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Remote sensing estimation of average diameter at breast height of forest stands
based on airborne LIDAR and machine learning algorithms

Abstract:[ Objective JAnew method for remotely estimating the average diameter atbreastheight (DBH) of forest stands was proposed
to address the problem of low accuracy in large-scale estimation in forest surveys. [ Method] Selecting the Machang work area of
Guihua State owned Forest Farm in Guizhou Province as the research area, based on airborne LiDAR point cloud data combined with
sample plot survey data, the horizontal canopy characteristic variables and height characteristic variables of the sample plot were
extracted. Variance expansion factor analysis and Pearson correlation test were used to screen variables, and a forest average diameter
estimation model based on airborne LIDAR and machine learning algorithm was constructed. [ Result] The research results show that:
(1) By analyzing the variance inflation factor and conducting Pearson correlation tests, we selected point cloud feature variables that
have a good correlation with the DBH of forest stands, such as average canopy height and height skewness. Among them, the average
canopy height contributes the most to the model construction and shows a significant positive correlation with the average DBH of
forest stands, indicating its important influence on the variation of forest DBH. (2) After comparing multiple linear regression and
machine learning models, we found that machine learning models outperform multiple linear regression models, with the random forest
model achieving the best fit. The coefficient of determination (R? for the random forest model is 0.71, and the root mean square error
(RMSE) is 2.50. (3) The difference between the predicted average diameter at breast height (DBH) and the actual values further
confirms that the random forest model has the highest accuracy and the best fitting effect among the four forest types. [ Conclusion]
In conclusion, it is feasible to use airborne LiDAR point cloud data to extract point cloud feature variables and build a model for
remotely estimating the average DBH of forest stands based on machine learning algorithms. The accuracy of this method meets the
application requirements of forest resource surveys and can serve as a technical means for assisting forestry survey work.

Key words: airborne LiDAR; average diameter at breast height of the forest stand; random forest regression; point cloud feature
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variables

A% 72 ROl 2 b E SRR R, FE SRR Bidk > REEMABE R B E . Bl 2 E A
HIiZNH ADDIN (24, 2011 % M2 E 2 U ST AT AR R R A . SR,
PRSI A AR TAER R, A RS 8 B 52 2SN 0 E WA . seah, BTk
FHFE T AT R AR A, AR A IR AR S8, TR HER IR BOR 23 18] RBE AR 73 254915 5. (Ande
rsen et al, 2005). Jy [ A PUX LA, BB BRI N B SR I I AR &R, IR RITZ N
(Balduzzi et al., 2011; Z=I504E, 2021).

WLEOG Bk (Airborne Laser Scanning, ALS) T ERH BE A5 XA & F AL B AR UM =1 . R,
HTHE B T AL OEE R ER, MR TR AZHEA L, TEEERIR AT, Fik, 5
AR @A F AT HE S IR (FFEAE, 2013). IEHEk, T kR - 1Y I AR A R fE S ROGRAS X dk
AN 12 SR - IR 5| R B A 5 T2 OE. BeWEE (2021) fEdE AR (Canopy Heigh
t Model, CHM) )&l Fidid i 29028 5 v LGl EVEIR DUR (L = A2 W, -5 S IR 428 82 575 bR O
B, KSR 0.73, M T ELEM BRI E, WG . Swayze 55 (2022) 2t 7 —MfiH
F Ak 1 = U R AT B TR S 3 UM AR AR I ik 7B I B2 S s AT LS, SRR BRI 12
SR o KA MER KR AREE, FERZEN 0.79 cm. Mao 55 (2023) 454 THLEBOEHEIAE. AT L
Hesotg UL S B0 8 (Terrestrial Laser Scanning, TLS) #EAT AR/ BRI AR EFE . MATHE T
g, JEIESHA RS E RN, FFHER T A FENLES = B AL AR I RE )T . SRR, B
TR A SRS SRR AR AR A2 A 7 T B A ORI Jg o T XKBUR S AR 23 2 2 & H T 3K
PR, AT AR R AR A B A2 P PRI AR . Lefsky %5 (1999) i FMLAR O F5 X FRIEAR B AN 11 T
TETERAFEHL KPP 35045 . Hawbaker 55 (20100 O TAEHATABOLE L (Light Detection And Rangi
ng, LiDAR) [EIEAMYAE F B O B1E AL I X S8R 70 2 508 75 i . W 9e 3R, A8 R i O [ A A AR X AR
BEEMRRENE, FRRCTAL I T A6 38 AR AT R VR A MR A K P 842 . Zhang &F(2023) $REX THOLE A
e FE AR B A et 2 AR B B T I A, B R R B AR S AR AL SRR B, R AR BN X R B AT R
AP AR Ak I o A2 AL PR RS B2 AR B i BENL AR RS B 2 R

