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1. I nt r o d u cti o n 

F or e st s  c a n  st or e  a  c o n si d er a bl e  a m o u nt  of  c ar b o n  i n  t h eir  li vi n g 

bi o m a s s, m a ki n g t h e m a n i m p ort a nt c ar b o n si n k. Ulti m at el y t h e c ar b o n 

g et s r el e a s e d b a c k i nt o t h e at m o s p h er e b y m e c h a ni s m s of r e s pir ati o n, 

d e c o m p o siti o n, or di st ur b a n c e. C h a n g e s i n c ar b o n st or a g e ar e n e c e s s ar y 

t o m o nit or b e c a u s e t h e y c a n h el p miti g at e or, c o n v er s el y - e x a c er b at e 

cli m at e c h a n g e. Tr o pi c al f or e st s e s p e ci all y h a v e hi g h i m p ort a n c e a s a 

c ar b o n si n k ( B a c ci ni et al., 2 0 1 2 ). A s u b st a nti al p art of t h e st or a g e i s 

c o n c e ntr at e d  i n  w o o d y  bi o m a s s,  w hil e  t h e  r e st  of  t h e  f or e st  p o ol  i s 

or g a ni c f or e st fl o or litt er a n d s oil s. T h e c ar b o n u pt a k e t h e y pr o vi d e h a s 

b e e n  hi st ori c all y  v er y  hi g h.  R e c e nt  st u di e s  s h o w  t h at  tr o pi c al  f or e st 

c ar b o n  s e q u e str ati o n  a m o u nt s h a v e  d e cli n e d,  m ai nl y  b e c a u s e of  tr e e s 

m ort alit y a n d d ef or e st ati o n ( H u b a u et al., 2 0 2 0 ). 

Air b or n e li d ar m a p pi n g or air b or n e l a s er s c a n ni n g ( A L S) c a n b e a n 

e s s e nti al  t o ol  f or  m o nit ori n g  f or e st  m etri c s.  Air b or n e  li d ar  pr o vi d e s 

a c c ur at e w all-t o- w all h ei g ht e sti m at e s f or b ot h t err ai n a n d t o p of c a n o p y 

el e v ati o n s i n f or e st e d ar e a s, b ut i s c o st- pr o hi biti v e t o pr o vi d e d at a o n a 

gl o b al  s c al e.  S p a c e- b or n e  li d ar s  s u c h a s  N A S A ’s I c e,  Cl o u d,  a n d  L a n d 

El e v ati o n  S at ellit e – 2  (I C E S at- 2)  or  t h e  Gl o b al  E c o s y st e m  D y n a mi c s 

I n v e sti g ati o n  ( G E DI)  mi s si o n  pr o vi d e  gl o b al  c o v er a g e  b ut  wit h  o nl y 

s p ar s e s a m pli n g. N e v ert h el e s s, v ari o u s st u di e s h a v e u s e d I C E S at- 2 d at a 

t o  pr o vi d e  b ett er  tr e e  h ei g ht  e sti m at e s  a n d,  s u b s e q u e ntl y,  b ett er 

a b o v e gr o u n d bi o m a s s e sti m at e s f or f or e st sit e s ar o u n d t h e w orl d. I niti al 

r e s ult s  u si n g  I C E S at- 2  f or  v e g et ati o n  m a p pi n g  a n d  bi o m a s s  w er e  o b -

t ai n e d  u si n g  si m ul at e d  d at a  (Gl e n n  et  al.,  2 0 1 6 ; G w e n zi  et  al.,  2 0 1 6 ; 

N ari n e et al., 2 0 1 9 ; D u n c a n s o n et al., 2 0 2 0 ). N ari n e et al. ( 2 0 2 0) pr o -

vi d e d a n e arl y a s s e s s m e nt of t h e u s e of c a n o p y m etri c s f or a b o v e gr o u n d 

bi o m a s s ( A G B) e sti m ati o n u si n g I C E S at- 2 tr a n s e ct s o v er t e m p er at e f or -

e st s i n s o ut h- e a st T e x a s; t h eir r e s ult s c o n fir m e d t h e utilit y of I C E S at- 2 

d at a  f or  c h ar a ct eri zi n g  A G B. N e u e n s c h w a n d er  et  al.  ( 2 0 2 0) v ali d at e d 

t err ai n  a n d  c a n o p y  h ei g ht  e sti m at e s  i n  b or e al  f or e st s  i n  s o ut h er n 
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Fi nl a n d.  T h e y  r e c o m m e n d e d  t h e  u s e  of  t h e  A T L A S  i n str u m e nt  str o n g 

b e a m s ( v s. u si n g w e a k b e a m s) f or m a p pi n g c a n o p y h ei g ht s. M al a m b o 

a n d P o p e s c u ( 2 0 2 1) a s s e s s e d t h e a gr e e m e nt b et w e e n I C E S at- 2- d eri v e d 

t err ai n  el e v ati o n s  a n d  c a n o p y  h ei g ht s  a n d  r ef er e n c e  A L S  d at a  i n 

v ari o u s e c o z o n e s i n t h e U S, r e p orti n g t h at A T L 0 8 t err ai n h ei g ht s h a d 

b ett er a gr e e m e nt t h a n A T L 0 8 c a n o p y h ei g ht s wit h c orr e s p o n di n g A L S 

h ei g ht s. C o ntr ar y t o N e u e n s c h w a n d er et al. ( 2 0 2 0) , t h e y r e c o m m e n d e d 

t h e  u s e  of  b ot h  str o n g  a n d  w e a k  b e a m s  f or  f or e st  h ei g ht  r etri e v al s. 

N ari n e  et  al.  ( 2 0 2 2) e x a mi n e d  t h e  a p pli c a bilit y  of  I C E S at- 2  a s  a  d at a 

s o ur c e f or c a n o p y c o v er i nf or m ati o n o v er f or e st s i n s o ut h- e a st T e x a s a n d 

s o ut h er n  Al a b a m a.  T h eir  r e s ult s  s h o w e d  hi g h  c orr el ati o n s  wit h  A L S 

c a n o p y c o v er e sti m at e s ( R 2 r a n gi n g f r o m 0. 7 5 t o 0. 8 4), s u g g e sti n g t h e 

p o s si bilit y  of  u si n g  I C E S at- 2  d at a  f or  t h e  d e v el o p m e nt  of  a  gri d d e d 

c a n o p y  c o v er  pr o d u ct.  Ot h er s  h a v e  st u di e d  t h e  o p p ort u niti e s  of  i nt e -

gr ati n g I C E S at- 2 d at a wit h G E DI or s p a c e- b or n e i m a g er y a n d S A R i n -

str u m e nt s  f or  o bt ai ni n g  a b o v e gr o u n d  w all-t o- w all  bi o m a s s  e sti m at e s 

(Li u  et  al.,  2 0 2 2 ; G u err a- H er n á n d e z  et  al.,  2 0 2 2 ; L u o  et  al.,  2 0 2 3 ). 

St u di e s u si n g I C E S at- 2 i n tr o pi c al f or e st s h a v e n ot b e e n wi d el y r e p ort e d 

i n t h e lit er at ur e, a n d pr e vi o u s w or k h a s s h o w n t h at a c c ur at e e sti m ati o n 

of  el e v ati o n s  i n  tr o pi c al  f or e st s  i s  c h all e n gi n g  ( F er n a n d e z- Di a z  et  al., 

2 0 2 2 ). Ur b a z a e v et al. ( 2 0 2 2) f urt h er c o n fir m e d t h at t err ai n el e v ati o n s 

i n  tr o pi c al  f or e st s  ar e  h ar d  t o  r etri e v e  a n d  h a v e  t h e  l o w e st  a c c ur a c y 

c o m p ar e d t o A L S d at a a m o n g a v ari et y of bi o m e s a n d c a n o p y cl o s ur e s. 

M u st h af a et al. ( 2 0 2 3) c o m p ar e d b ot h I C E S at- 2 a n d G E DI f or e st h ei g ht 

e sti m at e s t o fi el d d at a i n tr o pi c al a n d s u b-tr o pi c al f or e st s i n I n di a a n d 

f o u n d  t h at  G E DI  a c hi e v e d  l o w er  R M S E  v al u e s  ( c o m p ar e d  t o  fi el d 

r ef er e n c e d at a) t h a n I C E S at- 2. 

T h e m ai n i n str u m e nt o n b o ar d t h e I C E S at- 2 s at ellit e i s t h e A d v a n c e d 

T o p o gr a p hi c  L a s er  Alti m et er  S y st e m  ( A T L A S).  T h e  s e n s or  e m pl o y s  a 

p h ot o n- c o u nti n g li d ar ( P C L) wit h r et ur n s e n siti vit y at t h e si n gl e- p h ot o n 

l e v el. T h e i d e a b e hi n d P C L i s t o e mit l o w- p o w er p ul s e s a n d r e c or d e a c h 

r et ur ni n g  p h ot o n.  T hi s  m o d e  of  o p er ati o n  i s  i n  c o ntr a st  t o  a  di s cr et e 

m o d e li d ar t h at n e e d s t h o u s a n d s of p h ot o n s t o r e a c h a pr e d et er mi n e d 

t hr e s h ol d v al u e t o r e c or d a r et ur n (S w at a ntr a n et al., 2 0 1 6 ; Br o w n et al., 

2 0 2 0 ). T h e n u m b er of r et ur ni n g si g n al p h ot o n s d e p e n d s o n t h e o ut g oi n g 

l a s er  e n er g y,  s urf a c e  r e fi e ct a n c e  of  t h e  ill u mi n at e d  ar e a,  s ol ar  c o n di-

ti o n s, s c att eri n g a n d att e n u ati o n i n t h e at m o s p h er e, a n d s e n siti vit y of 

t h e  d et e ct or  (N e u e n s c h w a n d er  et  al.,  2 0 2 0 ).  A  bi g  c h all e n g e  f or 

d et e cti n g  at  t h e  si n gl e- p h ot o n  l e v el  i s  t h e  n oi s e  i ntr o d u c e d  b y  s ol ar 

p h ot o n s.  T h e  s e n s or  i s  s u s c e pti bl e  t o  s ol ar  n oi s e  i n  t h e  5 3 2  n m 

o p er ati o n al  w a v el e n gt h,  pr o d u ci n g  p oi nt  cl o u d s  t h at  m a y  c o nt ai n 

n u m er o u s n oi s e p h ot o n e v e nt s ( s e e Fi g. 1 ). T hi s i s b e c a u s e a n y r et ur n e d 

p h ot o n,  w h et h er  fr o m  t h e  r e fi e ct e d  si g n al  or  s ol ar  b a c k gr o u n d,  c a n 

tri g g er a n e v e nt wit hi n t h e d et e ct or (N e u e n s c h w a n d er et al., 2 0 2 0 ). 

O n e of t h e m ai n c h all e n g e s f or P C L i s t h e r e d u c e d c a n o p y p e n etr a -

ti o n c o m p ar e d t o li n e ar- m o d e li d ar (St o k er et al., 2 0 1 6 ). T h er e i s a l o w er 

pr o b a bilit y f or p h ot o n s t o r e a c h t h e gr o u n d a n d r et ur n t o t h e d et e ct or 

t hr o u g h t h e tr e e c a n o p y, a n d a s a r e s ult, t h e t err ai n b el o w t h e tr e e s oft e n 

c a n n ot  b e  m a p p e d  wit h  hi g h  a c c ur a c y.  T hi s  will  s k e w  t h e  t err ai n 

el e v ati o n e sti m at e s, w hi c h c a n pr o p a g at e i n a c c ur a ci e s i n t h e c al c ul ati o n 

of bi o m a s s e sti m at e s t hr o u g h v e g et ati o n h ei g ht err or s. I n t h e pr e s e n c e of 

d e n s e  v e g et ati o n,  li k e  i n  tr o pi c al  f or e st s,  p e n etr ati o n  i s  e x a c er b at e d, 

m a ki n g it m or e dif fi c ult t o e sti m at e t err ai n el e v ati o n s u n d er a  cl o s e d 

c a n o p y  a n d  d e n s e  u n d er st or y.  Tr o pi c al  cli m at e s  c a n  al s o  r e s ult  i n  a n 

i n cr e a s e i n i n c orr e ct p h ot o n e v e nt cl a s si fi c ati o n a n d si g ni fi c a nt o utli er s. 

