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National Forest Inventories are based on sampling theory

In sampling, a part of a population is selected and used to obtain estimates of characteristics of that population
To infer from the sample to the population sampling must be random (this is a practical way to know the probability of extraction of the

sample from the population)
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A GENERALIZATION OF SAMPLING WITHOUT
REPLACEMENT FROM A FINITE UNIVERSE*

D. G. Horvitzt axp D. J. THOMPSON
Towa State College

This paper presents a general technique for the treatment
of samples drawn without replacement from finite universes
when unequal selection probabilities are used. Two sampling
schemes are discussed in connection with the problem of de-
termining optimum selection probabilities according to the
information available in a supplementary variable. Ad-
mittedly, these two schemes have limited application. They
should prove useful, however, for the first stage of sampling
with multi-stage designs, since both permit unbiased estima-
tion of the sampling variance without resorting to additional
assumptions,

INTRODUCTION

HEN sampling a finite universe in which we can identify the indi-

vidual elements, we are free to assign in a completely arbitrary
manner the probability of selecting an element on any particular draw.
By appropriate assignment of the selection probabilities it is possible
to reduce considerably the sampling variances of unbiased sample
estimates over those obtained when sampling with equal probabilities
throughout.

The possibility of using unequal probabilities for selecting the sample
elements from the universe as a means of increasing precision perhaps
received its first impetus for applied sampling from Hansen and
Hurwitz [2] in 1943. They introduced the selection of primary units
(in a subsampling scheme) with probabilities proportionate to some
measure of their size and presented the appropriate theory. Their
sampling scheme was confined (when sampling without replacement)
to samples of one primary unit per stratum, however, the theory not
having been extended beyond this point. More recently, Midzuno [6]
has generalized the Hansen and Hurwitz approach to sampling a com-
bination of n elements of the universe with probability proportionate
to some measure of size of the combination. Madow [5] has made
some contributions to the theory of the systematic selection of several
clusters with probability proportionate to a measure of size.

* Journal Paper No. J2130 of the Iowa Agricultural Experiment Station, Ames, Iowa, Project 1005.
Presented to the Institute of Mathematical Statistics, March 17, 1951.
t Now at the University of Pittsburgh.
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Simple Random Sampling: the problem of clustering

U = universe (population)
S =sample
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Tabella 1.3.1 - Valori totali e per unita di superficie del volume del fusto e dei rami grossi per le categorie inventariali Boschi alti, Impianti di arboricoltura da legno e Aree temporaneamente prive di soprassuolo e per la

macrocategoria Bosco

Distretto territoriale

Boschi alti

Impianti di arboricoltura da legno

Aree temp. prive di soprassuolo

Totale Bosco

Volume ES Volume ES Volume ES Volume ES Volume ES Volume ES Volume ES Volume ES

(m°) (%) (m® ha™") (%) (m°) (%) (m® ha™') (%) (m°) (%) (m® ha™') (%) (m®) (%) (m® ha™") (%)

