higher accuracy than data from traditional field
surveys (Hawrylo et al. 2024; Wang et al. 2019). A limitation of this DAP data correction method
is that its use requires the availability of ALS data for the year in which the DAP data were collected,
which can limit the great potential of using DAP data. We therefore developed a method to update
THars collected in any year according to the TH of the year of DAP data acquisition (Figure 3). The
TH updated in this way was used as a reference (TH,.s) for THpap correction (THpapcorr)-

In the developed approach, the data for estimating the TH,.¢ of the year of DAP data acquisition
are calculated by using the TH ;s calculated for the year of ALS data acquisition, which is updated
by using any TH growth model up to the year of DAP data acquisition (Figure 3). This is performed
by calculating the TH increment for the period representing the difference between the year of ALS
data acquisition and the year of DAP data acquisition calculated by using the TH growth model.
The TH estimated using the ALS data is then updated to the year of DAP data acquisition by
using the TH increment (Figure 3). The updated TH is then used as the reference value (TH,)
of the year of DAP data acquisition.

We assumed that for a relatively short time between ALS and DAP data acquisition, the errors in
the determination of the TH increment performed by using different models is negligible compared
with the value of the corrected TH. Therefore, the result of updating TH 1 to that of the year of
DAP data acquisition should not depend on the TH growth model used to estimate the TH incre-
ment. To verify this assumption, we used 3 TH growth models (Table 2, equation 1) to calculate the
TH increment required to estimate the TH,.¢ of the years of DAP data acquisition - 2013 and 2020.
For this purpose, we applied the TH growth model for Scots pine in Poland (M1) and the regional
TH growth models for Natural Forest Regions IIT (M2) and V (M3), in which the study area was

located.
TH
[m]
THs for GROWTH MODEL CALIBRATION CORRECTED TH DAP (DAPcor)
PDATED TH ALS
(THref)
TH ALS 201 CORRECTED TH DAP (DAPcorr)
UPDATED TH ALS TH DAP
(THref) 2020

age
[years]

Figure 3. Graphic description of top height (TH) updating and use of updated TH for TH DAP correction.

Table 2. Parameters of models used for updating top height (TH) obtained from ALS data according to DAP data acquisition year
(Socha et al. 2021).

Model Spatial Scope of Model B4 B2 Bs

M1 Poland 1.363 5920.904 30.443
M2 Natural Forest Region Il 1.26398 377411 —14.6078
M3 Natural Forest Region V 1.39 3325.004 36.6838
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The general form of the TH growth models used to calculate the TH increment used to update
TH ALS according to that of the year of DAP data acquisition is described by equation 1:

TR (TP R + B,)

TH = TH, TP R+ B) (1)
where
0.5
R=2Zy+ (Z§+2’322H1) (1.1)
T1#
Zy = TH, — B, (1.2)

and By, P2, and B; are model parameters (Table 2); TH is the top height at age T; and TH, is the top
height at age T1. R is an expression describing the growth rate, while Z, is an adjustment expression.

By using the stand age (T) and THays defined for each 50 x 50 m grid cell for 2012 and 2019,
based on the 3 selected TH growth models (Table 2), TH,.¢ was calculated for the DAP data acqui-
sition years 2013 and 2020, respectively. In this way, 3 reference TH values were obtained (TH,.f,
TH,ep, and TH,.g;). In order to test Assumption 1, which states that the result of the updated TH
does not significantly depend on the growth model used, the TH,. values obtained with the 3
models were compared by using ANOVA. In further analyses, the reference values obtained with
the 3 models (TH,ef;, TH e, and TH ;) calculated in this way for 2013 and 2020 provided a refer-
ence for the DAP data acquired in those years.

The reference data were then used to investigate whether THp Ap was subject to systematic error.
A t-test for the dependent variables was performed in order to verify the existence of significant
differences between THpap and the 3 TH,.r values (TH,.r;, TH,er, and TH,.s3), which would
have indicated the presence of bias.