T hi s i s pri m aril y c a u s e d b y t h e o c c a si o n al pr e s e n c e of l o w-l yi n g cl o u d s 

or f o g t h at c a n pr o d u c e p h ot o n r et ur n s t h at mi g ht b e i nt er pr et e d a s t o p 

of  c a n o p y  r et ur n s,  r e s ulti n g  i n  si g ni fl c a nt  o v er- e sti m at e s  of  c a n o p y 

h ei g ht, a s pr e s e nt e d i n Fi g. 2 . 

R e c e nt  r e s ult s  ( F er n a n d e z- Di a z  et  al.,  2 0 2 2 )  s h o w  t h at  i n  tr o pi c al 

f or e st s wit h d e n s e v e g et ati o n, t err ai n el e v ati o n e sti m ati o n err or s gr o w 

pr o p orti o n all y wit h t h e h ei g ht s of t h e tr e e s. O utli er v al u e s c a n s k e w t h e 

t o p of c a n o p y el e v ati o n e sti m at e s d u e t o at m o s p h eri c c o n diti o n s s u c h a s 

f o g or l o w-l yi n g cl o u d s a n d t h e i ntri n si c s e n siti vit y of t h e P C L d et e ct or. 

T h er e h a s b e e n a c o n c ert e d eff ort t o d e v el o p n oi s e filt eri n g al g orit h m s 

f or  p h ot o n  c o u nti n g  li d ar,  s p e ci fi c all y  f or  I C E S at- 2  d at a.  M o st  al g o-

rit h m s ar e b a s e d o n t h e i d e a t h at si g n al p h ot o n s h a v e hi g h er d e n sit y a n d 

ar e  cl u st er e d  t o g et h er  c o m p ar e d  t o  r a n d o ml y  di stri b ut e d  b a c k gr o u n d 

n oi s e  p h ot o n s.  Fir st  d eri v ati o n s  of  s u c h  al g orit h m s  w er e  t e st e d  o n 

si m ul at e d  I C E S at- 2  d at a  c oll e ct e d  b y  air b or n e  p h ot o n- c o u nti n g  li d ar s 

s u c h  a s  t h e  M ulti pl e  Alti m et er  B e a m  E x p eri m e nt al  Li d ar  ( M A B E L)  i n 

pr e p ar ati o n f or t h e I C E S at- 2 mi s si o n. ( H er zf el d et al., 2 0 1 3 ; W a n g et al., 

2 0 1 6 ). P o p e s c u et al. ( 2 0 1 8) a p pli e d m ulti-l e v el n oi s e filt eri n g t o r e d u c e 

t h e n u m b er of n oi s e p h ot o n s a n d t h e n cl a s si fi e d t h e t err ai n a n d t o p of 

c a n o p y  b y  m e a n s  of  o v erl a p pi n g  m o vi n g  wi n d o w s  a n d  c u bi c  s pli n e s. 

O n e of t h e sit e s w h er e  t h e y t e st e d  t h eir n oi s e filt eri n g w a s a tr o pi c al 

f or e st  i n  G a b o n.  R M S E s  b et w e e n  3. 1 1  m  a n d  4. 4 8  w er e  r e p ort e d  f or 

ni g ht d at a a c q ui siti o n a n d 4. 4 1 m – 5. 5 9 m d uri n g t h e d a y. Si n c e t h eir 

d at a w a s si m ul at e d, t h e p erf or m a n c e w a s n ot t e st e d a g ai n st t h e al g o -

rit h m s u s e d f or t h e I C E S at- 2 A T L 0 3 or A T L 0 8 pr o d u ct s, a n d w e c a n n ot 

dir e ctl y c o m p ar e t h e o bt ai n e d i n G a b o n r e s ult s t o o ur s. Aft er t h e l a u n c h 

of  I C E S at- 2,  m a n y  a ut h or s  p u bli s h e d  m et h o d s  t h at  f o c u s e d  o n  n oi s e 

filt eri n g  f or  f or e st  h ei g ht s  r etri e v al  u si n g  t h e  n e wl y  a v ail a bl e  A T L 0 3 

g e ol o c at e d  p h ot o n  d at a.  T h e s e  m et h o d s  r el y  o n  e x p a n di n g  a n d 

c o m bi ni n g a wi d e r a n g e of tr a diti o n al a p pr o a c h e s f or n oi s e filt eri n g s u c h 

a s p h ot o n d e n sit y cl u st eri n g, n ei g h b or h o o d s e ar c h wit hi n a cir cl e or a n 

elli p s e,  hi st o gr a m- b a s e d  a p pr o a c h e s,  di st a n c e  t hr e s h ol d,  al o n g  wit h 

m or e  el a b or at e c o m bi n ati o n s  of  t h e s e  ( H u a n g  et  al., 2 0 2 3 ; Xi e  et  al., 

2 0 2 2 ). I n G a o et al. ( 2 0 2 2) , t h e a ut h or s u s e a s u c c e s si o n of l ar g e- s c al e 

a n d s m all- s c al e s e ar c h r a di u s e s t o i m pr o v e o n t h e e xi sti n g D R A G A N N 

( Diff er e nti al, R e gr e s si v e, a n d G a u s si a n A d a pti v e N e ar e st N ei g h b or) al -

g orit h m u s e d f or t h e n oi s e filt eri n g of t h e r el e a s e d A T L 0 8 d at a. A f urt h er 

i m pr o v e m e nt i s u si n g a n elli p s e i n st e a d of a cir cl e f or t h e n ei g h b or h o o d 

s e ar c h, a s s e e n i n Z h u et al. ( 2 0 2 0) . A n e v e n m or e el a b or at e d s e ar c h 

m et h o d n a m e d l o c al o utli er f a ct or al g orit h m wit h a r ot ati n g s e ar c h ar e a 

( L O F R) i s pr e s e nt e d i n H e et al.  ( 2 0 2 3) , d e m o n str ati n g t h at L O F R al-

g orit h m  c a n  a d a pti v el y  a dj u st  t h e  s e ar c h  ar e a  a n d  dir e cti o n.  T hi s 

m et h o d w or k s w ell i n c o m pl e x t err ai n e n vir o n m e nt s b e c a u s e t h e s e ar c h 

elli p s e c a n f oll o w t h e t o p o gr a p h y, t h u s c a pt uri n g t h e c orr e ct t err ai n a n d 

t o p of t h e c a n o p y. W hil e t h o s e m et h o d s w er e r e p ort e d t o b e eff e cti v e 

a n d pr o vi d e d g o o d r e s ult s f or t h eir r e s p e cti v e t e sti n g sit e s, n o n e of t h e m 

tr e at e d t h e c h all e n gi n g e n vir o n m e nt of tr o pi c al f or e st r e gi o n s a n d t h e 

s p e ci fi c t y p e s of n oi s e t h at c o ul d d e v el o p i n t h o s e r e gi o n s, f or e x a m pl e, 

t h e pr e s e n c e  of l o w cl o u d s. T h e o nl y m et h o d  t h at w a s  a p pli e d e x cl u-

si v el y  t o  tr o pi c al  f or e st s  w a s Li  et  al.  ( 2 0 2 0) ,  w hi c h  pr o p o s e d  a n 

a p pr o a c h b a s e d o n r el ati v e n ei g h b or r el ati o n s hi p s a n d l o c all y w ei g ht e d 

Fi g.  1. A T L 0 3  p h ot o n  e v e nt s  ( bl u e  d ot s)  wit h  o v erl a p pi n g  A L S  e sti m at e s  of 

t err ai n  (r e d  li n e)  a n d  t o p  of  t h e  c a n o p y  ( gr e e n  li n e).  All  t h e  p h ot o n  e v e nt s 

a b o v e  a n d  b el o w  t h e  d e n s e  b a n d  o utli n e d  b y  t h e  air b or n e  li d ar  d at a  ar e 

c o n si d er e d  n oi s e.  All  t h e  e v e nt s  wit hi n  t h e  o utli n e s  ar e  si g n al,  a s  it  c o nt ai n s 

r et ur n s fr o m b ot h t err ai n a n d v e g et ati o n. ( F or i nt er pr et ati o n of t h e r ef er e n c e s 

t o  c ol or  i n  t hi s  fi g ur e  l e g e n d,  t h e  r e a d er  i s  r ef err e d  t o  t h e  W e b  v er si o n  of 

t hi s arti cl e.) 
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di st a n c e st ati sti c s. T h e r el ati v e n ei g h b ori n g r el ati o n s hi p d e s cri b e s t h e 

r el ati v e  d e n sit y  di stri b uti o n  of  t h e  n ei g h b ori n g  p h ot o n  p oi nt s  ar o u n d 

t w o p h ot o n p oi nt s. T h e y u s e t h e st ati sti c al c h ar a ct eri sti c s of t h e m e a n 

l o c al w ei g ht e d di st a n c e t o c h o o s e a n a d a pti v e t hr e s h ol d t h at s e p ar at e s 

t h e  si g n al  fr o m  t h e  n oi s e  p h ot o n s.  T h e  a ut h or s  r e p ort  g o o d  r e s ult s 

c o m p ar e d  t o  a  pr e vi o u sl y  u s e d  l o c al  di st a n c e  st ati sti c s- b a s e d  filt eri n g 

m et h o d, b ut t h e y d o n ot pr o vi d e a n y c o m p ari s o n t o t h e st a n d ar d al g o -

rit h m u s e d f or t h e d at a di stri b ut e d t o I C E S at- 2 A T L 0 8 u s er s. A f urt h er 

dr a w b a c k i s t h at t h e l o c ati o n of t h e st u d y sit e i s n ot pr o vi d e d, a n d r e s ult s 

ar e r e p ort e d f or o nl y a si n gl e s at ellit e tr a c k, w hi c h i s a v er y li mit e d t e st. 

C urr e ntl y,  t w o  n oi s e  filt eri n g  m et h o d s  ( N e u e n s c h w a n d er  a n d  Pitt s, 

2 0 1 9 ; N e u e n s c h w a n d er et al., 2 0 2 0 ; N e u m a n n et al., 2 0 2 1 ) ar e u s e d f or 

t h e  r el e a s e d A T L 0 8 d at a pr o d u ct s  t o r e d u c e t h e  n oi s e p h ot o n s  b ef or e 

e sti m ati n g  f or e st  h ei g ht s  a n d  t err ai n  el e v ati o n s,  o n e  of  w hi c h  i s  T h e 

Diff er e nti al,  R e gr e s si v e,  a n d  G a u s si a n  A d a pti v e  N e ar e st  N ei g h b or 

( D R A G A N N). B ot h m et h o d s ar e d e s cri b e d i n m or e d et ail i n s e cti o n 3. 4 . 