AWFTELA DT N B T TR BRI ) TR A X I8, BT HLEEOE E 1A a8, st
Z MR A R Z R S B, R TR P IR s R A Tk . B AR SIS XSRS AR )
SEIIMARAEAERG I, PRt —ME Ak, R AR AR R BRAR R & B IRV, DR AR MR T .

1 AR X 55
1.1 AR X

WX AL T SN R B EA ARy, SNERKE, MR SRR SR o PR AR 53 A ¥ B 2
26°38'21"—26°39'18"N, 105°44'55"—105°45'5"E, FELHSUIST N 113t J2 e [, s A iRk, 1M
MY, FEHOAIEICE] . HIERE R TS . AKE N, R AR, B KL, K
FE AR, S E)E TR KR AR, EPHAR 11.6~15 C, £FEHR 1170 NS AAL, FERE
FVE 1200~1500 mm, JGFEHH 240~290 K, AfFEM, DHGEE, EFENERN, % RKARKEME.
AT LVEAEARIS S | TIXOR R FLIX S, TGRSR ZRE, b i Xk, A28 2000 RE, 48
ANINHE o F 5T X EE A R R oA P L 1
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Fig. 1 Geographical Location and Sample Plot Distribution of the Study Area

1.2 #HHIgRALIRE
FPAME AR RET 2022 4 7 H o RIEATHIRCERVEG 70 X AR EE S, R RS ERR
W, &ERE 200 KAT B —AFEHL, FEAR 1 48 DNETEAEH, FEHLEI AN 14.57 m, AN 667 m2. XfH A
42 (DBH) >5 cm (AR, KIS T HERMIFEAT R AR R 3 AR RO M A A1 & SRl v s W &
W PO I EE ANt LEAN 6 4% 52 T 0 B AR R P AR DY 5 ) B e s RTKC & B AP J
< 1 HEHER

Tab. 1 Overview of sample plot

FRIRER HhEE FEHRIE (em) FiRE (m) MAER ()
L EZATAN 3 20.05 15.05 56.02
IR 7 19.84 14.35 106.03
R 17 21.88 16.43 323.13
DEMER 21 26.38 17.70 486.97

1.3 B EILEIRIRE

HlEk LiDAR ¥ REUN )24 2022 45 7 H, FIFH KEEL L M300RTK T ANLAEHEHEE L1 (&8 3017
17 RATIRBLARFR 2 CGCS2000/3-degree Gauss-Kruger CM 105E (RO & A = H0E, 5 HmiH & %
AR R — 8, 500 e S ACHE DA K S5 BEUC A . 7R B/ 2= (0 R AT, ARYEHE 7T X RS O A T
X K53 8 ANMEIX, By 1k PR R K B 255 i S B0 A ML S @ 4% s L E 58k, R 30 m 20 HEER L
T A (Digital Elevation Model, DEM) HEAT{i L €47, FXHiISE 80 m, FRIEZH 50 %, ITH
fE6 m/s, =R, RAESIZE 160 k/s, AR NEL S, SEFE 0.05 m, “FHEFEE 0.1 m.