Then, for the 2013 and 2020 acquisition years, the bias of THp,p was calculated as the average
difference between THpap and TH s, TH e, and TH, g of each 50 x 50 m grid cell. These differ-
ences were calculated by using 50 x 50 m grid cells from the ALS data acquisition area (Figure 1).
Next, the average DAP bias calculated separately for each TH,ef (TH,ef1, TH e, and TH,.g3) and the
years 2013 and 2020 for the ALS data acquisition area was summed to the THpap calculated for
each 50 x 50 m grid cell within the DAP data acquisition area (Figure 1). In this way, we obtained
3 corrected TH values (THpapcorr1>» THpapcorr2> ad THpapeorr3) for each of the DAP data acqui-
sition years (2013 and 2020) (Figure 4).

2.5. Evaluation of effectiveness of TH DAP correction method

The evaluation of the TH correction method was carried out for the area with ALS data availability
by comparing the corrected TH values (TH DAP,;, TH DAP,,,, and TH DAP,,;) with the
respective TH,r values (TH,er;, THyepr, and TH,g3). The TH errors were characterized by using
the MAE (equation 2) and RMSE (equation 3):

RMSE(y, §) = N (2)
N—1 -~
MAE(y, 5) = =00 =71 3)

where y; is the measured value, y; is the predicted value, i is the summation index, N is the number
of cases, y; is the mean volume of N cases, and p is the number of parameters in the model.

The statistical difference between corrected and reference TH values was tested by using
Student’s t-test for dependent variables.
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Year 2012 2013

Data type
TH calculation THALS
THALS updatmg %

THrets
BIAS of TH DAP
calculation THm

TH DAPcorr1

TH DAI? TH DAPcorr2
correction TH DAPwm
DAP TH growth

model calibration

DAP TH growth
model validation

Figure 4. Flowchart of methods used for DAP model calibration.

2.6. Use of corrected DAP TH for calibration of local TH growth model

In the next stage of the analyses, the TH DAP values (TH DAP ., TH DAP 15, and TH DAP,,3)
determined for 2013 and 2020 were used to calibrate the TH growth models. Prior to calibration, a
standard method for eliminating TH outliers (Tukey 1977) was employed, as it has been shown to
be effective in previous TH growth modeling studies (Janiec et al. 2023; Socha et al. 2017; Tyminska-
Czabanska, Hawrylo, and Socha 2022). The outliers were calculated and removed from 20-year age
classes for both 2013 and 2020.

Two pairs of age (T) and TH values (T9;3 and TH DAP o,(1-3)2013- ad Tag20 and TH DAP o1(1-3)2020)
calculated for 2013 and 2020 for each grid cell were used to calibrate the parameters of the growth func-
tion (Equation 1). In this way, 3 models were developed (Mpapi, Mpapa, and Mpaps).

To obtain the fitting model parameters, we used nonlinear least-squares optimization and the
Levenberg - Marquardt algorithm (Moré 1978), while for model fitting, we used the gslnls library
in the R environment (Core Team 2021).

2.7. Model evaluation

The following goodness-of-fit statistics were used to compare the models developed (Mpap;,
Mpap2, and Mpaps):

¢ Mean absolute error (MAE; equation 2);
¢ Root-mean-squared error (RMSE; equation 3);
e Adjusted coefficient of determination (Ridj), calculated as follows:

Y 0= (N-1
Rud] =1= N —\2
Y (v —y)” \N—p
where y; is the measured value, ¥; is the predicted value, i is the summation index, N is the num-

ber of cases, ¥; is the mean volume of N cases, and p is the number of parameters in the model. As
reference, we used the TH values estimated by using the updated ALS TH.

66:9485701595
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Next, we evaluated the developed models (Mpap;, Mpaps, and Mpaps) in order to verify
Assumption 2. To assess the appropriateness of the developed models, we compared them with
the reference model for Scots pine in Poland (M1) and the regional TH growth models for Natural
Forest Regions IIT (M2) and V (M3).

The flowchart in Figure 4 provides a summary of the above-described methodology, which con-
sists of the following steps: 1. TH calculation based on the ALS and DAP data in the analysed years
2. TH ALS updating, based on the growth models 3. BIAS of TH DAP calculation 4. TH DAP cor-
rection 5. DAP TH growth model calibration 6. DAP TH growth model validation.