W hil e s o m e st u di e s ( Li u et al., 2 0 2 2 ; P e n g et al., 2 0 2 2 ) h a v e e x a mi n e d 

t h e u s e of n e ur al n et w or k s wit h I C E S at- 2, t h e y di d n ot e x a mi n e n oi s e 

filt eri n g of A T L 0 3 d at a or t o p of c a n o p y ( T O C) a n d t err ai n e sti m ati o n i n 

d e n s e f or e st s. Si mil ar t o u s, M e n g et al. ( 2 0 2 2) u s e d a n e ur al n et w or k f or 

n oi s e  filt eri n g,  a n d  t h e y  r e p ort e d  r e s ult s  o nl y  i n  s h all o w  b at h y m etr y 

st u d y  sit e s.  U nli k e  t h e  c a s e  of  a  n e ur al  n et w or k,  w hi c h  all o w s  dir e ct 

i n p ut  of  3 D  p oi nt s,  t h eir  m et h o d  d o e s  n ot  dir e ctl y  i n p ut  t h e  p h ot o n 

e v e nt s f or tr ai ni n g t h e n et w or k. T h e y c o n str u ct a f e at ur e v e ct or fr o m a 

K- n e ar e st n ei g h b or s s e ar c h wit hi n a h ori z o nt al elli pti c al r e gi o n t h at i s 

u s e d a s a n i n p ut, w hi c h r e s ult s i n a d diti o n al st e p s. A r e c e nt p a p er b y Li n 

a n d K n u d b y ( 2 0 2 3) u s e d P oi nt N et + + , a n e ur al n et w or k f or 3 D p oi nt s, t o 

e xtr a ct b at h y m etri c p h ot o n s fr o m I C E S at- 2 d at a. T h eir w or k diff er s fr o m 

o ur s  i n  t w o  f u n d a m e nt al  w a y s:  t h e  fir st  i s  t h at  b at h y m etri c  d at a  i s 

i n h er e ntl y e a si er t o cl a s sif y c o m p ar e d t o f or e st e d ar e a s, a s t h e p h ot o n s 

t h at d eli n e at e t h e s e a fi o or ar e i n m o st c a s e s e a s y t o di sti n g ui s h. T h e 

d at a s et s  ar e  d e v oi d  of  hi g h  a m o u nt s  of  n oi s e,  u nli k e  tr o pi c al  f or e st s, 

w hi c h d o n ot h a v e a n y str u ct ur e t h at c a n b e e a sil y di s c er n e d. S e c o n dl y, 

t h e y  u s e  m a n u al  cl a s si fi c ati o n  of  t h e  tr ai ni n g  d at a,  w hil e  w e  e m pl o y 

air b or n e  li d ar  d at a  f or  a ut o m ati c  l a b eli n g,  w hi c h  si g ni fi c a ntl y  s p e e d s 

a n d s c al e s t h e pr o c e s s. I n t hi s p a p er, w e pr o p o s e a n a p pr o a c h t h at, t o o ur 

k n o wl e d g e, h a s y et t o b e st u di e d: t h e u s e of a n e ur al n et w or k w or ki n g 

dir e ctl y o n t h e 3 D p oi nt cl o u d s f or a ut o m at e d s e p ar ati o n of n oi s e a n d 

si g n al e v e nt s i n d e n s e tr o pi c al f or e st s. W e ar e m oti v at e d b y t h e l ar g e a n d 

gr o wi n g  a v ail a bilit y  of  hi g h- d e n sit y,  hi g h- a c c ur a c y  tr o pi c al  air b or n e 

li d ar d at a t h at c a n s er v e a s r ef er e n c e d at a s et s f or t h e tr ai ni n g of n e ur al 

n et w or k s. U si n g air b or n e li d ar d at a t o pr e p ar e l a b el e d tr ai ni n g d at a s et s 

i s  a  f a st er  a n d  e a si er  m et h o d  t h a n  f ull y  m a n u al  l a b eli n g.  T h e  n e ur al 

n et w or k m et h o d l e v er a g e s g e o m etri c a n d l o c al si g n al d e n sit y i nf or m a -

ti o n  fr o m  o v erl a p pi n g  air b or n e  li d ar  m e a s ur e m e nt s  t o  tr ai n  a  d e e p 

n e ur al n et w or k t o  s e p ar at e si g n al a n d  n oi s e  p h ot o n e v e nt s. W e u s e a 

C o n v P oi nt  ar c hit e ct ur e  ( B o ul c h,  2 0 2 0 )  f or  3 D  p oi nt  cl o u d s  t h at  i s 

a p pli e d  t o  t h e  r a w  I C E S at- 2  A T L 0 3  p oi nt  cl o u d  r e c or d s,  pr o d u ci n g 

r eli a bl e a n d c o nti n u o u s n oi s e fllt eri n g r e s ult s e v e n i n d e n s el y v e g et at e d 

ar e a s.  T h e  m ai n  b e n e fit  of  t h e  C o n v P oi nt  ar c hit e ct ur e,  c o m p ar e d  t o 

tr a diti o n al 2 D c o n v ol uti o n al n e ur al n et w or k s, i s t h e dir e ct a p pli c ati o n 

o n irr e g ul ar 3 D p h ot o n d at a wit h o ut c o n v er si o n t o a r e g ul ari z e d i nt er -

m e di at e r e pr e s e nt ati o n s u c h a s a n i m a g e. T h e b e n e fit i s t w o-f ol d: o n t h e 

o n e h a n d, s a vi n g ti m e b y dir e ctl y u si n g r e a dil y a v ail a bl e A T L 0 3 d at a 

pr o d u ct p h ot o n e v e nt s, a n d o n t h e ot h er, n ot h a vi n g d at a i n e vit a bl y l o st 

d uri n g c o n v er si o n t o a l o w er di m e n si o n f or m at (i. e., fr o m 3 D t o 2 D). W e 

v ali d at e o ur r e s ult s f or I C E S at- 2 t err ai n a n d t o p of c a n o p y el e v ati o n s i n 

t h e  d e n s e  tr o pi c al  f or e st s  of  M e xi c o,  B eli z e,  G u at e m al a,  H o n d ur a s, 

Br a zil, a n d P u ert o Ri c o b y c o m p ari n g t h e n e ur al n et w or k cl a s si fi e d d at a 

wit h hi g h- d e n sit y air b or n e li d ar d at a fr o m ni n e st u d y ar e a s. T h e r e s ult s 

s h o w b ett er c o n si st e n c y, r e m o v al of o utli er s, a n d o v er all i m pr o v e m e nt 

i n t err ai n a n d t o p of c a n o p y el e v ati o n e sti m at e s c o m p ar e d t o c urr e nt 

I C E S at- 2 n oi s e filt eri n g al g orit h m s d eli v er e d b y t h e A T L 0 8 pr o d u ct. W e 

ar e e x a mi ni n g t h e m o st c h all e n gi n g e n vir o n m e nt f or t h e A T L A S s e n s or, 

w hi c h i s t o m o nit or tr o pi c al f or e st s. T h e m et h o d pr o p o s e d h er e h a s t h e 

p ot e nti al t o i m pr o v e t err ai n a n d t o p of c a n o p y e sti m at e s i n all v e g et at e d 

e n vir o n m e nt s.  T h e  r e st  of  t h e  p a p er  i s  or g a ni z e d  a s  f oll o w s:  fir st,  w e 

i ntr o d u c e t h e st u d y ar e a s a n d d at a s et s u s e d i n t hi s pr oj e ct. W e c o v er i n 

m or e d et ail t h e c urr e nt n oi s e filt eri n g u s e d o n A T L 0 3 d at a, a n d n e xt, w e 

pr e s e nt t h e c urr e nt r e s e ar c h o n n e ur al n et w or k s f or p oi nt cl o u d s. W e 

t h e n  d e s cri b e  t h e  ar c hit e ct ur e  w e  u s e,  n a m el y  C o n v P oi nt  a n d  t h e 

d at a s et s pr e p ar ati o n, tr ai ni n g, a n d t e sti n g. I n t h e fi n al s e cti o n, w e pr e -

s e nt  t h e  r e s ult s  a n d  di s c u s s  w h y  t h e  m et h o d  i s  w ell- s uit e d  f or  u s e  i n 

f or e st e d  ar e a s  a n d  s o m e  i m p ort a nt  c o n si d er ati o n s  w h e n  a d o pti n g  t h e 

m et h o d ol o g y. 

2.  M at e ri al s a n d m et h o d s 

2. 1. I C E S at- 2 A T L 0 3 a n d A T L 0 8 d at a 

I C E S at- 2 d at a i s fr e el y a v ail a bl e a n d c a n b e d o w nl o a d e d fr o m t h e 

N ati o n al S n o w a n d I c e D at a C e nt er ( N SI D C). T h e d at a pr o d u ct u s e d f or 

t h e tr ai ni n g a n d t e sti n g of t h e n e ur al n et w or k i s t h e A T L A S /I C E S at- 2 

L 2 A  Gl o b al  G e ol o c at e d  P h ot o n  D at a,  V er si o n  3  ( N e u m a n n  et  al., 

2 0 2 0 ), w hi c h i s r ef err e d t o a s A T L 0 3 d at a. W e h a v e u s e d o nl y d at a fr o m 

t h e str o n g b e a m s t o e n s ur e e n o u g h p h ot o n e v e nt s f or t h e tr ai ni n g of t h e 

m o d el. T h e d at a c o n si st s of p h ot o n e v e nt s t a g g e d b y l atit u d e, l o n git u d e, 

a n d h ei g ht ( Fi g. 1 ). It s h o ul d b e n ot e d t h at alt h o u g h t h e d at a i s i n a 3 D 

f or m at, t h e s at ellit e’s f o ot pri nt i s s o s m all ( a b o ut 1 3 m), a n d t h e tr a n -

s e ct s s o r e g ul ar t h at it c a n b e r e pr e s e nt e d a s a pr o fil e. I n s o m e pr o fil e s, 

sli g ht  v ari ati o n s  i n  t h e  l o n git u d e  dir e cti o n  al o n g  t h e  pr o fil e  li n e s  ar e 

o b s er v e d,  a n d  t h o s e  c o m e  fr o m  s m all  v ari ati o n s  i n  t h e  i n str u m e nt 

p oi nti n g. T h e A T L A S /I C E S at- 2 L 3 A l a n d a n d v e g et ati o n h ei g ht pr o d u ct, 

or A T L 0 8, i s u s e d d uri n g t h e fi n al c o m p ari s o n of o ur r e s ult s t o t h e t err ai n 

fi n di n g  al g orit h m  t h at  i s  e m pl o y e d  b y  t h e  I C E S at- 2  t e a m  ( N e u e n s c h -

w a n d er a n d Pitt s, 2 0 1 9 ). A T L 0 8 d at a c o nt ai n s h ei g ht s f or b ot h t err ai n 

a n d t o p of c a n o p y i n t h e al o n g-tr a c k dir e cti o n r el ati v e t o t h e W G S- 8 4 

elli p s oi d.  T h e  hi g h e st-l e v el  t err ai n  a n d  t o p  of  c a n o p y  el e v ati o n s  ar e 

pr o vi d e d wit hi n 1 0 0- m s e g m e nt s. D e p e n di n g o n t h e n u m b er of cl a s si fi e d 

p h ot o n s, s o m e s e g m e nt s m a y n ot pr o vi d e el e v ati o n s if t h e c o n fi d e n c e i n 

Fi g. 2. E x a m pl e of a pr o fil e wit h a n o c c urr e n c e of b ot h a c c ur at e t o p of c a n o p y el e v ati o n s ( a s c o m p ar e d wit h air b or n e li d ar gr o u n d r ef er e n c e) i n t h e ri g ht si d e of t h e 

fi g ur e, a s w ell a s o utli er v al u e s ( pr o b a bl y r el at e d t o l o w-l yi n g cl o u d s) i n t h e l eft si d e of t h e fi g ur e. 
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t h e cl a s si fi c ati o n i s l o w. F or t err ai n el e v ati o n s, u s er s c a n c h o o s e t o u s e 

t h e i nt er p ol at e d t err ai n v al u e s ( h_t e_i nt er p), w hi c h ar e l o w er c o n fi d e n c e 

1 0 0- m  el e v ati o n s.  T h e  hi g h- c o n fi d e n c e  el e v ati o n s  ar e  d e n ot e d  a s 

h_ c a n o p y_ a b s  a n d  h_t e_ m e a n  i n  t h e  A T L 0 8  L a n d  W at er  V e g et ati o n 

El e v ati o n d at a pr o d u ct ( N e u e n s c h w a n d er et al., 2 0 2 0 ). 

2. 2. Li n e ar m o d e hi g h- d e nsit y air b or n e li d ar ( H D L ) as gr o u n d r ef er e n c e 

d at a 

T h e  air b or n e  li d ar  d at a  u s e d  f or  a  l ar g e  p art  of  t h e  pr oj e ct  w a s 

c oll e ct e d b y t h e N ati o n al C e nt er f or Air b or n e L a s er M a p pi n g ( N C A L M), 

b a s e d at t h e U ni v er sit y of H o u st o n. T h e p ul s e d e n sit y i s hi g h er t h a n 1 5 

p ul s e s / m 2 , wit h c a n o p y m e a s ur e m e nt s of m or e t h a n 2 0 p oi nt s / m2 . T h e 

d at a  w a s  a ut o m ati c all y  s e g m e nt e d  i nt o  gr o u n d  a n d  a b o v e  gr o u n d 

r et ur n s u si n g a n al g orit h m si mil ar t o t h at d e s cri b e d i n A x el s s o n ( 2 0 0 0) , 

a n d  t h e n t h e cl a s si fi c ati o n w a s m a n u all y v eri fi e d. Aft er s e g m e nt ati o n 

a n d v eri fi c ati o n, t h e d at a w a s pr o c e s s e d i nt o 2 0 × 2 0 m r a st er s of c a n o p y 

h ei g ht s a n d t err ai n el e v ati o n s. T h e c orr e s p o n di n g li d ar d at a w a s t h e n 

e xtr a ct e d  fr o m  t h e  r a st er  o v erl a p  l o c ati o n s  wit h  t h e  I C E S at- 2  gr o u n d 

tr a c k s  (Fi g.  3 ).  T h e  e xtr a ct e d  air b or n e  li d ar  el e v ati o n  e sti m at e s  f or 

t err ai n a n d t o p of c a n o p y w er e t h e n u s e d a s gr o u n d r ef er e n c e (tr ut h) f or 

t h e n e ur al n et w or k tr ai ni n g. All of t h e N C A L M- c oll e ct e d H D L d at a i n t hi s 

p a p er  h a s  alr e a d y  b e e n  u s e d  f or  t h e  v ali d ati o n  of  I C E S at- 2  el e v ati o n 

e sti m ati o n s  i n F er n a n d e z- Di a z  et  al.  ( 2 0 2 2) .  T h er ef or e,  m or e  d et ail s 

r e g ar di n g t h e air b or n e H D L u s e d f or t hi s pr oj e ct c a n b e f o u n d i n F er -

n a n d e z- Di a z et al. ( 2 0 2 2) . T h e o nl y ot h er li d ar d at a u s e d w a s f or t h e 

Br a zili a n sit e s o v er t h e A m a z o n f or e st. It i s o p e nl y a v ail a bl e ( D o s- S a nt o s 

et al., 2 0 1 9 ) a n d w a s pr o c e s s e d i n t h e s a m e m a n n er a s t h e N C A L M d at a 

t o arri v e at b ot h t err ai n a n d t o p of c a n o p y e sti m at e s. 