Piemonte 126 821 547 3.1 151.0 2.9 2 947 269 15.7 103.2 12.7 7613 60.2 3.3 459 | 129776 430 3.0 149.1 2.8
............. Va"edAOSta 1533430276 156069 0 0_ o 0 1533430276 155869
................ Lombard|a 10542362942 182439 2613095196 974178 0 0 10803672341 178339
................ AItoAd|ge 10472152346 315043 0 0_ 457004314 1096147 10518852746 312443
Trentmo ...................... 1 05715538 ........... 43 2335 ................... 4 6 ....................... o ......................... 0 .......................... R 61011973 ................. 242 .................. 898 ......... 105776549 ........... 47 2318 ................... 4 6 ......
Veneto ........................ 8 0931420 ............. 46 2047 ................... 4 2 ................ 2 60012454 1244 ................. 256 ................. 4 5291000 ................ 134 ...................... . 81195950 ............ 46 2041 ................... 4 2 ......
................. Fr|u||VG 6706694954 212151 763052268 1003187 0 o 6783000153 209550
.................... nguna 4937982945 147343 392331000 1071_ 19730568 57490 4943879145 145843
.......... E m|||aRomagna 7106333939 128737 1274428205 1308131 356726 03537 7233812239 128436
.................. Toscana 13087362131 129930 1042114432 1897347 40250660 156605 13195598531 129929
Umbna ........................ 2 9142004 ............. 43 .................... 792 .................... 4 6 ................ 112565 ................ 5 50 333 .................. 446 o ........................ o .......................... . 29254659 ............ 48 ................... 787 .................... 4 6 ......
MarChe ........................ 2 4231008 ............. 66 .................... 8 35 .................... 63 ................. 6 2614 ................. 6 65 516 .................. 411 0 ........................ 0 .......................... T 2429362266 ................... 834 .................... 6 3 ......
...................... |_ azm 5724960047 107044 180483662 1059465 80552469 111414 5751063546 105744
Abruzzo ....................... 5 0404587 ............. 46 ................... 1295 ................... 4 4 ................. 8 7051 ................. 7 18 775 .................. 422 ................. 11931000 .................. 1 0 ....................... o 50492831 ............. 46 .................. 1 290 ................... 4 4 ......
Monse ......................... 14523394 ............. 90 ................... 1105 ................... 85 ................ 105992 ................ 9 31 1200 ................. 541 ................. 5 5981000 ................ 224 ...................... 1453598489 .................. 1 104 ................... 8 4 ......
Campama 42353904 ............. 60 ................... 1115 ................... 57 ................ 112595483 974 .................. 427 36194596 ................. 112 .................. 493 .......... 4 250269360 .................. 1 106 ................... 5 ? ......
..................... P ug“a 12045337110 842105 108303955 1235654 58441000 30 12160485109 334104
................. Bas|||cata 2741538969 106365 230731460 1238111 15086730 46648 2766120669 105164
Ca|abna ....................... 8 6990394 ............. 47 ................... 1900 ................... 4 3 ................ 7 06558 ................ 5 48 ................ 2677 ................. 392 .............. 270501570 ................. 355 .................. 531 ........... 87967454 ............ 47 .................. 1 879 ................... 4 3 ......
..................... s|c|||a 231250026? 91261 56190957 494764 1505369 11706 2318279767 90561
................. Sardegna 3128617958 57154 1543109222 604200 53445561 56531 3288273356 56452

ltalia 1256 099 493 1.1 146.4 1.0 12 246 493 8.7 100.2 7.4 1070 512 214 19.8 20.0 | 1269416499 1.1 1449 1.0
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ARTICLEINFO ABSTRACT

Editor: Jing M. Chen Lighr detecrion and ranging (lidar} daea acquired from airborne or spacebormne platforms have revelurionized
measurement and mapping of forest attributes. Airborne data are often either acquired using multiple overlapped
Keywords: flight lines to provide complete eoverage of an area of interest, or uzing transects to zample a given population.

INTRODUCTION L":= e Spaceborne lidar datasets are unique to each sensor and are sample- or profle-based with characteristics driven
. . | Aarhome Gdss by acquisition mode and orbital parameters. To leverage the wealth of accurats vegetation structural data from
Sustainable forest management is a ba Z’;ffb"“ s these lidar systems, a number of zpproaches have been developed to extend these observations over broader
the demands of an ever increasing human p areas, from local landscaper to the globe. In thiz review we examine studies that have utilised modelling ap-
proaches t extend air- or space-based lidar data with the 2im of communicating methods, outcomes, and ac-
curacies, and offering guidance on linking lidar metrics and lidar-derived forest attributes with broad-area
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pradictors. Modelling approaches are developed for a varisty of applications. In some cases, generation of
spatially-exhaustive layers may be useful for forest management purposes, driving management and inventory
dacisions over smaller focus areas or regions. In other cases, outputs are designad for monitoring at regional or
global seales, and may be - due to the spaial grain of the strucrural estimavss - insufficiendly accurats or relizble
for manzgement. From the reviewed studies, we found heigh, sboveground biomass and volume, derived fom
sither upper proportions of 2 large-footprint full-waveform lidar profiles, or statistically modelled from discrete
return small-footprint lidar point clouds, to be the most commenly extended forest atributes, followed by canopy
cover, basal area and stand complexity. Assessment of the accuracy and bias of the extrapolated forest attributes
varied with both independent and model-derived estimatez. The eoefficient of determinarion (R was the most
often reported, followed by absolute and relative (i.e., ar a proportion of the mean) root mean square error
(RMSE and RMSE%% respectively). Compilation of the stated aecuracies suggested that the variance explained in
pradictions of forest height ranged from R — 0.38 to 0.90 (mean — 0.64), RMSE from 2 to 6m and RMSE: fom
12 to 34%. For volume, R” ranged from 0.25 to 0.72 (mean — 0.53) and RMSE from 60 to 87 m/ha and for
aboveground biomass (AGE) R ranged from 0.35 to 0.75 (mezn = 0.55) and RMSE &rom 28 to 44 Mg/ha. There
was mo consenzus on the levsl of aceuracy required to suppert successful extansion over larger arear. Ultimately,
the review suggests that the information nesd motivating the spatial extension over larger areas drives the choice
of the type of lidar data, spatial datasets and related grain. We conclude by discussing future directions and the
ourlock for new approaches including new lidar-derived response variables, advanees in modelling approachss,
2nd assessment of change.