3. Results
3.1. Comparison of TH,.s values obtained with three growth models

In order to test Assumption 1, which states that the result of the updated TH does not depend on the
growth model used, we compared three TH, ¢ values (TH,ef;, TH,er, and TH,.s;) calculated with the
three different models (M1-M3) by using ANOVA and found no significant differences for either
the year 2013 (p =0.931) or the year 2020 (p = 0.893).

3.2. Comparison of reference TH and TH derived from DAP and bias identification

The bias, RMSE, and MAE of the DAP-derived TH differed substantially between 2013 and 2020
(Table 3). Moreover DAP-derived TH differed substantially from all reference TH values (TH,f;,
TH,r, and TH,.¢3). This allowed us to estimate the correction values of the DAP data (Table 3).

3.3. Evaluation of effectiveness of proposed method for DAP-derived TH correction

The average DAP bias (correction values) obtained with the use of the three growth models was
added to TH DAP for the years 2013 and 2020 (Figure 5). The corrected DAP-derived TH (TH
DAPor1, TH DAP o110, and TH DAP,,,,3) were characterized by substantially lower bias, RMSE,

Table 3. Characteristics of bias of DAP-derived top height (TH) in comparison with reference TH obtained by using 3 growth

models (M1-M3).
2013 2020

Reference TH Bias [m] RMSE [m] MAE [m] p-Value Bias [m] RMSE [m] MAE [m] p-Value
THref1 0.900 1.160 0.936 <0.01 3.212 3.240 3.210 <0.01
THref2 0.940 1.190 0.974 <0.01 3.255 3.280 3.250 <0.01
THref3 0.905 1.160 0.940 <0.01 3.216 3.240 3.210 <0.01

30 A

THref 2013 THcorr 2013
THALS2012[ ~ 7 s % g - " TH DAP 2013
igi{MM .eﬁ‘!‘t"-.ﬂ FOET v v
20 A
N
104
* i
04 " -

ALS DAP

Figure 5. Example of application of DAP-derived top height (TH) correction for 2013 using TH,.s obtained from updating ALS-
derived TH for 2012 (THars2012)-
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Table 4. Characteristics of accuracy of estimation of corrected DAP-derived top height (TH).

2013 2020
Corrected TH Bias [m] RMSE [m] MAE [m] p-Value Bias [m] RMSE [m] MAE [m] p-Value
TH DAPorm 0.014 0.707 0.403 0.905 —0.002 0.407 0.313 0.981
TH DAP 12 0.014 0.710 0.405 0.902 —0.002 0.410 0.315 0.985
TH DAP o3 0.014 0.706 0.402 0.906 —0.002 0.406 0312 0.980
2013 2020
Before | After Before | After
40 / 40 p / 40
o o I
&30 S0 20
E E E
M1 g 20 gzc / g 20 /
9 . 9 9 7
<10 <10 < 10 A
E E / = /
0 / 0 / 0 0 /
0 10 20 30 40 0 10 20 30 40 0 10 20 30 40 0 10 20 30 40
TH DAP [m] - 2013 TH DAP [m] - Corrected M1 - 2013 TH DAP [m] - 2020 TH DAP [m] - Corrected M1 - 2020
40 40 40 40
o i 12011 2 /
a0 a0 /R &0
E E £ E /
20 520 520 520 /
M2 £ s s = Vd
9 9 Pl 3 9 i
<10 <10 / <C 10 <10 /
£ = A E =
0/ 0 0 0
0 10 20 30 40 0 10 20 30 40 0 10 20 30 40 0 10 20 30 40
TH DAP [m] - 2013 TH DAP [m] - Corrected M2 - 2013 TH DAP [m] - 2020 TH DAP [m] - Corrected M2 - 2020
40 / 40 40 40
o o /e g /
/R L
£ E S E £ /
©20 @20 © 20 ©20
M3 = = =4 = d
9 9 9 9 Pl
<10 <10 <€ 10 <10 /
E p = o = = g
0 / 0 0
0 10 20 30 40 0 10 20 30 40 0 10 20 30 40 0 10 20 30 40
TH DAP [m] - 2013 TH DAP [m] - Corrected M3 - 2013 TH DAP [m] - 2020 TH DAP [m] - Corrected M3 - 2020