2. 3. St u d y sit es 

W e s el e ct e d H D L d at a fr o m fi v e sit e s i n C e ntr al A m eri c a, t w o sit e s i n 

Br a zil  a n d  o n e  i n  P u ert o  Ri c o  ( Fi g.  4 ).  W e  u s e d  t w o  of  t h e  C e ntr al 

A m eri c a n  sit e s,  M a y a  Bi o s p h er e  R e s er v e  i n  G u at e m al a  a n d  P u u c  i n 

M e xi c o, f or t h e tr ai ni n g of t h e n e ur al n et w or k. T h e t ot al ar e a of t h e t w o 

tr ai ni n g sit e s i s 2 7 1 8 k m2 , wit h 7 5 6 k m of A T L 0 3 tr a n s e ct s f or t h e 7 6 

tr ai ni n g fil e s. T h e t ot al l e n gt h of t h e A T L 0 3 tr a n s e ct s f or t h e t e st ( v ali -

d ati o n) sit e s i s 1 6 9 k m i n 1 8 t e st fll e s. T h e v e g et ati o n t y p e c o v eri n g t h e 

m aj orit y  of  t h e  sit e s  i s  d e n s e,  ol d- gr o wt h  tr o pi c al  f or e st s.  A  m ai n 

c o n si d er ati o n  w h e n  u si n g  t h e  H D L  d at a  a s  gr o u n d  r ef er e n c e  i s  t h e 

t e m p or al  off s et b et w e e n t h e I C E S at- 2  a n d H D L a c q ui siti o n s. W e h a v e 

s el e ct e d  ar e a s  wit h  pri m aril y  m at ur e  i nt a ct  f or e st s,  s u c h  a s  n ati o n al 

f or e st s a n d n at ur e ( bi o s p h er e) r e s er v e s. T h u s, t h e diff er e n c e s i n t h e tr e e 

c a n o p y h ei g ht s b et w e e n a c q ui siti o n s s h o ul d b e mi ni mi z e d. I n T a bl e 1 w e 

li st t h e H D L a c q ui siti o n d at e s t o g et h er wit h t h e c orr e s p o n di n g A T L 0 3 

H D F 5 fil e s u s e d f or t h e ar e a. Fi g. 5 s h o w s t h e s el e ct e d sit e s i n C e ntr al 

A m eri c a wit h a n o v erl a y of t h e I nt a ct F or e st L a n d s c a p e s m a p ( P ot a p o v 

et al., 2 0 1 7 ). I n a d diti o n t o t h o s e c o n si d er ati o n s, vi s u al i n s p e cti o n s w er e 

al s o u n d ert a k e n f or s el e ct e d pr o fil e s t o e n s ur e t h e b e st p o s si bl e a gr e e -

m e nt  b et w e e n  I C E S at- 2  a n d  t h e  r ef er e n c e  air b or n e  li d ar  d at a,  a s 

d e s cri b e d i n s e cti o n 3. 6. 

2. 4.  A T L 0 3 a n d D R A G A N N n ois e filt eri n g al g orit h ms 

T h e I C E S at- 2 A T L 0 3 d at a pr o d u ct pr o vi d e s a cl a s si fi c ati o n f or e a c h 

p h ot o n  e v e nt  t o  b e  u s e d  a s  i n p ut  f or  s u b s e q u e nt  hi g h er-l e v el  d at a 

pr o d u ct s s u c h a s A T L 0 8. T h e m et h o d ol o g y b e hi n d t h e A T L 0 3 cl a s si fi -

c ati o n al g orit h m l e v er a g e s t h e a s s u m pti o n t h at b a c k gr o u n d n oi s e p h o -

t o n s f oll o w a P oi s s o n di stri b uti o n. T h e al g orit h m s e ar c h e s f or o utli er s t o 

Fi g. 3. Hi g h- d e n sit y air b or n e li d ar d at a f or M a y a Bi o s p er e R e s er v e a n d a n e x a m pl e of I C E S at- A T L 0 8 gr o u n d tr a c k s o v erl a p. T h e y ell o w a n d c y a n c ol or s of t h e tr a c k s 

r e pr e s e nt t w o A T L 0 8 fil e s fr o m diff er e nt d at e s. T h e c ol or of t h e u n d e rl yi n g hi g h- d e n sit y air b or n e li d ar d at a r a st er r e pr e s e nt s t h e c a n o p y h ei g ht m o d el at 2 0 × 2 0 m 

r e s ol uti o n. ( F or i nt er pr et ati o n of t h e r ef er e n c e s t o c ol or i n t hi s fi g ur e l e g e n d, t h e r e a d er i s r ef err e d t o t h e W e b v er si o n of t hi s arti cl e.) 
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the Poisson distribution, which are then labeled as candidate signal 
photons. Histograms of the photon events are aggregated into along- 
track and vertical bins. The background noise photons are distributed 
randomly among the histogram bins while the signal photons will 
cluster into single or several adjacent bins (Neumann et al., 2021). The 
approach performs well on surfaces such as ice sheets, but it has been 
observed that over vegetated areas, the algorithm does not faithfully 
catch the top of the canopy photons as signal (Neuenschwander and 
Pitts, 2019). The ATL08 data processing combines the ATL03 classifi
cation results with an additional noise filtering method - the Differential, 
Regressive, and Gaussian Adaptive Nearest Neighbor (DRAGANN), 
developed by the ATL08 science team, to obtain the best possible signal 
from noise separation prior to running surface finding algorithms. 
DRAGANN exploits the assumption that signal photons will be more 
clustered in space than random noise photons. The algorithm consists of 
several steps: (1) an adaptive nearest neighbor search to compute the 
number of nearby photons within a specified search radius for each 
photon in the point cloud. The radius is established by computing the 
probability of how many photons will be in a given search area and is a 
function of the total number of photons in the point cloud. The adaptive 
search is flexible as different thresholds can be applied, each suitable for 
varying amounts of background noise and surface reflectance. (2) a 
histogram of the number of neighbors within a radius is generated, 
where two distinct peaks are expected to appear - a noise peak and a 
signal peak, (3) Gaussian curves are fitted to the histograms, one for the 
signal and one for noise peak - the intersection of the two Gaussian 
curves is used as a threshold value (optimized search radius) to distin
guish between signal and noise photons, and, (4) the threshold classified 
data is then used as input for final determination of the canopy and 
ground surfaces. 

2.5. Neural networks for 3D point clouds 

Deep learning using convolutional neural networks (CNN) is a well- 
established tool for processing 2D images and structured data such as 
speech and text, with generally the aim of object or language recognition 
(LeCun et al., 2015; Deng et al., 2014; Goodfellow et al., 2016). 3D point 
cloud data is widely used for tasks such as autonomous driving; thus, the 
need for algorithms that can recognize and automatically classify point 
cloud data with good accuracy has arisen. Unfortunately, due to the 

unordered and unstructured nature of point cloud data, a 2D convolu
tion operator cannot be used directly on 3D point clouds without first 
gridding or regularizing the point cloud data, which may result in a loss 
of information. Therefore, a CNN that works on unstructured 3D point 
clouds would be desirable. Fortunately, there are many emerging ap
proaches for the direct processing of 3D point clouds with neural net
works, for example, voxelization, multi-view, and graph neural 
networks (Maturana and Scherer, 2015; Wu et al., 2015; Qi et al., 2016). 
PointNet is a pioneering neural network that directly processes unor
dered and unstructured point clouds (Qi et al., 2017a). Geometric deep 
learning is the generic term for the methods that operate on manifolds, 
graphs, or directly on point clouds (Bronstein et al., 2017). A good re
view of the methods for geometric deep learning is provided in Guo et al. 
(2020), and an overview of semantic segmentation for point clouds 
using deep learning is provided in Xie et al. (2020) and more recently 
Zhang et al. (2023). A large portion of the deep learning models applied 
to point clouds attempts to discriminate objects with a well-defined 
shape coming from either indoor scenes or data collected by a mobile 
lidar scanner for the needs of the autonomous driving industry, where 
classes of objects are, for example, cars, pedestrians, buildings and curb 
lines. Airborne lidar datasets of outdoor scenes can have some objects 
with a distinct shape, such as buildings, but they also include many 
mathematically difficult objects to model, such as clusters of trees. There 
is a rise in the number of publications that use increasingly elaborate 
point-based methods of segmentation for airborne lidar datasets, for 
example (Huang et al., 2021; Lin et al., 2021; Zeng et al., 2023; Yu et al., 
2022), among others. Many expand on previous point-based neural 
networks such as PointNet (Qi et al., 2017b) or KPConv (Thomas 
et al., 2019). Large-scale airborne lidar datasets have been built spe
cifically with the goal of training and evaluation of deep learning al
gorithms for applications such as ground filtering or semantic 
segmentation of airborne point clouds (Varney et al., 2020; Qin et al., 
2021; Ye et al., 2020). Semantic3D (Hackel et al., 2017) and the 3D 
Point Cloud and Modeling (Nuage de Points et Modelisation 3D - 
NPM3D), Roynard et al. (2018), are two other projects which provide 
labeled point clouds for outdoor scenes. Because the ATL03 datasets in 
tropical environments are relatively devoid of regular objects, we 
selected the ConvPoint architecture as it was implemented in NPM3D 
and Semantic3D datasets and performed well for outdoor point clouds. 
An additional reason to choose ConvPoint over, for example, a model 
designed explicitly for ALS point clouds, is the relative ease of under
standing and implementation of the ConvPoint architecture, which is an 
elegant extension of discrete 2D convolution kernels to continuous 3D 
space. Additionally, other researchers have confirmed that ConvPoint 
performs well for semantic segmentation of urban outdoor scenes (Diab 
et al., 2022) as well as airborne lidar datasets (Turgeon-Pelchat et al., 
2021). 

2.5.1. ConvPoint architecture and nearest neighbors search 
The ConvPoint convolutional network is implemented using the 

PyTorch library (Boulch, 2020). It employs continuous convolutional 
kernels, in contrast to the discrete ones used by regular 2D or 3D con
volutions on image or voxel data. In discrete convolutions over gridded 
data, such as an image, each kernel element has an exact overlap with a 
corresponding image pixel. This is not possible for point clouds, as they 
are unstructured, and the coordinates of a point are not arranged on a 
grid but represent a continuum in 3D space. Continuous convolution can 
be used on unstructured data such as point clouds; continuous, in this 
case, means that the kernel element locations do not overlap with the 
point cloud locations but compute the distances between each kernel 
element and the specific point from the point cloud on which the kernel 
is applied. The kernel element locations are initialized randomly and are 
optimized by a multi-layer perceptron (MLP) layer during the training 
phase of the network (Fig. 6). Learning the kernel element positions is 
advantageous compared to having fixed-position kernel elements as the 
network becomes more flexible to adapt to the geometry of the data 

Table 1 
HDL data acquisition dates with corresponding date of ATL03 files used for the 
area.  