2 HRFE
2.1 LiDAR ¥(3EALIE
e SR B B AL B IO B 1A B AT LM b B, S 2 B dE SR St i ik = A X E S B (Zhao e
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t al, 2016) X3 b fOMURE R PR o A0 AN R0 = A P04 {102 08 D S 4B A2 7 20 M58 0.5 m 1)
DEM, Fi£tX) DEM X mi = Bl AT IH— A3, AR AE AR ARPg BT A FEHL I i = .
2.2 LiDAR #HET S42EL

MRIEIA B FER A, 55— Bl A e, tHR RS L KA E KB (Nasset et al., 2008; 2 5 4%,
2012), eI SEECE R IBIBI s 2 v A G RHIE AR B Rt JE AR DG FRBR RS il DUAK 23T 35 A2 (1A 28011
5B (Lefsky et al, 1999; Zhang et al, 2023; Zhang et al, 2019). ik, {#/H R &= lidR f. LiD
AR360 AT HRI T PH LR H /KPR 2 R AR AR B2 v AR B A et J2 R AR B, He b e SR AR AR AR B B A vt [ AR 4
# (leaf area index, LAD. VP35 /2= E (mean of canopy height, mCH). & JZ & EFr#EZ (standard d
eviation of canopy height,sdCH) %5 6 M &, &R EQEmE P4 Wz BREE A =
TRAS & E A 46 MR, SHENIDCRECN 0.5, SEBEN 2 m, ERREEEIRT 2 m 1)
WXL, REMI R . TR BT E E BT

221 BEHFEELE

MR TR E . FREAL R AR ERTE M R, RIHEE B mE R bR —. HEET
LiDAR s =28 LAL # it A K-

COS(ang) * In(GF)
k

o, ang &P, GF ZE%E, k Z2HLRE.

SRR R 8 Z AH KT B A 1R R A A

bR R EARER : 8 Z MH KT B BE R R A AR

222 HEFMETF

PR 7 FEHD RS YR I B HORE

_2h02-2D)

LAI =

vV
n
A, ZOREHLES i R, R R B, n 9REH Y R
R A A BTN, A A s s B AT R IR TR R B AR
A AL R ITA, TR A R R AT HE Y, AR THEERE L X% 1 T AE R
F A AR P R Z AE AT IR FR
ﬁz?ﬂ(zi - Z_)3

Skewness = 3

e ZoOREHLES A s s R, Z?ﬂﬁi@ﬁﬁﬁﬁﬁ‘]?i’ﬂ%fﬁy n R L, a AFEHLN o
Gy A bR HE 22 o
2.3 LiDAR $F{EZE £ EEN

AT L #E AT 7 Z MK Bl F-(variance inflation factor, VIF)Z)#T >k 8 G 435 AE A2 & 0] 47 75 1) %2 8 L2k
Ve, REE VIF EICT 10 febs CRBER, 202100 20 50 SRR E AR B8] (1 B /R b (Pearson) AHZE
RE PRIEAHR RELRBOIESS, VIF B € IO/ B RRAE AR B0 (e 240/ T 0.8 P TH 5 St ) &8 i 44~ 248
SRS KR, B[N T 0.2 BFHEASE . H Ik SRR AR B 3T 5 S B A R . RRIEAR ik
W JE e AR @I BT R e 2. 4 MRy 2 kMR E

Z e [l JH(Multiple Linear Regression, MLR): % JG2k 1 A1 VA 7E 18 B Hin e A U Sk S 40 ) il vp
Bz R, Gl N = B R AR B Oy B AR R, DURE S 1S 3 1) BRSO R AR B ST 2 Jn sk
PERNATRE . Z e R — A Xy

Y =a+ byx; + byx,+...+bjx;+... +b,x,
A, Y AREE AR, a ARIAE R, b oNEIARE, =1, 2, 3, .., n, xRRIERE.
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BEALAR LB (Random forest, RF): FEALARM AR kA B, 2 — FRAENS [F] IR AT 70 28 5 [ml 4 F:
FAESH G, RO T B R 5 AR e misk) 2 (Belgiu et al.,2016). BENLARFRAT AP
MRS TR EBE, — DR IEME E (ntree), 73— RUACHEHLZ &5 E (mtry), RN EE— KX
BANEIME 500, FENIZEHERETATH T X EZEN L, —HRIEATENMR =52 —.