® No correction M1 M2 M3

Figure 6. Comparison of DAP-derived top height (TH) values for 2013 and 2020 before and after correction with ALS-derived TH
values updated with three TH growth models (M1, M2, and M3).

and MAE (Table 4) than the corresponding values before correction (Table 3, Figure 6). Moreover,
after correction, the DAP-derived TH (TH DAPo.r1, TH DAP 5, and TH DAP,,,,3) did not differ
significantly from the reference TH (TH,ef;, THyer, and TH,.g, respectively). We found that with
respect to the corrected DAP-derived TH values for 2013, those for 2020 were characterized by
smaller bias compared with the reference data. We did not observe significant differences in the
bias, RMSE, and MAE of the corrected TH (TH DAP_,;;1, TH DAPy.r0, and TH DAP.,,,3) for
either 2013 or 2020 (p > 0.05). Moreover, for both years, these values were not significantly different
from the reference TH ALS (TH,ef;, THyers, and TH,eg3) (p > 0.05; Table 4).

3.4. Model development

The three corrected DAP-derived TH values (TH DAP..1, TH DAP_osr0, and TH DAP..,,3) for
2013 and 2020 were used for the calibration of the TH growth models (Mpap;, Mpaps, and
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Table 5. Parameter fit characteristics and accuracy of top height (TH) growth models (Mpap1, Mpap2, and Mpaps) developed using
corrected DAP-derived TH.

Parameter Value Standard Error t-Value p-Value RMSE [m] MAE [m] R2
Mpap1 p1 13 0.02 78.14 <0.01 0.343 0.276 0.995
p2 9338.7 1308.84 7.14 <0.01
p3 259 3.17 8.18 <0.01
Mpapz B1 13 0.02 78.04 <0.01 0.343 0.276 0.995
p2 9259.7 1302.58 7.1 <0.01
p3 26.2 3.18 8.23 <0.01
Mpaps p1 13 0.02 78.13 <0.01 0.344 0.277 0.995
p2 9341.5 1309.53 7.13 <0.01
p3 259 3.18 8.14 <0.01

Mpaps, respectively) (Table 5), which were developed based on the DAP-derived corrected TH
(Mpap1» Mpap2, and Mpaps, respectively) and had almost identical parameters and goodness-of-
fit statistics. The growth trajectories plotted for these models were identical (Figure 7d).

The developed DAP models were characterized by good data fit (Figure 7, Table 5); the modeled
TH growth trajectories did not differ substantially from the corrected TH measurements across the
entire height distribution.

The growth trajectories of the three compared models were identical (Figure 7 d), so only model
Mpap; was used for direct comparison with the reference models (M1-M3) (Figure 8). The trajec-
tories of the compared TH growth models were more or less similar depending on site productivity.
For the least productive sites, with a site index at a base age of 100 years equal to 20 m, the TH
model growth trajectories were very similar (Figure 8). The largest differences were observed for
the sites with the highest productivity (site index =40 m). It is worth noting, however, that the

a) : b) :
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30+ : 30+ :

| i

20+ | 20+ |

| |

| |

107 : 10+ !

| |

01 . ] o e
0 20 40 60 80 100 120 0 20 40 60 80 100 120

E
g

3 ) : d) !
T

8_40- : 404 :

= I |

30 : 30 !

] |

201 | 201 :

| |

| |

104 : 104 :

| |
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Mpap1 — Mpap Mpaps

Figure 7. Trajectories of top height growth plotted with 3 models, i.e. () Mpap1, (b) Mpap, and (c) Mpaps, Which were developed by
using top height (TH) change data (thin dashes) obtained from corrected DAP-derived TH values, and their direct comparison (d).
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Figure 8. Top height (TH) growth models calibrated with corrected DAP data (Mpap) and SA (stem analysis; M1, M2, and M3)
based on Socha et al. (2021).

trajectories plotted on the basis of the models developed by using the corrected DAP-derived TH
presented an averaged TH growth rate compared with the growth rates reflected by the models for
Poland (M1), Natural Forest Region III (M2), and Natural Forest Region V (M3). This indicates the
adequacy of the models developed on the basis of the DAP-derived TH values.