Area Year of HDL 
Acquisition 

HDF5 File Acquisition 
Date 

Maya Biosphere Reserve, 
Guatemala 

2019 20181028 
20190326 
20190727 
20200125 
20200323 
20200421 
20210322 

Puuc, Mexico 2017 20181122 
20190920 

Xpujil, Mexico 2016 20181028 
20190127 

Rio Bravo Conservation Area, 
Belize 

2016 20191019 
20200721 

Rio Platano Biosphere Reserve, 
Honduras 

2012 20181102 
20220125 

Adolpho Ducke National Forest, 
Brazil 

2010 20190802 

Saraca-Taquera National Forest, 
Brazil 

2013 20191126 

Saraca-Taquera National Forest, 
Brazil 

2014 20210823 

El Yunque National Forest, Puerto 
Rico 

2011 20200223 
20220215  
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(T h o m a s et al., 2 0 1 9 ). It i s o ut si d e t h e s c o p e of t h e p a p er t o e x pl ai n h o w 

C o n v P oi nt  l e ar n s  fr o m  t h e  di stri b uti o n  of  p h ot o n  e v e nt s  i n  s p a c e  t o 

arri v e at pr e di cti o n s, a n d t h e r e a d er i s r ef err e d i n st e a d t o ( T h o m a s et al., 

2 0 1 9 ) a n d (B o ul c h, 2 0 2 0 ) f or f urt h er r e a di n g o n h o w t h e a d a pti v e k er n el 

p o siti o n s l e a d t o b ett er l e ar ni n g o ut c o m e s. 

T h e  s e m a nti c  s e g m e nt ati o n  p art  of  t h e  n et w or k  u s e s  a  str u ct ur e 

si mil ar t o U- n et wit h a n e n c o d er n et w or k f oll o w e d b y a d e c o d er n et w or k 

(B o ul c h, 2 0 2 0 ; R o n n e b er g er et al., 2 0 1 5 ). T h e k er n el i s a p pli e d t o t h e 

k- n e ar e st n ei g h b or s ( k- n n) of a s et of r a n d o ml y s el e ct e d p oi nt s. I n t h e 

c a s e  of  C o n v P oi nt  l a y er s,  t h e  n u m b er  of  n e ar e st  n ei g h b or s  v ari e s  b e -

t w e e n 1 6 a n d 4. A s st at e d i n T h o m a s et al. ( 2 0 1 9) , a n e ar e st n ei g h b or s 

s e ar c h i s n ot r o b u st f or i n p ut p oi nt cl o u d s h a vi n g v ar yi n g d e n siti e s. A 

t h e or eti c all y b ett er a p pr o a c h w o ul d b e t o u s e a r a di u s s e ar c h w h er e t h e 

f e at ur e s  w o ul d  b e  m or e  r el at e d  t o  t h e  g e o m etr y  of  t h e  i n p ut  p oi nt s 

r at h er t h a n t h e s a m pli n g n u m b er ( T h o m a s et al., 2 0 1 9 ). T hi s i s b e c a u s e 

f or a d e n s e p oi nt cl o u d ei g ht n e ar e st n ei g h b or s will b e m u c h cl o s er t o 

e a c h  ot h er  t h a n  i n  a  s p ar s e  cl o u d  c a s e.  Wit h  a  r a di u s  s e ar c h,  t h at 

pr o bl e m  i s  eli mi n at e d,  a n d  t h e  k er n el  will  b e  a p pli e d  o nl y  t o  p oi nt s 

wit hi n a gi v e n r a di u s. O n e dr a w b a c k will b e t h at t h e n u m b er of p oi nt s 

wit hi n e a c h r a di u s s e ar c h will v ar y. T h e v ar yi n g n u m b er of p oi nt s i s a n 

i s s u e w h e n b uil di n g t h e i n d e x m atri c e s f or t h e n e ar e st p oi nt s wit hi n a 

r a di u s. I n t h e c a s e of k- n n, t h e n u m b er of n n i s fi x e d, a n d t h e r e s ulti n g 

m atri c e s ar e e a s y t o c o m p o s e, a n d o pti mi z ati o n t o ol s s u c h a s C yt h o n ar e 

e a si er t o i m pl e m e nt. W e t e st e d t h e h y p ot h e si s t h at a r a di u s s e ar c h w o ul d 

b e  a  b ett er- s uit e d  c h oi c e  f or  t h e  A T L 0 3  p oi nt  cl o u d  d at a  b y  i m pl e -

m e nti n g a r a di u s s e ar c h wit hi n t h e e xi sti n g C o n v P oi nt ar c hit e ct ur e. A 

m a xi m u m  n u m b er  of  n ei g h b or s  wit hi n  a  r a di u s  w a s  s el e ct e d  t o 

cir c u m v e nt t h e pr o bl e m wit h t h e u n e q u al n u m b er of n ei g h b or s f or e a c h 

s e ar c h  p oi nt.  If  t h e  n ei g h b ori n g  p oi nt s  w er e  l e s s  t h a n  t h e  s el e ct e d 

m a xi m u m,  t h e  r e st  of  t h e  i n di c e s  w er e  s et  t o  z er o.  It  w a s  al s o  l at er 

n e c e s s ar y t o s et t h e c al c ul at e d di st a n c e s f or t h o s e n o n- e xi st e nt p oi nt s t o 

z er o b ef or e t h e y ar e p a s s e d t hr o u g h t h e M L P t h at l e ar n s t h e w ei g ht s a n d 

p o siti o n s of t h e k er n el el e m e nt s. S ur pri si n gl y, t h e e x p eri m e nt s s h o w e d 

t h at  t h e  ori gi n al  k- n n  i m pl e m e nt ati o n  pr o vi d e d  hi g h er  a c c ur a c y  t h a n 

u si n g a r a di u s s e ar c h. A n u n e x p e ct e d dr a w b a c k of t h e r a di u s s e ar c h w a s 

sl o w er tr ai ni n g, w hi c h r e s ult e d i n l o n g er r u n ti m e s c o m p ar e d t o t h e k- n n 

i m pl e m e nt ati o n wit h t h e s a m e n u m b er of e p o c h s. 

2. 6.  D at a pr e p ar ati o n, tr ai ni n g, v ali d ati o n, a n d t esti n g 

F or i m a g e s, s e m a nti c s e g m e nt ati o n att e m pt s t o pr o vi d e e a c h pi x el 

wit h a l a b el c orr e s p o n di n g t o v ari o u s o bj e ct c at e g ori e s. I n t h e c a s e of 3 D 

p oi nt cl o u d d at a, s e m a nti c s e g m e nt ati o n m e a n s t h at e a c h p oi nt fr o m t h e 

p oi nt cl o u d will b e gi v e n a l a b el. F or t h e tr ai ni n g d at a s et pr e p ar ati o n, 

w e u s e d t w o cl a s s e s t o di vi d e t h e A T L 0 3 p oi nt cl o u d s: si g n al a n d n oi s e. 

E a c h p oi nt ( p h ot o n e v e nt) w a s l a b el e d a s eit h er z er o f or n oi s e or o n e f or 

si g n al.  Wit hi n  t h e  tr e e  c a n o p y,  it  w o ul d  b e  dif fi c ult  t o  di s c er n  n oi s e 

p h ot o n s b e c a u s e t h e r a n d o m n e s s of r et ur n s fr o m v e g et ati o n mirr or s t h e 

r a n d o m n e s s of n oi s e e v e nt p h ot o n s. T h er ef or e all p h ot o n e v e nt s l yi n g i n 

t h e b a n d b et w e e n t h e t err ai n a n d t h e t o p of t h e c a n o p y, a s d eli n e at e d b y 

H D L,  w er e  l a b el e d  a s  si g n al.  I n  t h e  v ali d ati o n  or  t e sti n g  p h a s e,  t h e 

n et w or k o ut p ut i s a si g n al or n oi s e l a b el pr e di cti o n f or e a c h p oi nt. T h e 

l a b eli n g f or t h e tr ai ni n g d at a s et s w a s p erf or m e d a s f oll o w s. T h e A T L 0 3 

p h ot o n e v e nt d at a w a s pl ott e d t o g et h er wit h t h e hi g h- d e n sit y air b or n e 

li d ar d at a ( H D L). T h e M A T L A B® p ol y g o n f u n cti o n (i n p ol y g o n) w a s u s e d 

a s a b o u n d ar y t o e n cl o s e all t h e p oi nt s i n si d e t h e p ol y g o n o utli n e d b y t h e 

H D L t err ai n a n d t o p of c a n o p y el e v ati o n s. T h e A T L 0 3 p h ot o n e v e nt s t h at 

f all wit hi n t h e p ol y g o n w er e l a b el e d a s si g n al (l a b el 1), w hil e t h e p oi nt s 

o ut si d e t h e p ol y g o n w er e l a b el e d a s n oi s e (l a b el 0). T h e a ut o m ati c l a -

b eli n g  di d  n ot  al w a y s  e n cl o s e  all  t h e  c orr e ct  si g n al  l a b el s  b e c a u s e  of 

s m all diff er e n c e s b et w e e n t h e H D L gr o u n d tr ut h a n d t h e A T L 0 3 d at a; a s 

a n ill u str ati o n, Fi g. 7 s h o w s s u c h a di s cr e p a n c y ar o u n d a w at er b o d y t h at 

w a s  i n c orr e ctl y  l a b el e d  a s  n oi s e.  I n  t hi s  c a s e,  t h e  diff er e n c e  i s  li k el y 

c a u s e d b y s e a s o n al v ari ati o n s i n t h e w at er l e v el b et w e e n a c q ui siti o n s. 

C a s e s  li k e  t hi s,  t h er ef or e,  r e q uir e d  a d diti o n al  m a n u al  l a b eli n g  u si n g 

T err a S c a n s oft w ar e t o e n s ur e all t h e c orr e ct si g n al p h ot o n s w er e l a b el e d 

a s s u c h; ot h er wi s e, t h e n e ur al n et w or k l e ar ni n g mi g ht b e h a m p er e d. T h e 

R e s ult s  a n d  Di s c u s si o n  s e cti o n  pr e s e nt s  m or e  d et ail s  a b o ut  t h e  a d di -

ti o n al  m a n u al  l a b eli n g.  A n  o v er vi e w  of  t h e  w or k fi o w  i s  pr e s e nt e d  i n 

Fi g. 8 . 

T h e  x  a n d  y  c o or di n at e s  of  A T L 0 3  p h ot o n  e v e nt s  ar e  pr o vi d e d  i n 

l atit u d e a n d l o n git u d e. T o e n s ur e t h at t h e n e ur al n et w or k will o p er at e 

o pti m all y b y h a vi n g all di m e n si o n s i n t h e s a m e u nit s, w e c o n v ert e d b ot h 

A T L 0 3 a n d H D L d at a i nt o U ni v er s al Tr a n s v er s e M er c at or ( U T M) f or m at 

u si n g t h e  P oi nt D at a A b str a cti o n Li br ar y  ( P D A L) B utl er  et  al.  ( 2 0 2 1) . 

Aft er s e p ar ati n g t h e A T L 0 3 d at a i nt o t w o cl a s s e s, t h e d at a fil e s w er e u s e d 

a s  t h e  i n p ut  f or  t h e  tr ai ni n g,  v ali d ati o n,  a n d  t e sti n g  of  t h e  n e ur al 

Fi g. 4. All hi g h- d e n sit y air b or n e li d ar d at a sit e s.  
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n et w or k. T h e 1 0 0 tr ai ni n g fil e s w er e di vi d e d i nt o 7 6 fil e s f or tr ai ni n g, 6 

f or t h e v ali d ati o n p h a s e f or p ar a m et er t u ni n g, a n d 1 8 f or m o d el t e sti n g. 

W e u s e d d at a fr o m o nl y t w o sit e s i n C e ntr al A m eri c a f or tr ai ni n g: t h e 

M a y a  N at ur e  ( Bi o s p h er e)  R e s er v e  i n  G u at e m al a  a n d  t h e  P u u c  sit e  i n 

M e xi c o. D at a fr o m t h e r e st of t h e sit e s w er e o nl y u s e d d uri n g t h e t e sti n g 

p h a s e  ( 1 3  d at a s et s).  T hi s  w a s  d o n e  t o  e v al u at e  w h et h er  t h e  n e ur al 

n et w or k m o d el w a s g e n er ali z e d e n o u g h t o pr o vi d e g o o d r e s ult s i n ar e a s 

wit h diff er e nt f or e st bi o p h y si c al p ar a m et er s n ot i n cl u d e d i n t h e tr ai ni n g. 

