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Figure 5. Indexes of extrapolation. Average of Mesgaran’s novelty index [35], NT2, for the sampled
and not thinned stands (dark blue), unsampled stands not thinned (green) and unsampled and thinned
stands (red). The value of this index for the field plots (light blue) provides the baseline value (i.e.,
the value observed for the sample of field plots).

Figure 6. Comparison of density functions for the predictors in the models used to estimate changes in
Volume using the δ-modeling method and y-modeling method in field plots (light blue), sampled and
not thinned stands (dark blue), unsampled and not thinned stands (light blue) and unsampled and
thinned stands (red). For each group the area of overlap, AO, with the density function for the field
plots (green) is provided for each predictor.
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4. Discusion

4.1. General Accuracy Assessment and Comparison of Methods.

The smallest values of mRMSE were obtained using the δ-method, which is consistent with
previous results reported by Poudel et al. [8] for V and B in coastal coniferous forest of Western
Oregon and by Temesgen et al. [9] for B in spruce-dominated forest of Alaska (Tables 2 and 3).
We observed, however, smaller differences between methods. Additionally, as observed in previous
studies, (e.g., [8,21,35,36]) where LiDAR auxiliary variables showed a much stronger correlation with
structural attributes at a given point in time than with their change.

Values of mRMSE for V were 3.47 m3 ha−1year−1 when using the δ-method and 3.76 m3 ha−1

year−1 when using the y-method. These values are slightly smaller than the mRMSE obtained by
Poudel et al. [8] using the δ-method (4.74 m3 ha−1 year−1) and two lidar acquisitions separated in
time by five years. For B, mRMSE using the δ-method and the y-method were, respectively, 1.72 Mg
ha−1year−1 and 1.94 Mg ha−1 year−1. These values were very close to those reported by Poudel et
al. [8] using the δ-method (1.88 Mg ha-1 year-1) and worse than those reported by Temesgen et al.
(1.25 Mg ha−1year−1 and 1.63 Mg ha−1 year−1), also using two LiDAR acquisitions separated in time
by five years. Values of RMSE for BA were similar to those obtained by Næsset and Gobakken [20]
in coniferous forest in Norway, using the y-method with log-transformed models and two LiDAR
acquisitions that were two years apart from each other. In relative terms, for V and B, the values that
we obtained for mRRMSE were considerably larger than those obtained by Poudel et al. [8]. These
differences are due to the fact that observed growth rates in Poudel et al [8] are much higher than we
observed at BMEF.

4.2. AOI-Specific Estimates

4.2.1. Entire Study Area

Most studies on estimation of change of structural variables using repeated LiDAR measurements
have focused on analyzing indexes of model fit and reported only global measures of accuracy
developed at a plot level. There is an important difference between the values of RMSEδ and RMSEy

and mRMSEδ and mRMSEy being mRMSEδ and mRMSEy an order of magnitude larger than RMSEδ
and RMSEy. Model root mean square errors mRMSEδ and mRMSEy provide an average measure of
the errors that can occur when predicting a single pixel. For large areas, there will be some level of
compensation of overpredicted and underpredicted pixels. Knowing how important that compensation
is requires calculating AOI-specific root mean square errors. These AOI-specific measures cannot be
directly derived from mRMSE because RMSEδ and RMSEy consider factors such as the uncertainty
in the estimation of the fixed and random effects that are not accounted for in mRMSEδ or mRMSEy.
The effect of these factors in RMSEδ and RMSEy can cause that the way two models with similar
values of mRMSE rank based on this metric could change when attending to RMSE. But the most
important consequence of the disconnect between mRMSEδ and mRMSEy and AOI-specific measures
of uncertainty, is that the former cannot be used as quality controls in LiDAR based inventories.

While numerous studies on estimation of changes using LiDAR rely on global measures of
accuracy such as mRMSE, exceptions to this trend can be found in the literature [10,12,18–20]. The last
four studies used model assisted techniques to derive either landscape or stratum level changes.
Reported errors in those studies changed depending on the modeling techniques and study areas,
but they all were of similar magnitude for changes in biomass per hectare and year (Table 4). Errors
for the methods tested in this study were smaller than those reported by [10], where changes in live
carbon stocks in Norway were estimated using generalized regression estimators (GREG). Differences
with the errors reported in [10] for carbon, using the same 0.5 biomass to carbon conversion factor,
were in the range of 0.12–0.09 Mg ha−1 year−1. These differences seem to be due to multiple factors
such as differences between study areas, changes in live biomass versus changes in standing biomass,

312



Remote Sens. 2019, 11, 923

time between LiDAR acquisitions and field plot sizes etc. Further investigation is needed to test if the
model-based estimators studied here and the GREG estimators in [10] have a similar performance
when used under the same conditions.