(N.C. Coope)
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In NFIs Remote sensing contributed:

- To the production of more timely, cost efficient, and precise

traditional inventory estimates

- To derive new spatial products (maps, small area
estimates)

Technologies that are now on the horizon have the
potential to alter radically the ways in which trees are
measured,estimates are produced, and products are
delivered.

The lack of standardized, spatially exhaustive Opeén

access datasets, as well as community consensus on

methods and best practices limits the broader uptake and
operationalization of these approaches
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Spatial predictions of forest variables are required for supporting modern national and sub-national forest
planning strategies, especially in the framework of a climate change scenaria. Nowadays methods for con-
structing wall-to-wall maps and caleulating small-area estimates of forest parameters are becoming essential
companents of most advanced National Forest Inventory (NFT) programs. Such methods are based on the as-
sumptian of a relationship between the forest variables and predictor variables that are available for the entire
forest area. Many eommonly used predictors are based an data chtained from aetive or passive remote sensing
technologies. ltaly has almast 40% of its land area covered by forests. Because of the great diversity of ltalian
forests with respect to composition, structure and management and underlying climatic, marphalogical and soil
conditions, a relevant question is whether methods successfully used in less complex temperate and boreal
forests may be applied successfully at country level in Italy.

For a study area of mare than 48,657 km® in central Italy of which 43% is covered by forest, the study
presents the results of a test regarding wall-to-wall, spatially explicit estimation of forest growing siock volume
(GSV) based on field measurement of 1350 plots during the last Italian NFL For the same area, we used potential
predictor variables that are available across the whole of Italy: cloud-free mosaics of multispectral optical sa-
tellite imagery (Landsat 5TM), microwave sensor data (JAXA PALSAR), a canopy height model (CHM) from
satellite LIDAR, and auxiliary variables from climate, temperature and precipitation maps, soil maps, and a
digital terrain model.

Two non-parametrie (kandom forests and kNN) and two parametric (multiple linear regeession and geo-
graphically weighted regression) prediction methods were tested to produce wall-to-wall map of growing stock
volume at 23-m resolution. Pixel level predictions were used to produce small-area, province-level model-as-

The all the methods d in terms of quare error
using a an dataset was used for validation. Results were comparable to
those available for other ecological regions using similar predictors, but random forests produced the most
accurate results with a pixel level R? = 0.69 and RMSE,, = 37 2% against the independent validation dataset.
Model assisted estimates were more precise than the original design based estimates provided by the NFL

1. Introduction

Usually, in the context of international and national programs, this
type of data is collected using sample-based National Forest Inventories

Forest data are essential for multiple purposes including interna-

(NFIs) that are designed to provide aggregated estimates of forest

tional forest monit programs, reporting and

forest resource distribution (e.g. Kyoto protocal) (Corona et al, 2011;
FAO, 2010), menitoring biodiversity (Chirici et al 2; FOREST
EUROPE, 2015), improving restoration programs (FAQ
2015; Smith et al.,, 2016) and managing at local scales to improve de-
cision-making processes, silvicultural measures, harvesting and con-
servation activities.