T h u s, t h e n u m b er of t e st d at a s et s i n t h e r e gi o n s t h e n et w or k w a s n ot 

tr ai n e d o n w a s pri m aril y c o n str ai n e d b y d at a a v ail a bilit y - w e tri e d o ur 

b e st t o fi n d a s m a n y s a m pl e s i n a di v er s e s et of tr o pi c al f or e st r e gi o n s 

t h at al s o h a d c oi n ci d e nt H D L d at a. W e c h o s e t h e 5 t e st d at a s et s fr o m t h e 

t w o n et w or k tr ai ni n g sit e s t o r e pr e s e nt h ar d er c a s e s wit h eit h er l ar g e 

o utli er s  or  i n cr e a s e d  s ol ar  n oi s e.  T h e  v ali d ati o n  fil e s  w er e  r a n d o ml y 

s el e ct e d  at  a p pr o xi m at el y  1 0 %  of  t h e  tr ai ni n g  fil e s,  a n d  w e  a d d e d  a 

c o u pl e  m or e  tr ai ni n g  fil e s  l at er  u p o n  t h e  r el e a s e  of  n e w er  I C E S at- 2 

d at a s et s i n o ur  r e gi o n s  of i nt er e st. Si n c e t h e  M a y a Bi o s p h er e R e s er v e 

( M B R) w a s t h e l ar g e st hi g h- d e n sit y air b or n e li d ar d at a s et, t h e a m o u nt of 

c oi n ci d e nt  I C E S at- 2  d at a  w a s  t h e  l ar g e st;  t h u s,  w e  u s e d  M B R  a s  a 

tr ai ni n g sit e t o g et t h e hi g h e st p o s si bl e n u m b er of tr ai ni n g d at a s et s. E a c h 

N u m p y fil e u s e d f or tr ai ni n g h a s fi v e fl el d s f or e a c h p h ot o n e v e nt: ( 1) 

n ort hi n g, ( 2) e a sti n g, ( 3) h ei g ht a b o v e t h e elli p s oi d, ( 4) f e at ur e, a n d ( 5) 

l a b el.  Si n c e  t h e  A T L 0 3  p oi nt  cl o u d  d o e s  n ot  c o nt ai n  a n y  f e at ur e s, 

m e a ni n g  it  h a s  n o  c ol or  or  i nt e n sit y  v al u e,  f or  e x a m pl e,  t h e  f e at ur e 

c ol u m n i s a v e ct or of o n e s. W h at t hi s m e a n s i s t h at t h e c o n v ol uti o n al 

n e ur al  n et w or k  pr e di cti o n  i s  b a s e d  p ur el y  o n  g e o m etri c  f e at ur e s 

(B o ul c h,  2 0 2 0 ).  T h e  i n p ut  f or  t h e  t e sti n g  p h a s e  i s  o nl y  t h e  n ort hi n g, 

e a sti n g,  a n d  h ei g ht  fi el d s  f or  e a c h  t e st  fil e.  I n  or d er  t o  a c hi e v e  g o o d 

r e s ult s, a dj u st m e nt s t o t h e ori gi n al C o n v P oi nt c o d e w er e i m pl e m e nt e d. 

F or  i n st a n c e,  t h e  n u m b er  of  r e q uir e d  r a n d o m  i n p ut  p oi nt s  w a s 

d e cr e a s e d, a s tr a diti o n al p oi nt cl o u d s c oll e ct e d wit h m o bil e l a s er s c a n -

n er s u s u all y c o nt ai n milli o n s of p oi nt s. I n t h e c a s e of A T L 0 3 d at a, w e 

s el e ct e d t h e n u m b er of r a n d o m p oi nt s pi c k e d f or t h e fir st l a y er t o b e 

1 0 2 4. T hi s i s b e c a u s e t h e A T L 0 3 p oi nt s p er fil e v ari e d b et w e e n ~ 1 2, 0 0 0 

a n d 1 9 0, 0 0 0. E a c h i n di vi d u al tr ai ni n g a n d t e sti n g fil e w a s cr e at e d t o b e 

~ 0. 1 ◦ of l atit u d e ( ~ 1 0 k m). T h e r e a s o n f or t hi s c h oi c e i s t h e f a ct t h at t h e 

A T L 0 8 gr o u n d fi n di n g al g orit h m a s d e s cri b e d i n N e u e n s c h w a n d er et al. 

( 2 0 2 0) i s b a s e d o n 1 0 k m s e g m e nt l e n gt h s a n d w e h a v e u s e d a si mil ar 

a p pr o a c h t o c al c ul at e t h e t err ai n a n d t o p of c a n o p y el e v ati o n s aft er t h e 

C o n v P oi nt l a b el pr e di cti o n s. W e al s o d et er mi n e d t h at t h e n or m ali z ati o n 

of t h e p oi nt s t o fit t h e u nit b all l o w er e d t h e a c c ur a c y of t h e r e s ult s s o w e 

r e m o v e d it. 

T h e  k er n el  p oi nt s  i n  t h e  c o n v ol uti o n al  k er n el  ar e  i niti ali z e d 

r a n d o ml y wit hi n t h e u nit b all ( Fi g. 6 ) a n d t h e n t h e b e st p o siti o n s f or 

e a c h k er n el el e m e nt ar e l e ar n e d t hr o u g h a m ulti-l a y er p er c e ptr o n ( M L P) 

d uri n g t h e tr ai ni n g p h a s e. W e e x p eri m e nt e d wit h i niti ali zi n g t h e k er n el 

p oi nt s u si n g b ot h a fi att e n e d s p h er e or elli p s oi d t o b ett er r e pr e s e nt t h e 

diff er e nt dir e cti o n alit y of A T L 0 3 p oi nt cl o u d s wit hi n a 1 0 k m s e g m e nt 

b e c a u s e  of  t h e  s m all  l a s er  b e a m  f o ot pri nt.  I niti ali zi n g  t h e  k er n el 

Fi g.  5. Hi g h- d e n sit y  air b or n e  li d ar  d at a  c o v er a g e  ar e a s  i n  C e ntr al  A m eri c a 

o v erl ai d wit h t h e i nt a ct f or e st l a n d s c a p e s m a p f or t h e y e ar 2 0 2 0. 

Fi g. 6. R a n d o m i niti ali z ati o n of k er n el el e m e nt s. E a c h d ot r e pr e s e nt s a k er n el 

el e m e nt ( c e nt er), t h at i s i niti ali z e d wit hi n t h e u nit s p h er e. 

Fi g. 7.  A n e x a m pl e of di s c r e p a n c y b et w e e n I C E S at- 2 A T L 0 3 d at a a n d H D L g r o u n d r ef e r e n c e. T h e l eft fi g ur e s h o w s t h e l a b el e d A T L 0 3 p h ot o n e v e nt s fr o m 

a ut o m ati c l a b eli n g. R e d p oi nt s ar e p h ot o n e v e nt s l a b el e d si g n al a n d bl u e p oi nt s ar e n oi s e. O n t h e ri g ht si d e i s a pl a n vi e w of t h e I C E S at- 2 A T L 0 8 d at a ( y ell o w cir cl e s) 

o v er t h e s a m e r e gi o n. ( F or i nt er pr et ati o n of t h e r ef er e n c e s t o c ol or i n t hi s fi g ur e l e g e n d, t h e r e a d er i s r ef err e d t o t h e W e b v er si o n of t hi s arti cl e.) 
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elements within an ellipsoid did not result in a significant jump in ac
curacy. It is worth noting that the training accuracy was already high, at 
~98% and the directional kernel initialization resulted in training ac
curacy that again achieved 98%. We trained the model for 350 epochs, 
with a batch size of 32, using Adam optimizer and cross-entropy loss. 
The learning rate was set at 0.001. For the ConvPoint-specific parame
ters at training, we set the number of input points to the first layer at 
1024 and the block size at 110. 

2.6.1. Ground and top of canopy finding algorithm 
In the ATL08 data product, the top of canopy and terrain elevation 

estimates are provided at a fixed step size of 100 m in the along-track 
direction, defined as a segment. For both visual and quantitative inter
pretation and validation of the neural network predictions, we compare 
them directly to the ATL08 100 m segment estimates. After obtaining the 
noise-filtered data, we further process it in 100 m segments for direct 
comparison with ATL08 data (h_canopy_abs and h_te_interp). We run a 
similar ground and top of canopy algorithm to the one provided in the 
Algorithm Theoretical Basis Document (ATBD) for Land - Vegetation 
Along-Track Products (ATL08) (Neuenschwander and Sheridan, 2020). 
We use a succession of min/max, Savitsky-Golay, and mean and median 
filtering to obtain the terrain and top of canopy curves and then use the 
center latitude from each ATL08 segment to divide our data into cor
responding 100 m segments. We then take the 100 m ATL08 and the 100 
m segments obtained from the neural network prediction and compare 
both to the 100 m high-density airborne lidar data (HDL) ground 
reference, which was segmented in an identical manner. 

3. Results and discussion 

We demonstrate improved estimates for both terrain and top of 
canopy elevations compared to ATL08, with mean terrain estimates 
improved by about 2 m and mean top of canopy by about 4 m (aggre
gated for all 18 test files given in Tables 3 and 4). For RMSE calculation, 
we use the 100 m segments of ATL08 data and corresponding 100 m 
segments from neural network prediction and the HDL reference. 
Overall RMSE (18 test profiles from all test areas) for the terrain ele
vations decreased from 5.2 m for ATL08 to 3.3 m for the ConvPoint 
Neural Network (NN) prediction, compared to the HDL ground refer
ence. Overall RMSE decreased from 7.7 m to 3.7 m for the top of canopy 
elevations. The overall accuracy in the training, validation, and testing 
phases is presented in Tables 2 and is computed from the confusion 
matrix of the predicted point labels as: 

(1) 

For the terrain elevations RMSE comparison, we used the interpo
lated terrain values provided by ATL08 (h_te_interp) as the mean terrain 
elevations h_te_mean are not available for each ATL08 100 m segment. 
For top of canopy comparison, we used the h_canopy_abs 100 m seg
ments. To ensure that results are not skewed towards the training forest 
structure, test profiles were selected from areas in Honduras, Brazil, and 
Puerto Rico (the training data is solely from Guatemala and Mexico). 
Results suggest that the rules learned by the neural network are not 
biased towards data from areas it has trained on, but perform well on 
data from forests with different biophysical parameters (Figs. 9 and 11, 
Table 4). These findings suggest that the neural network noise filtering 
method proposed here can be used for other forested environments 
around the globe. We have used only 76 files for training with a total 
length of 756 km from two training areas. Extrapolating the results 
would mean that a network could be trained for global coverage noise 
filtering in forested areas with a relatively low amount of training with 
airborne lidar reference data. The applicability of this proposed method 
is strengthened by the growing global library of freely available high- 
density airborne lidar data that could serve as a ground reference. 

3.1. Outlier reduction 

Neural network noise filtering eliminates large top of canopy outliers 
in both Figs. 9 and 10. The latter is a test dataset in the Maya Biosphere 
Reserve NN training site. The test file is for beam 3r; beams 1r and 2r 
were included in the training dataset. The outliers seem to be caused by 
fog or low-lying clouds that were mistaken for the top of the canopy 
because of the density of the returns. ATL08 terrain estimates also show 

Table 2 
Overall accuracy (OA) results for the 18 test profiles. The top five profiles in the 
table are test datasets from training sites. The lower 13 profiles are test data from 
sites that were not included in the training dataset. OA is calculated from the 
confusion matrix and it refers to the accuracy of the neural network in predicting 
the label of each photon event for each test file (Eq. (1)). GT Guatemala, MX 
Mexico, BZ Belize, HN Honduras, BR Brazil, PR Puerto Rico, NR Nature 
(biosphere) reserve, NF National Forest. npoints is the number of ATL03 
photon events within each of the test profiles.  