Discussion

In this study, we developed a new method to utilize DAP data in TH growth modeling whereby
DAP-derived TH is corrected by using reference ALS-derived TH. The novelty of this approach
lies in the fact that the reference data can be collected in a incremental period different from the
DAP data. The approach developed assumes that the ALS-derived TH is updated according to
the year of DAP data collection, so that it can be used as a reference for the DAP-derived TH.
We tested the suitability of different TH growth models for updating the ALS-derived TH to the
year of DAP data collection. The effectiveness of this TH update is almost independent of the
growth model used. Therefore the TH updating can also be performed by using models not adapted
to local growth conditions. Next, we showed that the TH obtained from the DAP data corrected by
using the proposed technique is useful for developing appropriate local TH growth models.

The developed method increases the potential for using DAP data to determine TH and stand
growth. Moreover, we showed that TH underestimation is specific to the DAP image acquisition
time. Similarly, the systematic bias of the DAP-derived forest stand height has been widely docu-
mented in the literature (Mielcarek, Kaminska, and Stereficzak 2020; Swinfield et al. 2019; Wallace
et al. 2016). Our analysis results show that when performing increment determination and then
growth modeling with DAP-derived TH, differences in the systematic TH error due to different
acquisition times represent a significant problem. The TH estimated on the basis of DAP data
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from 2020 was characterized by significantly larger underestimation than that for 2013. This effect
may be related to a different type of image aerotriangulation method. Moreover, the differences can
also be justifiable by the different light or weather conditions at the time of measurement and differ-
ent camera parameters (Holopainen et al. 2015).

Therefore, for eliminating the systematic error, correction specific to each DAP data acquisition
year is necessary; however, in turn, this requires acquiring reference data to determine the bias.
While DAP data are generally widely available for many acquisition dates, obtaining reference
data for the same period is challenging.

We solved the above issue by establishing a method to calculate reference TH values for the year
of DAP data acquisition based on the values acquired in other years, which are updated by using a
TH growth model (workflow). As our analysis results show, any model can be used to update TH. In
our case, we updated ALS data, but in the same way, we could update data from field measurements
such as sample plots. Recent studies have demonstrated that TH estimates derived from high-qual-
ity remote sensing data are more accurate than conventional field measurements (Hawrylo et al.
2024; Jurjevic et al. 2020; Sibona et al., 2017; Wang et al. 2019). TH estimates based on the ALS
point cloud are appropriate, under the condition that the point cloud density exceeds 2 points/
m? (Hawrylo et al. 2024). The ALS data we used in our study meet this condition. If the time
between ALS data acquisition or field measurements and DAP data acquisition is relatively
short, the errors in the determination of the TH increment are negligible compared with the
updated TH height values. Some increase in error can be expected as the temporal difference
between the data used to determine the reference TH and the DAP data increases. The updated
TH values provide a reliable reference to correct the DAP-derived TH by extracting bias. Correcting
DAP-derived TH eliminates bias and makes the DAP-derived TH fully reliable. This finding is in
line with the work by Swinfield et al. (2019), who applied TH correction in the case of a tropical
forest. Our approach allows for eliminating extensive fieldwork during the inventory process.
These results represent another example of the usefulness of employing DAP data in the forest
inventory process previously documented by other researchers (Hawrylo, Tompalski, and Wezyk
2017; Tompalski et al. 2018; White et al. 2015).