The study from Magnussen et al. [18] also included model based estimators using the y-modeling
method. Reported errors were slightly larger than the ones observed here but at the same time smaller
in terms relative to the observed mean change. An important result from the comparisons of [18] was
the drastic improvement in model accuracy when developing stratum specific models (i.e., a set of
model coefficients per stratum) as opposed to a global model for the whole study area. The mixed
effect models used in this study can be used in combination with stratification if sample sizes are large.
The introduction of stand level random effects allows for certain variability between AOIs that can be
applied in situations where AOI sample sizes are limited.

4.2.2. Stands

One of the novelties of this study was the analysis of estimates for AOIs with small sample
sizes to develop AOI specific models (i.e., stands). While at large scales both LiDAR-based and
field-based estimates were very similar and had equivalent accuracies, at the stand-level, LiDAR based
estimates, clearly had smaller errors than their field-based counterparts do. Qualitatively, this result
for the change in V, BA and B is similar to the results obtained in [15,17] for the structural variables
themselves and shows that the LiDAR auxiliary information allows for gains in efficiency when
estimating changes in AOIs with small sample sizes. However, due to the low correlation of LiDAR
and structural changes, values of CVδ and CVy were oftentimes larger than 50%. These values of CV
are larger than those observed for structural variables in similar AOIs in previous studies [4,14,17].
While differences were not of large magnitude RMSEy, tended to be smaller than RMSEδ. In addition,
RMSEy had a larger variability because errors did not have constant variance. Finally, stand level
estimates using the δ-modeling method in the thinned and unsampled stands involved an important
degree of extrapolation that can cause inconsistent estimates and severe biases, which indicates that
the δ-modeling method is more sensitive to extrapolating than the y-modeling method.

4.2.3. Pixel-level

For the most detailed level of disaggregation, the magnitude of the errors was very large. This is
due to the low correlation between LiDAR auxiliary variables and the change in structural attributes.
First-order and second-order texture indexes [37] are auxiliary variables with a promising potential for
future research aiming to improve the prediction of structural changes. While for structural variables,
maps at the pixel-level can provide a reliable reference about the forest structure; for growth and
changes, pixel-level maps like the one in Figure A1 should be taken as mere approximations. They
could be used to infer certain trends and patterns, but the high values of RMSEδ and RMSEy show that
estimates for a particular location made at the pixel scale can differ significantly with reality. These
results clearly indicate that, predictions at such a fine scale are highly unreliable, and it is necessary
either to perform some level of spatial aggregation or to increase the lapse between LiDAR acquisitions.

4.3. Advantages of Modeling Alternatives

In general, the δ-modeling method was found to be a better alternative to estimate changes
for the entire study area than the y-modeling method; however, the y-modeling method produced
better results at the stand-level and also seemed to be advantageous to prevent problems related to
extrapolation to values of the covariates outside of those included in model development.

The δ-modeling method offers a faster model developments and fitting, and is significantly
simpler than the modeling with the y-modeling method, as it is not necessary to consider differences
between years and time correlations. The main disadvantage of this method is that it seems to be
more prone to extrapolation errors. Predictors from Set 3 are sensitive to intense changes in the forest
structure caused for example by thinning (see Figures 5, 6, A4 and A5). The inspection of predictors
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of alternative models for V and B using this method revealed that inconsistencies of predictions in
unthinned stands could be attenuated including more predictors from Set 1. The sensitivity to changes
of predictors from Set 3 can be an advantage if all possible changes are correctly represented in the
field sample. However, for relatively short periods of time between acquisitions and a low amount of
forest operations, changes that are not very frequent in the landscape can be misrepresented or even
not included in the sample. Thus, results for areas subject to those changes can be severely biased
and inconsistent.