File date for test 
dataset ATL03 

Area Latitude 
bounds 

Beam OA npoints 

20181028 Maya NR, GT 17.55,17.65 1r 0.9939 17661 
20190727 Maya NR, GT 17.455,17.555 1 l 0.9795 82772 
20200125 Maya NR, GT 17.5,17.6 3r 0.9983 15221 
20200323 Maya NR, GT 17.55,17.65 1 l 0.9770 25358 
20190920 Puuc, MX 20.17,20.25 1r 0.9984 12913  

20181028 Xpujil, MX 18.74,18.84 1r 0.9990 11729 
20190127 Xpujil, MX 18.7,18.84 2 l 0.9898 23270 
20191019 Rio Bravo, 

BZ 
17.708,17.793 1r 0.9974 10485 

20191019 Rio Bravo, 
BZ 

17.714,17.811 2r 0.9982 9017 

20191019 Rio Bravo, 
BZ 

17.731,17.83 3r 0.9978 12840 

20200721 Rio Bravo, 
BZ 

17.776,17.855 1 l 0.9923 58016 

20181102 Río Platano 
NR, HN 

15.216,15.312 1r 0.9392 16586 

20220125 Río Platano 
NR, HN 

15.237,15.277 1 l 0.9924 6303 

20191126 Saraca- 
Taquera NF, 
BR 

1.692, 
1.654 

3r 0.9827 5783 

20210823 Saraca- 
Taquera NF, 
BR 

1.636, 
1.618 

1r 0.9817 7809 

20190802 Adolpho 
Ducke NF, 
BR 

2.963, 
2.9375 

1 l 0.9885 3572 

20200223 EL Yunque 
NF, PR 

18.24, 18.286 3r 0.9959 9790 

20220215 EL Yunque 
NF, PR 

18.241, 18.30 2 l 0.9870 7514  

Table 3 
Terrain and top of canopy RMSE results for test datasets from the Maya 
Biosphere Reserve, Guatemala (GT), and Puuc, Mexico (MX). Both ATL08 and 
neural network (NN) RMSE are calculated with the HDL data serving as refer
ence for the 100 m segments.  

Dataset Beam Area Day/ 
Night 

Top of Canopy Terrain     

ATL08 
RMSE 
(m) 

NN 
RMSE 
(m) 

ATL08 
RMSE 
(m) 

NN 
RMSE 
(m) 

20181028 1r GT Night 5.6 2.7 6.1 3.7 
20190727 1 l GT Day 4.5 3.2 6.7 3.7 
20200125 3r GT Night 37.0 1.8 6.7 2.5 
20200323 1 l GT Day 2.5 1.9 2.5 2.1 
20190920 1r MX Night 3.3 2.8 1.9 1.5 
Mean    10.6 2.5 4.8 2.7  
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l ar g e i n a c c ur a ci e s c o m p ar e d t o t h e H D L gr o u n d r ef er e n c e. T h e n e ur al 

n et w or k n oi s e filt eri n g eli mi n at e s t h e b a n d of l o w-l yi n g cl o u d s, l e a di n g 

t o hi g h er- a c c ur a c y e sti m at e s f or b ot h t h e t o p of c a n o p y a n d t err ai n. T h e 

f or m er (Fi g. 9 ) i s fr o m a n ar e a i n H o n d ur a s ( n o d at a fr o m H o n d ur a s ar e a 

w a s i n cl u d e d i n t h e tr ai ni n g d at a s et). A g ai n, l o w-l yi n g cl o u d s c o m pli -

c at e t h e A T L 0 8 t o p of c a n o p y pr e di cti o n s b et w e e n l atit u d e s 1 5. 2 0 a n d 

1 5. 2 5. E v e n t h o u g h t h e C o n v P oi nt pr e di cti o n f or si g n al p h ot o n s i s n ot 

e ntir el y c o nti n u o u s, it c orr e ctl y i d e nti fi e d t h e cl o u d s /f o g a s n oi s e. T h e 

N N r e s ult s i n a r e d u cti o n of t o p of c a n o p y R M S E fr o m 2 8. 6 t o 7. 9 m, 

w hil e t h e i m pr o v e m e nt i n t err ai n i s fr o m 9. 9 t o 7. 1 m ( T a bl e 4 ). F or t hi s 

t e st pr o fil e, t h er e i s a g a p of si g n al p h ot o n s i n c orr e ctl y i d e nti fi e d a s n oi s e 

b et w e e n l atit u d e s 1 5. 2 3 a n d 1 5. 2 4. T h e di s c o nti n uit y i s t h e r e a s o n f or 

t h e o n e i n ci d e n c e of l o w er o v er all a c c ur a c y of 0. 9 3 9 2 s h o w n i n r e d i n 

T a bl e 2 . A n ot h er e x a m pl e of n oi s e c a u s e d b y f o g or v er y l o w cl o u d s i s 

s h o w n i n Fi g. 1 1 ; t h e cl o u d s ar e n oti c e a bl e b et w e e n l atit u d e s 1 8. 8 0 a n d 

1 8. 8 1 5.  W hil e  t h e  n e ur al  n et w or k  i n c orr e ctl y  l a b el s  s o m e  of  t h e  f o g 

l a y er a s si g n al b et w e e n l atit u d e s 1 8. 8 0 a n d 1 8. 8 0 5, it c orr e ctl y i d e nti fi e s 

it a s n oi s e b et w e e n 1 8. 8 0 5 a n d 1 8. 8 1 5 l atit u d e. T h e 1 0 0 m N N s e g m e nt s 

ar e cl o s er t o t h e H D L r ef er e n c e, w hil e t h e A T L 0 8 pr e di cti o n s h o w s l ar g er 

err or s. 

3. 2. 3 D vs. 2 D n e ur al n et w or k i n p ut d at a 

U si n g a 3 D p oi nt- b a s e d n e ur al n et w or k off er s a n a d v a nt a g e i n t er m s 

of fi e xi bilit y b ot h f or tr ai ni n g a n d t e st fil e di m e n si o n s w h e n c o m p ar e d t o 

2 D i m a g e C N N s. U si n g dir e ct 3 D i n p ut r e q uir e s n o d at a a g gr e g ati o n t h at 

m a y r e s ult i n l o s s of r e s ol uti o n. I n p ut fil e s f or 2 D c o n v ol uti o n al ar c hi -

t e ct ur e s s u c h a s U- n et m u st h a v e t h e s a m e r o w s a n d c ol u m n s si z e. T hi s 

c o n str ai nt c a n d e cr e a s e t h e tr ai ni n g s et si z e b e c a u s e c oi n ci d e nt gr o u n d 

r ef er e n c e d at a mi g ht n ot al w a y s b e a v ail a bl e f or a w h ol e s e g m e nt l e n gt h 

or el s e h a s t o b e cr o p p e d. W hil e t h er e i s fl e xi bilit y i n t h e l e n gt h of t h e 

fil e s, if t h e n u m b er of p oi nt s i s t o o l o w c o m p ar e d t o t h e m e a n n u m b er of 

p oi nt s, t h e n et w or k mi g ht pr e di ct wit h l o w er a c c ur a c y. 

3. 3.  A ut o m ati c l a b eli n g c o nsi d er ati o ns 

T h e a ut o m ati c l a b eli n g d e s cri b e d i n s e cti o n 3. 6 pr e s e nt e d c h all e n g e s 

f or s e v er al I C E S at- 2 pr o fil e s. I n s o m e i n st a n c e s, s o m e si g n al p oi nt s w er e 

o ut si d e  t h e  H D L  b o u n d s  w hil e  i n  ot h er  i n st a n c e s  n oi s e  p oi nt s  w er e 

l a b el e d a s si g n al s; t hi s w a s c o n fir m e d b y vi s u al e x a mi n ati o n. O n e r e a s o n 

f or t h e di s cr e p a n ci e s b et w e e n t h e s at ellit e- c oll e ct e d d at a a n d t h e H D L 

r ef er e n c e mi g ht b e s e a s o n al v ari ati o n s a n d t h e ti m e diff er e n c e b et w e e n 

a c q ui siti o n s.  S o m e  di s cr e p a n ci e s  al s o  e xi st e d  ar o u n d  w at er  b o di e s 

w h er e I C E S at- 2 d et e ct e d s h all o w b at h y m etr y a n d a s s o ci at e d ” ri n gi n g ” . 

F or  e x a m pl e,  i n Fi g.  7 ,  it  i s  vi s u all y  e vi d e nt  t h at  t h e  w at er  s urf a c e 

a ut o m ati c all y l a b el e d a s n oi s e (r e d r e ct a n gl e o n t h e l eft pl ot) n e e d s t o b e 

r e-l a b el e d a s si g n al b ef or e t h e n e ur al n et w or k tr ai ni n g. T h e mi sl a b el e d 

w at er s urf a c e i s li k el y a p o n d t h at h a s s e a s o n al w at er l e v el v ari ati o n s, 

w hi c h  c a u s e d  t h e  di s cr e p a n c y  b et w e e n  A T L 0 3  a n d  H D L  el e v ati o n s. 

T h o s e cl u st er e d si g n al p oi nt s t h at w er e mi sl a b el e d a s n oi s e w o ul d h a v e 

T a bl e 4 

T err ai n a n d T o p of c a n o p y R M S E r e s ult s f or t h e 1 3 t e st- o nl y d at a s et s i n r e gi o n s 

e x cl u d e d fr o m n et w or k tr ai ni n g. B ot h A T L 0 8 a n d n e ur al n et w or k ( N N) R M S E 

ar e c al c ul at e d wit h t h e H D L d at a s er vi n g a s r ef er e n c e f or t h e 1 0 0 m s e g m e nt s. 

G T = G u at e m al a, M X = M e xi c o, B Z = B eli z e, H N = H o n d ur a s, B R = Br a zil, P R =

P u ert o Ri c o.  

D at a s et  B e a m  Ar e a  D a y / 

Ni g ht 

T o p of C a n o p y  T err ai n 

A T L 0 8 

R M S E 

( m) 

N N 

R M S E 

( m) 

A T L 0 8 

R M S E 

( m) 

N N 

R M S E 

( m) 

2 0 1 8 1 0 2 8  1r  M X  Ni g ht  1. 7  0. 9  3. 3  1. 1 

2 0 1 9 0 1 2 7  2 l  M X  Ni g ht  3. 5  2. 2  1. 2  0. 7 

2 0 1 9 1 0 1 9  1r  B Z  Ni g ht  4. 3  3. 7  5. 0  3. 1 

2 0 1 9 1 0 1 9  2r  B Z  Ni g ht  4. 3  2. 7  5. 2  3. 2 

2 0 1 9 1 0 1 9  3r  B Z  Ni g ht  3. 6  2. 6  4. 9  3. 0 

2 0 2 0 0 7 2 1  1 l  B Z  Ni g ht  4. 4  6. 3  3. 2  1. 8 

2 0 1 8 1 1 0 2  1r  H N  Ni g ht  2 8. 6  7. 9  9. 9  7. 1 

2 0 2 2 0 1 2 5  1 l  H N  Ni g ht  8. 2  6. 3  9. 1  5. 9 

2 0 1 9 1 1 2 6  3r  B R  D a y  2. 3  2. 2  3. 7  2. 7 

2 0 2 1 0 8 2 3  1r  B R  Ni g ht  4. 5  2. 9  6. 5  4. 6 

2 0 1 9 0 8 0 2  1 l  B R  Ni g ht  4. 4  3. 0  7. 0  4. 8 

2 0 2 0 0 2 2 3  3r  P R  Ni g ht  6. 8  6. 1  5. 1  2. 9 

2 0 2 2 0 2 1 5  2 l  P R  Ni g ht  9. 2  7. 7  5. 5  4. 6 

M e a n    6. 6  4. 2  5. 4  3. 5  

Fi g. 8. O v e r vi e w of t h e w or k fi o w.  

Fi g. 9. T o p of c a n o p y e sti m at e s f or t e st d at a s et 2 0 1 8 1 1 0 2 i n H o n d ur a s, b e a m 1r. T hi s r e gi o n w a s n ot i n cl u d e d i n N N tr ai ni n g.  
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1 0

l o w er e d t h e a c c ur a c y of t h e t e st r e s ult s if n ot m a n u all y r e cl a s si fi e d. T hi s 

w a s  c o n fir m e d  b y  tr ai ni n g  t h e  n et w or k  fir st  wit h  o nl y  a ut o m ati c all y 

d et er mi n e d l a b el s a n d t h e n r e-tr ai ni n g u si n g m a n u all y u p d at e d l a b el s. 

Aft er  r e-l a b eli n g,  t h e  tr ai ni n g  a c c ur a c y  sli g htl y  i m pr o v e d,  wit h  9 8 % 

o v er all  a c c ur a c y  ( O A)  f or  t h e  m a n u all y  r e-l a b el e d  tr ai ni n g  d at a, 

c o m p ar e d t o a b o ut 9 6 % O A w h e n tr ai ni n g o n t h e a ut o m ati c all y l a b el e d 

cl o u d s. 