The flexibility of the developed approach lies in the fact that not only ALS data but also field
measurement data or UAV data can be used as a reference. Our approach allows for multi-source
data fusion (sample plot, DAP, ALS, and UAV data), which in turn allows for TH growth modeling
to be performed by using the developed TH time series (Tompalski et al. 2018). In Poland, multi-
temporal DAP data are available for the whole country; however, this data coverage is not hom-
ogenous in time. The time gap between field data collection and image acquisition is very impor-
tant, according to Price et al. (2020), with smaller gaps resulting in significantly better model
performance despite smaller samples. The time lag is especially important when modeling over
large areas, for which it is hard to capture data over short periods (Stepper, Straub, and Pretzsch
2015). By updating TH with growth models, we showed that this parameter can be determined
for any period.

With our DAP and ALS data fusion approach, it is possible to observe growth patterns over
shorter periods and thus take into consideration other factors that have an impact on forest growth.
Specifically, stand height growth dynamics depend on multiple factors, which often change over
short periods and are site-specific (Tyminska-Czabanska et al. 2021); they can be affected not
only by weather conditions but also forest management treatments (Skovsgaard and Vanclay
2008; Tyminska-Czabanska, Hawrylo, and Socha 2022). By using multi-source data fusion, we
can capture an appropriate, site-specific picture of TH growth. The advantage of using DAP images
lies in the significantly lower acquisition costs compared with ALS images (Hawrylo, Tompalski,
and Wezyk 2017). However, it should be noted that processing DAP data from large areas can
be computationally demanding (Goodbody, Coops, and White 2019).

The variable accuracy of DAP data was highlighted in a study by Holopainen et al. (2015). For
stands with a complex structure, the use of DAP data may lead to larger errors in height
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determination. Therefore, the suitability of our method for this use case needs to be verified.
Another limitation is that access to DAP data at national level is still a challenge. Campaigns should
be coordinated nationally to obtain consistent data with the same parameters. In the future the
space-borne sensors could be an alternative for the aerial data on a national level. However
space-borne sensors are not accurate enough yet to calibrate local growth models. Products such
as GEDI or ICESat-2 have a very high potential for global research. However, we need the accuracy
of the TH estimate to be as close as possible to the actual value. A recent study comparing LIDAR
and space-borne laser scanning shows that the RMSE of space-borne laser scanning is 6.10 m (Li
et al. 2024). Another study compared ICESat-2, GEDI and high resolution LiIDAR and shows height
estimates, with RMSE and MAE of 7.49 and 4.64 m (ICESat-2) and 6.52 and 4.08 m (GEDI) for 98th
percentile relative heights (Yu et al. 2024). This type of error can have a very significant impact on
the accuracy of a model.

Accurate DAP growth models can support management decisions, such as thinning and harvest-
ing schedules, to optimize forest productivity. Enhanced predictions of forest growth also enable
long-term planning and helping managers to develop adaptive management strategies. In addition
to the use of DAP data in modeling stand growth and productivity, their large availability for TH
determination can be very useful for quantifying wood volume and biomass (Bontemps and Bour-
iaud 2014; Pretzsch 2009; Saarela et al. 2020; Weiskittel, Crookston, and Radtke 2011). In particular,
developing local growth models and performing large-scale TH determination from DAP data
allow for a more efficient and accurate assessment of the capacity of forests to sequester CO,,
which is one of the challenges in modern forestry (Shukla et al. 2019; Smith et al. 2014).

Conclusions

In this study, we demonstrated the high potential of DAP data in TH growth modeling by establish-
ing a method whereby DAP-derived TH is corrected using reference ALS-derived TH. The novelty
of this approach lies in the fact that the reference data can be collected in a different period from
that of the DAP data. The developed approach assumes that the ALS-derived TH is updated to the
year of DAP data collection by using a TH growth model, so that it can be used as a reference for the
DAP-derived TH. We showed that the effectiveness of TH updating is independent of the growth
model used, indicating that this parameter can be updated by using models that are not adapted to
local growth conditions. We then showed that the TH derived from DAP data corrected by using
the proposed approach is useful for developing appropriate local TH growth models. Therefore, the
developed approach increases the potential for using DAP data to determine TH and stand growth,
opening up new possibilities for the flexible and straightforward use of DAP data in forest manage-
ment and growth modeling. In addition, the wide availability of DAP data for TH determination is
conducive for quantifying wood volumes, biomass, and carbon sequestration.
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