X FEMEAL(Support vector machine, SVM): SZHF [ SAL 1A% O AR RIE IS 8 A A% ek A0 N 2
() A E 4 1t B SR AE — A e 4ERFAE 23 [B) 7 vy 48 20 1)) it d 06 1 [ V8 ~F T DR s S T (AR 5%, 2015
FER R R R, 3R AN () A R K S 20 2 B4 5 M) 38052 R F 00 2 e

BT AR5 % (K-nearest neighbors, KNN): T 485 yA N EARIE S M s B0 00,  BP dn SR — FEARTERRAE
[ ) kAN ARIT FIFEAR K 2808 T [ —2800, WRZFE AW T1X—280) CE R, 2010). FEKES
B O AN k DA B PR S 2R A, CAERKIREE B . S A IEE B AR, B E G 4 Y kA nT DA AR A
B A E o
2.5 REEM

AW I 3728 SRR B VAR AR B v R, FOBE AR A, A R IIE, HR
VERINGREE R ZIRAR, 162 RVPAS 45 R SKRECE SE A B B 5V 43 o AR50 R H Yo RE(R*) A
TR ZE(RMSE) PR I A2 it RS 20 FRORs P2  H B A s F
Yiea i — 7)?

Y = y)?

i (i —9)?
n

R*=1-

RMSE =
b pONBRITE, y AR R, JouRE Il EIME, n AR ACE

3 ERE
3.1 TEIXE
e ARG, R SIS T, K A S HERE SR 52 AMRMIEAR BT 7 Z MK I A0 5 B AR
T 2 HALLNE, JiE VIF<10 A& S5-I g7 A S (B 2). 255K 8. LAL CC H
DBH MK HR &2, DBH 5 sdCH. mCH. H,,« Hy. Ha 503 EM K, SH R RE M. Fit,
#PEH, Hys Hags Hge sdCH. mCH fE WA N &, DBH {E A &,
* 2 BREFKETFONIFEENIHET L%

Tab. 2 Summary table of characteristic variables screened through square difference expansion factor analysis

FB%3 FBER TR w5
1% A B BB S E 1% S RS Ha
S BEPRH i R ER T s Hyp
mE BRI i R N TR Hy
SERA P 5 B B ) B IR B H,
FHRESE KT RN T S A SN BT mCH
BESEREE WA BRI SdCH
BRAHTELR ”
e A BEEERYSAERE cc
I ERRISH O H B — LAI
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Fig. 2 Correlation analysis between point cloud characteristic variables and average diameter at breast height of forest stands
3.2 RAFNLER

ZICAMER A A EDE A 48 S, SFIINARAE T 10.7819~43.3684cm, {H 23.4348cm. il S
TP 2 i A 400 A 22 Je R M (o] A AR R i 280K 20 DBH=2.87+1.12%H;-0.53*%H,-1.15%H,,-2.92*¥H+3.70*sdC
H+0.51*mCH, R RE RER>A 0.56, K7 IR ZRMSEN 2.98.

BEHLARAR : f 2 B B S D SR R EAT 0, ntree RGN 24 o ARG 5 8 th 2 AR A 3 SR %
X, mtry BRANRANERBH AW =702 —, BTEEEGEAR, hFx T 3it. L, ntree=800.
mtry=4 FLFEHUARMR BB T BEALARMABE G 2] % 5 2SR dbh S2M HAR X H 2 A 2 a0 R P
Ny TEERHEAR R RE IR AL 73.62% M TTBRE, i EEAEAR R OTHR 1 26.38%. BEALARAMABIIY U E R4
R*90.71, ¥IT7HRIRZERMSEN 2.50.