3. 4.  R o b ust n ess of t h e N N m o d el 

W e  fir st  e x p eri m e nt e d  wit h  t e sti n g  t h e  n et w or k  u si n g  pr o fil e s  i n 

g e o gr a p hi c ar e a s w h er e it h a d n ot b e e n tr ai n e d t o e x a mi n e p erf or m a n c e 

i n a di v er s e r a n g e of tr o pi c al f or e st s; a s d e s cri b e d a b o v e i n t hi s r e s ult s 

s e cti o n.  Of  t h e  1 8  t e st  d at a s et s,  1 3  ar e  fr o m  t e st- o nl y  ar e a s.  T h e  N N 

t err ai n e sti m at e s ar e l o w er i n all t e st d at a s et s w hil e t o p of c a n o p y e sti -

m at e s ar e l o w er i n all b ut o n e ( 2 0 2 0 0 7 2 1, B Z, i n T a bl e 4 ). T h e hi g h er t o p 

of c a n o p y R M S E i n t hi s p arti c ul ar d at a s et i s d u e pri m aril y t o l o c ali z e d 

diff er e n c e s b et w e e n t h e H D L a n d A T L 0 3 d at a c a u s e d b y t h e 4 y e ar ti m e 

diff er e n c e  b et w e e n  t h eir  a c q ui siti o n  ( 2 0 1 6  f or  H D L  a n d  2 0 2 0  f or 

A T L 0 3). T h e ar e a ar o u n d t hi s pr o fil e h a s r e c e nt h u m a n a cti viti e s a n d 

s o m e v ari ati o n i n t h e v e g et ati o n c o v er b et w e e n t h e a c q ui siti o n s of t h e 

li d ar a n d I C E S at- 2 d at a i s cl e arl y pr e s e nt. T o v erif y t hi s c o n cl u si o n, a 

s e c o n d e x p eri m e nt w a s p erf or m e d wit h t h e 2 0 2 0 0 7 2 1, B Z d at a s et; t w o 

of  t h e str o n g b e a m s f or t hi s pr o fil e w er e i n cl u d e d i n t h e  N N tr ai ni n g 

d at a s et a n d t h e n e wl y tr ai n e d n et w or k w a s t h e n u s e d t o e x a mi n e t h e 

o utli er t e st pr o fil e. T hi s i s t o e x a mi n e w h et h er t h e n et w or k pr e di cti o n s 

w er e  p o or  b e c a u s e  t h e  B Z  d at a s et  w a s  n ot  w ell  r e pr e s e nt e d  b y  t h e 

ori gi n al  tr ai ni n g  d at a.  T h e  diff er e n c e  b et w e e n  t h e  ori gi n al  a n d  r e- 

tr ai n e d n et w or k r e s ult s i s mi n or, b ut w h e n tr ai n e d o n a d diti o n al sit e- 

s p e ci fl c  fil e s,  t h e  r e s ult s  ar e  m ar gi n all y  b ett er,  a s  s e e n  i n Fi g.  1 2 . 

U si n g t h e ori gi n al tr ai ni n g d at a s et, t h e pr e di cti o n s of t h e w at er s urf a c e 

ar e sli g htl y n oi si er, b ut still a c c e pt a bl e, gi v e n t h at t h e n et w or k h a s n ot 

s e e n si mil ar d at a a n d s o m e ” ri n gi n g ” i s cl e arl y pr e s e nt. T h e ri n gi n g i s t h e 

r e s ult  of  s p e c ul ar  r et ur n s  fr o m  st a n di n g  w at er  a n d  i s  a n  i n str u m e nt 

r e s p o n s e  t o  hi g h  si g n al  r at e s,  a s  d e s cri b e d  i n N e u e n s c h w a n d er  a n d 

M a gr u d er ( 2 0 1 9) . I n t h e p a p er, t h e a ut h or s m e nti o n t h e p ot e nti al f or 

I C E S at- 2  t o  d et e ct  i n u n d at e d  l a n d s  a n d  fi o o d e d  f or e st s  b a s e d  o n  t hi s 

ri n gi n g  r e s p o n s e.  F ut ur e  w or k  c o ul d  i n v ol v e  tr ai ni n g  a  p oi nt- b a s e d 

n e ur al n et w or k t o s p e ci fi c all y d et e ct ri n gi n g i n A T L 0 3 d at a t o i s ol at e 

i n u n d at e d ar e a s. 

3. 5. F ut ur e dir e cti o ns 

A s d e s cri b e d i n s e cti o n 2. 6. 1 , t h e t err ai n a n d t o p of c a n o p y d et e cti o n 

al g orit h m s w e u s e d ar e si mil ar t o t h o s e u s e d f or A T L 0 8. Si n c e t h e n e ur al 

n et w or k s e p ar ati o n of si g n al a n d n oi s e cl o s el y f oll o w s t h e li d ar gr o u n d 

r ef er e n c e  e v e n  i n  d a y  c o n diti o n s,  a s  s e e n  i n Fi g.  1 3 ,  w e  h a v e  u s e d  a 

m o vi n g mi ni m u m filt eri n g f or t err ai n a n d m o vi n g m a xi m u m f or t o p of 

c a n o p y t o g et h er wit h s u c c e s si o n s of m e a n, m e di a n, a n d S a vit z k y – G ol a y 

filt eri n g. W e c h o s e t hi s a p pr o a c h f or it s si m pli cit y t o i m pl e m e nt a n d u s e 

Fi g. 1 0. T err ai n (l eft) a n d t o p of c a n o p y (ri g ht) e sti m at e s f or G u at e m al a t e st d at a s et 2 0 2 0 0 1 2 5, b e a m 3r (tr ai ni n g a n d t e sti n g ar e a).  

Fi g. 1 1. E x a m pl e of a t e st d at a s et i n ni g ht c o n diti o n s fr o m a t e st o nl y ar e a i n M e xi c o ( 2 0 1 9 0 1 2 7, b e a m 2 l).  
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a s  a  c o m p ari s o n  t o  A T L 0 8  r e s ult s,  a s  o ur  m ai n  f o c u s  w a s  t h e  n oi s e 

filt eri n g  p ot e nti al.  I n  s o m e  c a s e s,  t h o u g h,  w h e n  t h e  n e ur al  n et w or k 

pr e di cti o n s ar e o ut si d e t h e b o u n d ari e s of t h e H D L r ef er e n c e, mi ni m u m 

filt eri n g will c a u s e t h e s e g m e nt e d pr e di cti o n s t o b e t o o l o w. Si mil arl y, if 

a c o u pl e of p h ot o n e v e nt s ar e pr e di ct e d t o o hi g h or t o o l o w c o m p ar e d t o 

t h e m ai n si g n al b a n d, t h e mi ni m u m, a n d m a xi m u m filt eri n g will c a u s e 

t h e s e g m e nt pr e di cti o n s t o m o v e t o t h e o utl yi n g p oi nt s. A st e p f or f ut ur e 

w or k c o ul d b e a m or e el a b or at e t err ai n a n d t o p of c a n o p y al g orit h m t h at 

w o ul d l e v er a g e t h e a d v a nt a g e of t h e cl e a n er n oi s e- filt eri n g pr o vi d e d b y 

t h e C o n v P oi nt n e ur al n et w or k. D e s pit e o ur b e st eff ort s t o fi n d d at a s et s i n 

b ot h d a y a n d ni g ht c o n diti o n s, m o st of t h e I C E S at- 2 A T L 0 3 d at a a v ail -

a bl e f or t h e t e st sit e s w a s c oll e ct e d at ni g ht. It w o ul d b e i nt er e sti n g t o 

a d d m or e d a yti m e a c q ui siti o n s a s t h e I C E S at- 2 mi s si o n c o nti n u e s a n d 

n e w  d at a  b e c o m e s  a v ail a bl e.  H er ei n,  o nl y  t w o  cl a s s e s  w er e  u s e d  f or 

n e ur al n et w or k tr ai ni n g, h o w e v er, it i s f e a si bl e t h at m or e cl a s s e s c o ul d 

b e  i n c or p or at e d.  T hi s  c a n  b e  d o n e  b y  s e p ar ati n g  t h e  si g n al  i nt o  i n di -

vi d u al l a b el s s u c h a s t err ai n, i ntr a- c a n o p y, a n d t o p of t h e c a n o p y, f or 

e x a m pl e.  T h e  C o n v P oi nt  i m pl e m e nt ati o n  ( or  a n y  ot h er  n e ur al  ar c hi -

t e ct ur e) c a n b e a dj u st e d t o c o nt ai n a s m a n y cl a s s e s a s n e e d e d. T h e o nl y 

d o w n si d e w o ul d b e t h at m or e l a b or w o ul d b e i n v ol v e d t o e n s ur e t h at t h e 

tr ai ni n g  d at a s et s  ar e  w ell-l a b el e d.  T hi s  ar c hit e ct ur e  c o ul d  al s o  b e  a n 

e x c ell e nt t o ol f or s h all o w b at h y m etr y cl a s si fi c ati o n. 

4.  C o n cl u si o n s 

I n t hi s p a p er, a n o v el a p pr o a c h t o w ar d s n oi s e filt eri n g of s p a c e b or n e 

p h ot o n  c o u nti n g  d at a,  n a m el y,  u si n g  a  n e ur al  n et w or k  f or  3 D  p oi nt 

cl o u d s  c o u pl e d  wit h  air b or n e  li d ar  d at a  a s  a  gr o u n d  r ef er e n c e  w a s 

pr o p o s e d. O ur r e s ult s i n di c at e t h at e v e n wit h m o d e st tr ai ni n g fr o m t w o 

ar e a s, t hi s a p pr o a c h a c hi e v e s g o o d r e s ult s i n si x s e p ar at e tr o pi c al f or e st 

r e gi o n s wit h v ari e d t err ai n, sl o p e, a n d t o p of c a n o p y c h ar a ct eri sti c s. T h e 

n e ur al  n et w or k  m et h o d  c o ul d  b e  u s e d  i n  c o m bi n ati o n  wit h  t h e  t w o 

n oi s e- filt eri n g  al g orit h m s  c urr e ntl y  e m pl o y e d  f or  cl a s sif yi n g  A T L 0 3 

p h ot o n s. It s u s ef ul n e s s i s r ei nf or c e d b y t h e c o nti n u o u s arri v al of A T L 0 3 

d at a d uri n g t h e lif eti m e of t h e I C E S at- 2 s at ellit e a n d t h e a b u n d a n c e of 

air b or n e  li d ar  d at a s et s  f or  v e g et at e d  l o c ati o n s  w orl d wi d e.  Gi v e n  t h e 

wi d e s pr e a d  a v ail a bilit y  of  d at a  a n d  t h e  p ot e nti al of  p oi nt- b a s e d  d e e p 

l e ar ni n g al g orit h m s, i m pl e m e nti n g t hi s pr o p o s e d n oi s e fllt eri n g m et h o d 

m a y pr o v e v al u a bl e n ot o nl y f or I C E S at- 2 b ut a n y f ut ur e li d ar s at ellit e 

mi s si o n s. 

D e cl a r ati o n of c o m p eti n g i nt e r e st 

T h e a ut h or s d e cl ar e t h at t h e y h a v e n o k n o w n c o m p eti n g fi n a n ci al 

i nt er e st s or p er s o n al r el ati o n s hi p s t h at c o ul d h a v e a p p e ar e d t o i n fi u e n c e 

Fi g. 1 2. A n e x a m pl e of a r e s ult w h e n: ( a) t h e n e ur al n et w or k h a s n ot b e e n tr ai n e d o n si mil ar t y p e of d at a; ( b) t h e tr ai ni n g d at a s et h a s i n cl u d e d d at a fr o m t h e ot h er 

b e a m s f or t hi s A T L 0 3 d at a s et. T h e n et w or k p erf or m s sli g htl y b ett er i n s c e n ari o ( b), a s t h e ” ri n gi n g ” u n d er t h e st a n di n g w at er s urf a c e i s l a b el e d n oi s e. 

Fi g. 1 3. E x a m pl e of a t e st d at a s et i n d a y n oi s e c o n diti o n s fr o m G u at e m al a ( 2 0 1 9 0 7 2 7, b e a m 1 l).  
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the work reported in this paper. 
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