hirps://doiorg/10.1016/] 19.101959

such as forest area, growing stock volume, biomass, incre-
nts at national and regional levels (Brosofske et al, 2014; K;
2018). These aggregated statistics are essential to support deci-
sion-making processes and to develop strategies over large areas only,
because they just provide limited explicit geographic spatial detail, such
as large sub-national regions. In these traditional NFIs, remote sensing
is used for purposes such as initial stratification of sampling units

Received 17 May 2019; Received in revised form 8 August 2019; Accepted 2 September 2019

Available anline 03 October 2019

0303-2434/ © 2019 Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license
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Performance evaluation

Leave-One-Out Cross Validation

The performance of the model was evaluated through a leave-one-out wose [l
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1. INTRODUCTION

The Methodological Chasm

O

Traditional NFI

Naive Pixel Aggregation
(Predictive Maps)

Small Area Estimation
(SAE)

+ High statistical rigor &

unbiased.

Limitation: Cannot estimate
for small

domains/municipalities due
to critically low plot density.

.~ Highly detailed spatial

information.

x Limitation: Aggregating pixel

predictions overlooks spatial
model bias and totally fails to
account for sampling error.

Borrows strength across areas,
across areas, utilizes auxiliary
variables, provides unbiased
estimates, and explicitly quantifies
uncertainty at the municipal level.




A domain (area) is regarded as large (or major) if the
domain-specific sample is large enough to yield “direct
estimates” of adequate precision. A domain is
regarded as “small” if the domain-specific sample is

not large enough to support direct estimates of
adequate precision.

SAE
SAE

direct HT estimation

> Municipality = small

Region = large - Pixel = small



2. STUDY AREA

* 6,174 Italian NFl plots
e Across 11mln ha of forest

e Measured from 2018 to
2020

e 7896 municipality units

e 38 km?2 mean area
covered by a municipality

* 37% of municipalities
with at least NFI sampling
plot

GSV (m3ha-1)
1800

- S 100 0 [t1o0 200 km o




3. DATA

Ground Truth

[talian NFI Data

2015 reference data
» Growing Stock Volume (GSV) computed
from 6,174 plot-level field measurements
Remote Sensin
5 -~ § To Small Area

» Sentinel-2 Surface Reflectance e =

« Sept 2023-Aug 2024 e Estimation

« 10 original bands + 7 Vegetation Indices

« Cloud probability masked at 65% ArChlte cture

\' NDVI, NBR, EVI, TCB, TCW. TCG, TCA

Spatial Constraint

« National Forest Mask
» 2020 update, 70x70m resolution




3. DATA

Predictor Selection Funnel

136 Initial Predictors

Pearson’s correlation matrix

Excluded variables with correlation > 0.85

, @:{D vise al uH, rithi
\ 1ﬁxmmwﬁn@ fu”’t&uanﬁﬁlas

F-tests

| ded variables with p-values > {1

9 Final F etained
Medoids of bands 5, 6, 7; Harm CB/NDVI/SWIRT; and Latitude
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Harmonics from Spectral trajectories

The most common spectral indices (NDVI, EVI,

NBR, TCB-W-G-A) and 91 harmonic metrics,
derived from time trends (2017-2019) for each pixel,

were calculated from the Sentinel-2 composites.

10000
\\
A LB
\\ Pl N - ¥ -
A ’
AN 7/
8000 ' o
\\ ,’
\ '
\ i
N /
6000 /////‘\\
A .
Phase b mplitude
4000
mmm Observed NDVI
mmm Fitted NDVI
mmm Harmonic with phase=0

Jul-2019
Sep-2019
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4. METHODS The implementation of the EBP method is based on the theory described in Molina and

Rao (2010) and Rao and Molina (2015). The underlying model is a unit-level mixed model,
‘IDID: JL

also known as
Box-Cox transformation:

Nested error linear regression (NER) model

Fixed-effect:
GSV is inherently right- Predictive power of RS

skewed. Transformation covariates

relaxes the model’s —_— T
lass:;nptiorfil i ) X ﬂ _I— ufl’ _I_ 62'7
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4. METHODS: estimating the EBP mean

Use training data to estimate
model coefficient () and
variance component (g, and
0,.%) by maximizing the
restricted loglikelihood
(REML). Estimate the shrinkage
factor y¥; for computing the
conditional expectation of
random effect

0 =7 — xi;" B)

Generate a synthetic in-
sample and out-of-sample
population using the NER
model with Monte Carlo (MC)
Simulation, with the
conditional expectation of ;.
Back-transform the data

Compute the indicator for
each domain:

1
O — — di
N,

as the mean of all MC
simulations




4. METHODS

The Semi-Parametric Wild Bootstrap Loop and MSE Evaluation

A Generate & Predict

Draw random area effect
w? ~ N(0,82

Calculate new Ilnear predlctnr:

[D EBP Application

Back-transform to original
scale for true bootstrap
value I; p

Apply EBP to sample to

obtain estimate 7"

B The Matching Step b
—H—b-—ﬁ—.—.——:—.—-}
Mk
min |n; ;:' M| —
.'\.E_ 1 . =
extracts index k )
Loop for
b : ]—’ . = l-’ B
iterations
C — =

Wild Weights Applicatinn-\

w=1 w= —1
w ~ 0.5 probability at
w=1andw= -1

Randomly flips the sign of the

The Deconstructed Synthetic
Population Equation

T(y)) =258 + " + wilé

Fixed effects Synthetic The matched,

from original random wild-weighted
model. area effect. empirical
residual.

absolute matched residual.

Final MSE Estimator

12 (IEBP I )2

Averages the squared differences between the
EBP estimates and the pseudo-true values
across all B wild bootstrap iterations.

8Bvua(17°7) =




5. RESULTS R® of 0.4 and an RMSE of 80 m® ha-'. The optimal A and shift
parameters for the Box-Cox transformation resulted in A= 0.39
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5. RESULTS

Total SAE

570000

3000

Extremes of
Total Volume

Ranges from 15 m3
(Sestu) to an immense
5,643,856 m3 (San
Giovanni in Fiore).

Extremes of
Mean Volume

Averages range from
15 m3 ha* (Pachino)
to 449 m3 ha™
(Pagazzano).

SE% total
100

100 0 100 200 km
I .




Methodological Success

Methodological Success

* Successfully bridged advanced SAE
methodologies with the Italian NFI
using Sentinel-2 harmonics and

medoids.
Advanced SAE [talian NFI
Methodologies Data

Sentinel-2 Harmonics &
Medoids Integration

Statistical Rigor
* Quantified uncertainty at the

municipality level—a first-of-its-kind
achievement for Italy.

Uncertainty

Municipality-Level .
Uncertainty
Quantification

Operational Blueprint

 Provides a reproducible framework

for transparent international climate
reporting, local risk-informed forest
management, and decentralized
decision-making.

Transparent International
Climate Reporting

Local Risk-Informed /\/ :
Forest Management |/~ o
’ 'ﬁ Y Decentralized R
m;:} 2 Decision-Making —
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NEXT STEPS

=
Empirical Best Predictor (EBP]
The Traditional Standard
= = ST — )
_ A o
Core Model: | Nested-Error Linear Regression Model.
|
Uses explicit linear equations and variable
Mechanism: | selection. Relies on data transformation (Box-Cox)
to force normality and homoscedasticity.
Status: The QES}gn-cﬂﬂ51stent benchmark in official
statistics.
| R? = 0.82 y
| RMSE = 8.45

Linear Regression Fit

r 1
Mixed-Effects Random Forest (MERF)
The ML Challenger
e = E .
; | - —
Core Model: | Non-parametric Machine Learning + Mixed Models.

Uses decision tree ensembles. Handles complex,
Mechanism: | non-linear interactions without explicit
specification or data transformation.
Status: The flexible, data-driven alternative emerging

1n socio-economics and healthcare.

RMSE = 0.21
Decision Tree Ensemble Mapping

Yy —— frE
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