3 BENARMREZEEFHERE

Tab. 3 Important values of various influencing factors in random forests

TE FEE% HF
mCH 60.94 1
sdCH 12.68 2
Hyy 8.90 3
Hy 7.12 4
H,, 5.48 5
4.88 6

Hy
SCHRFIAEANL: AR FUEI TN 2 T AR A 2R % 3 R R B 2 S B . A
Tl R4 C KRB /M, 2 A BRI A RS, 8 2T RERY C (B A @A R E R R
KPR, BARALE AR SR MBI E RE R, BT RIRE RN,
® 4 TERREREH IR ENREE TN

Tab. 4 Accuracy evaluation of support vector machines with different kernel functions

e RERE (R P ARIRE/cm
MR 0.66 2.48
ZI A% 0.66 2.49
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ZEEENZ 0.67 232

S ARSR: SR AR ICHE S R B S &, k R RITAE R I — NS4, KNN @ 3485 H bt
GO IREE BB it k AN el Bk AN s 8PS EAE A B AR S TNE, k HUE S — R A 3~10, RS0 HL
k=10 FATBAIR AR . AR EVELE R, o RER* A 0.65, HITIRIEZE RMSE 4 2.31.
3.3 IHEMEHE

WEFE P2 B A2 ST E AN OB AT BELA S B 1 TR, BT R KPR R AR AR i S A
P35 A (R AR R U AR M . 2 e 2R PR [l VARE Y | SZ KR ) E MU DL I S A0 S VB B R Ul 45 &6 SR
o E, RERLREEERUG, Horbh SRR A EHUSRL K DBH PN 5 SZIE MAEAE R KR ZE . BT 4 Ry
R RRE B, BFEALARARARL () vk 2 RBRZ N 0.71, ¥WITHRIRZERMSEN 2.50, HRER . &%
BB, U ANLRE A S Bk A N R R ML DI RE ST B 2 (R S AT 3D,

® 5 TEMREMIAHR
Tab. 5 Fitting effects of different models

HRAIZ R RERE (R?) HFTRIRE/cm
ZgMmE)e (MLR) 0.56 2.98
BEHLARM (RF) 0.71 2.50
XHEEEY (SVM) 0.67 2.32
RITABEE (KNN) 0.65 231
EATw oA GRS Rt i B A5 AR AR Y
§ § X
.« 3
-: b_-f- [
I MfE/cm Sl fE/lem
SCRFI LR 3 F T A SR VE A Y
§ & § *
: -
S M{E/cm ’ ' Sl fE/em

& 3 FEHEETUMESSTAMERX R
Fig. 3 The relationship between predicted values of different models and measured values

3.4 ETHRMEEMIEEIIE

M 6 AFIFRMIT BRI 20 I, DUAMRR h, BEALARMAB R S IAZ 20k B HRASH . 5
FERR LRI TINS5 R Z2 A o8 /s Xt R TR A AR TN ZE (B v 1 SCHF AL AL 22 on 2 P ml AR A A 1 R AL
AU TR AR h R BB 22, 0T S PR AR MRS AU S 45 SR s S IR AL 5 SRl AR SRE X 1 R AL
AU TR 5 SEE ZZAE 0K, X 575 = RS R UL & ROR BT o X T DURD AR M SRR T 55, A AR
MIAZ SR TR A AR TN 25 SR AT, S 5 PO AEL 18] Z2 A /0N o 330 b DG 6 ZR50F DU o R AR TR i
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MMES SEhr M ZE R, BENLARMBE RS i . 0 ROR RS

* 6 FREIFRMEBURAMSLER
Tab. 6 Fitting results of different forest type models

MLR RF SVM KNN

BH RBR SN : : :

%m B oem O e TC e PRE g PIIC o

B

s 3 20.05 19.47 -0.58 20.13 0.08 19.54 -0.51 19.59 -0.46
jﬂ-l— 7 19.84 20.80 0.96 19.83 -0.01 20.30 0.46 20.10 0.26
B