The more complex model development for the y-modeling method may be compensated by its
ability to produce a richer set of outputs, by its apparently smaller risk of extrapolation and by its
more accurate estimates for AOIs with small sample sizes (i.e., stands). In this study we analyzed the
performance of the y-modeling method when estimating change, but estimates of V, BA and B for all
the AOIs in 2009 and 2015 could have been readily obtained using this method. Results from our study
also support the idea that the y-modeling method has advantages over the δ-modeling method in
terms of protection against inconsistent extrapolations. The distributions of predictors from Set 1 and
Set 2 in thinned stands were relatively similar to the distributions observed for the sample while the
distributions of predictors in Set 3 used in the δ-modeling method, these distributions were rather
different (see Figures 5, 6, A4 and A5). The greater similarity between thinned stands and the sample of
field plots, for predictors from Set 1 and Set 2, indicates that the effect of thinning, in terms of auxiliary
information, can be seen as transition from one situation in 2009 to another in 2015, and both seem
to be represented in the field sample (e.g., Figure 5). If structures before and after the thinning (or
other changes) are represented in the sample, the need for extrapolation will be limited. Within certain
limits, if the sampling design covers all structures present at both points in time, even if there is a
particular change from one structure to another that is not represented in the sample, predictions from
the y-modeling method will not involve large extrapolations.

5. Conclusions

The four main conclusions obtained from this study include:

• The change of structural attributes and LiDAR auxiliary information are weakly correlated.
This weak correlation seems to more evident in BMEF than in previous studies because of the
slower growth in the study area and the relatively short lapse of time between LiDAR acquisitions,
which indicates that for future studies in similar areas it might be necessary to increase the time
lags between LiDAR flights.

• In general, the δ-modeling method was found to be a slightly more accurate alternative to obtain
estimates of change for the whole study area; however, the y-modeling method was able to
produce better estimates at the stand level. In addition, the y-modeling method method also
seemed to be less prone to extrapolation problems. This indicates that field campaigns for the
δ-modeling method have to be carefully designed while the y-modeling method might be less
sensitive to certain bias problems.

• Despite the weak correlations with the changes in structural attributes, LiDAR auxiliary information
allows obtaining estimates of growth for stands that improve over those derived using only
field information.

• The large uncertainty observed for pixel-level predictions indicated that high-resolution maps of
growth, generated using LiDAR auxiliary information in similar conditions, should be taken as
approximated products.
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Appendix A

Table A1. Sets of candidate predictors used in the study. Predictors included in the models to predict
structural changes are highlighted with a boldface font. HiD, LoD and RNA represent the high diversity,
low diversity and research natural areas respectively.

Description Auxiliary
Variables Sets 1, 2 and 3

Acronym
Description Auxiliary

Variables Set 4

Acronym

Set 1 Year: 2009 Set 2 Year: 2015
Set 3, Difference

2015-2009
Set 4

Minimum, maximum, mean,
mode, standard deviation,

variance, coefficient of
variation and interquartile
range of the distribution of
heights of the point cloud.

Elev_min09 Elev_min15 δElev_min15-09 Incoming solar radiation Solar_radiationElev_max09 Elev_max15 δElev_max15-09

Elev_mean09 Elev_mean15 δElev_mean15-09 Structural diversity, factor
with three levels HiD, LoD
and RNA. Coded using two

dummy variables. RNA
reference level.

HiDElev_mean2
09 Elev_mean2

15 δElev_mean2
15-09

Elev_mode09 Elev_mode15 δElev_mode15-09

Elev_stddv09 Elev_stddv15 δElev_stddv15-09 LoDElev_var09 Elev_var15 δElev_var15-09

Elev_CV09 Elev_CV15 δElev_CV15-09
Presence absence of

prescribed fires. Coded
using a dummy variable
taking value 1 for stands

where prescribed fires are
applied and 0 otherwise.

Burned
Elev_IQ09 Elev_IQ15 δElev_IQ15-09

Elev_AAD09 Elev_AAD15 δElev_AAD15-09
Elev_MADmed09 Elev_MADmed15 δElev_MADmed15-09
Elev_MADmod09 Elev_MADmod15 δElev_MADmod15-09

Percentiles of the
distribution of heights of the

point cloud.

Elev_P0109 Elev_P0115 δElev_P0115-09
Elev_P0509 Elev_P0515 δElev_P0515-09
Elev_P1009 Elev_P1015 δElev_P1015-09
Elev_P2009 Elev_P2015 δElev_P2015-09
Elev_P3009 Elev_P3015 δElev_P3015-09
Elev_P4009 Elev_P4015 δElev_P4015-09
Elev_P5009 Elev_P5015 δElev_P5015-09

Elev_P6009 Elev_P6015 δElev_P6015-09
Elev_P7009 Elev_P7015 δElev_P7015-09
Elev_P7509 Elev_P7515 δElev_P7515-09
Elev_P8009 Elev_P8015 δElev_P8015-09
Elev_P9009 Elev_P9015 δElev_P9015-09
Elev_P9509 Elev_P9515 δElev_P9515-09
Elev_P9909 Elev_P9915 δElev_P9915-09

Canopy relief ratio CRR09 CRR15 δCRR15-09

Percentage of first (Fst) and
all (All) returns above 2 m

PcFstAbv209 PcFstAbv215 δPcFstAbv215-09

PcAllAbv209 PcAllAbv215 δPcAllAbv215-09

Ratio all returns above 2 m
to first returns AllAbv2Fst09 AllAbv2Fst15 δAllAbv2Fst15-09

Percentage of first returns
above the mean and mode

PcFstAbvMean09 PcFstAbvMean15 δPcFstAbvMean15-09
PcFstAbvMode09 PcFstAbvMode15 δPcFstAbvMode15-09

Percentage of all returns
above the mean and mode

PcAllAbvMean09 PcAllAbvMean15 δPcAllAbvMean15-09
PcAllAbvMode09 PcAllAbvMode15 δPcAllAbvMode15-09

Ratio of all returns above the
mean and mode to number

of first returns

AllAbvMeanFst09 AllAbvMeanFst15 δAllAbvMeanFst15-09
AllAbvModeFst09 AllAbvModeFst15 δAllAbvModeFst15-09

Proportion of points in the
height intervals [0,0.5),

[0.5,1), [1,2), [2,4), [4,8) and
[8,16) meters.

Prop0_0509 Prop0_0515 δProp0_0515-09
Prop05_109 Prop05_115 δProp05_115-09
Prop1_209 Prop1_215 δProp1_215-09
Prop2_409 Prop2_415 δProp2_415-09
Prop4_809 Prop4_815 δProp4_815-09

Prop8_1609 Prop8_1615 δProp8_1615-09

Appendix B

Predictions from the δ-modeling method tend to be smoother than predictions from the y-modeling
method (Figure A1). For all variables, the proportion of pixel-level predictions using the δ-modeling
method within the range of values observed for the field plots, was always 99.84% or larger. Considering
the presence of thinned stands and the relatively small fraction of the forest that is sampled. Obtaining
less than 0.15% of the predictions outside of the measurement range seems to be a clear sign of over
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smoothing. Predictions using the y-modeling method showed a greater variability, especially for
BA, and the proportions of predictions inside the range of observed values, Py, were 99.45% for V,
95.82% for BA and 99.29% for B. For BA, pixel-level predictions using the y-modeling method were
oftentimes negative and of larger magnitude than the changes in BA observed for the plots. However,
these pixels represent a small proportion of the total predictions (i.e., 4.02%), and a significant portion
of them correspond to pixels in thinned stands. It is important to note that these comparisons of
predicted values inform about how similar predictions are by the two analyzed methods and cannot
be considered as indicators of accuracy or reliability. For all variables, pixel-level predictions by both
methods were strongly correlated with Pearson’s correlation coefficients of 0.92, 0.82 and 072 for V,
BA and B, respectively (Figure A2). Finally, considering the unsampled and thinned stands, pixel-level
predictions obtained by both methods showed the same inconsistencies observed at the stand-level
especially for B using the δ-modeling method where only about 4%, of the predicted values were
negative (i.e., removals of B). These inconsistencies are clearly due to extrapolations in the thinned
stands and are analyzed in more detail in next section.

Figure A1. Maps of change in V, BA and B and corresponding pixel-level RMSE maps for the
δ-modeling method.
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Figure A2. Comparison pixel-level predictions for V, BA and B using the δ-modeling method and
y-modeling method predictions for the unsampled stands subject to thinnings are in red. The range
of V, BA and B observed in the sample is indicated by the grey ribbons. The proportions, Pδ and
Py, of predictions within the range of values observed in the sample, and the correlation between
predictions from both methods are indicated in the upper left corner. The proportion of pixels in the
thinned stands where the δ-modeling method and y-modeling method predict losses (i.e., P(δ̂i,δ < 0)
and P(δ̂i,y < 0)) are indicated on the lower left quadrant of the figure.

Appendix C

Figure A3. Indexes of extrapolation. Average of Mesgaran’s novelty index relative to the mean,
NT2mean, for the sampled and not thinned stands (dark blue), unsampled stands not thinned (green)
and unsampled and thinned stands (red). The value of this index for the field plots (light blue) provides
the baseline value (i.e., the value observed for the sample of field plots).
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Figure A4. Comparison of density functions for the predictors in the models used to estimate changes
in Basal Area using the δ-modeling method and y-modeling method in field plots (light blue), sampled
and not thinned stands (dark blue), unsampled and not thinned stands (light blue) and unsampled and
thinned stands (red). For each group the area of overlap, AO, with the density function for the field
plots (green) is provided for each predictor.
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