jtlia 17 21.88 23.31 1.43 22.70 0.82 22.53 0.65 23.21 1.33
B
G

sk 21 26.38 24.26 -2.12 25.56 -0.82 23.87 -2.51 24.74 -1.64

4 THig

AW FEET HLEIBOY 7 1A 2 SR URFE AR SgEAT FHOCHE 0 BT, R I T R R AR A B v AR IR A B 5
o3P fte ISR R LRI AR Rk Horr, 1S 5 @R 1T E AR AR AR B 1 R P A A R IEAH R,
HXP A B A BRI ERERE J1 . BEAL,  RISEWE I HAESE T 51 AT 2 AH IS S0 LUK #0000 18 A% 1) . (fF
HRE, 20215 TEWTHT, 20205 FKIG, 20230, AHTTURET, MRS W E BT EREE KRR, BHTRORK
TBAGFFAEAN AL BRI IR0 (Tian et al,2022). BRI I HE IO 1wy O 2 BE 81 & TR I AR B A g g 2, {1
BREZH TR, MRS HE R0 g5 AASUFESE R Z 52 ik (Lines et al.,2012; Hulshof et
al,2015). FERIAR EHT By, H R BRHIE 2 m BEPREAE G, BEE R IS, m R A3 . Ui,
WA Z AT AR A . R 4 A AR KD IEAZKUR, ERRE KIS, W ahE a4
KW bk . PRk, 7ER S M A2 TS BB I N et 2 S 80 AT AT 1

FERR, 2 JuZe Ve AR R I e 2, FLURE R 8 (R2) M5 HRIRZE (RMSED 73714 0.56 Al 2.
98. HHLLZ T, BENLARAMABE ARG ROR BdF, R2 9 0.71, RMSE 4 2.50. X —45 R 5IX 7 R REALE %
FRBS TG 5 SEIME I ZE AR AT (3R 6D TERENLARMA AL pr, P34 5e 2 e BEX B M i o ik e K, 54K )
PRt B R IEA S, IR AR AR B R R . X 5 R (20200 HETHLA A E
PP R A RIE TS5 SR — 8. SR, ASHIT FE AR RE FE AN IR, 7T A IR AR A B A 0 0 H AR A it
TX 5o AT R 5T LA UE B 1 A% TS Y A5 AN [RIB b 2[RI AF AE 2 3 22 5% (Cysneiros et al.,2020; Mens
ah et al ,2018). 45t/ s Z A1 5¢ RIFAMUAGR 6 B O 2tk &R o M EUAE G R T 7%, Hlas
5 YA HHG AT RS R, BB WA NG v 4k R R B AT B AR . AENLER S S R, B S
) 30 K 0 LI AR 7~ F S M A ) S8 . ASHIE A AR R 5 4 1 T REI S B A & AT S0, DALY
EXf Sy RiTS

G5 1) LTI A28 25 )5V AF fEVF 2 B 5 (Chave et al.,2005; Mokro§ et al.,2018), 7£ /%% 5 & 15 Il
BRI, HUERBOG TR IAAE v RERE kG BEMI R A2 1) T-By, 23] 7 23k LE RM RS (global navigat
ion satellite system, GNSS) {5 Z U IAXMER BRG], MRS 7 HSHTEE . sat, B TR ANERR 2,
by SO T kM DL AT RS B AR RS HER BT 55 . AT, WLEEOE S8 B B m IReR, 231
ZURBELD, B AA S RRIETE R . E— M SR DOV RS B A 207 %, MO R LS
BRI AR B2, IR R A 23 B R @ AT VR SR IR A~ S A%, DA A B BRI 1 A . X
BNt — 2 BT 5T B T T

5 &t
AR AT N T RS eI 5] TX R X k. RIS & s = B, RET 4
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WEFCAE R T2 7l J= vt R v B A A5 5 5 = R TR B S R B A BT B A R . b, PR
e REXT R R R TR e K, AR AR ) AR AR AL P R . 5 2 eI R L, LR 22 ST R R Y
BORFESF . Horp, BENUSRMB R AL A MO et Bk, FTHLEBOETE X i 280 320 2R AR AL B Al
DA I3~F- 2 BAE A 7 VA B AT AT AT IR, RERSAE N — PR T B B MOl & AR . B35 Bl R A F =
ARRWEFEAT LA E T 2 R Las 2 ST H SRR RN, PUE S s 35 AR & 5 48 Ak
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