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The study presented in this manuscript compares the suitability of machine learning as well as

geostatistical modelling approaches to retrieve maps of tree AGB on a regional scale based on

plot-based surveys. The paper is reasonably written, however it is lacking a lot of important details

that will be outlined in the more specific comments below.

Response:

Thank you for your affirmation and criticism of our manuscript. You have some misunderstanding

about the manuscript, which shows that our article is not well written. The goal of the study was not

to predict the forest AGB on a regional scale, but rather to improve the accuracy of the plot-scale

AGB prediction model. We provide technical support for the mapping accuracy at the regional scale

in the future. Plot scale is a bridge connecting single trees and regional scale. The rest of the specific

questions are answered below.

GENERAL COMMENTS

1) Important information on the methodology are not given. In the method section it’s not even

mentioned which predictors were used for the machine learning model training. But this essential as

the success of the models is only marginally depending on the choice of the algorithm but in the first

place on the ability of the variables being used to serve as predictors for AGB! Only in the result

section we get an idea on the variables (longitude, DBH, H, and forest age). I’m surprised about

these variables as remote sensing information (especially NDVI) would present much more obvious

predictors for AGB when the aim is to model AGB on a regional scale. With the selected variables,

how could you upscale the results to a regional scale? I guess neither DBH nor H are not available in

a spatial continuous way. So your model cannot be used for regional mapping! However, your

motivation is to use it for regional modelling so my question is a) can you really do it with your

approach and b) if yes, why are you not doing so and also show the results in the manuscript?

Response:



1. Answers to question regarding important information on the methodology.

We totally agree that the success of the model depends not only on the choice of the algorithm

but also on the predictors of the model. Therefore, in the Materials and Methods section (2.4,

Construction of the plot-level models), there are five subsections. In the first subsection (2.4.1,

Selection of variables and analysis of resulting spatial distribution), the selection method for the

prediction variables for the model is introduced in detail. Based on the previous results of our

research group (doi:10.1007/s11676-016-0237-y), a series of environmental variables (including soil

and topography variables) and forest attribute variables were selected, and Pearson’s correlation

analysis was used to test the correlation between them and our research objective (forest AGB) in

order to select significant correlation variables as the prediction variables of the model. We have

included the results of the variable selection in the Results section (3.2, Spatial distribution test and

the selection of variables).

2. Answers to other questions related to the misunderstanding of the research purpose.

We are sorry that our manuscript was not written clearly enough to allow you to understand the

goal of the study. We will revise the manuscript accordingly.

The purpose of our study was to improve the accuracy of the plot-level prediction model.

Sample plots not only provide validation data for large-scale prediction but also provide multi-source

environmental variable information to calibrate models. The AGB estimation at the plot level is a

bridge connecting the accurate AGB measurement of single trees to the estimation of regional-scale

AGB. Therefore, accurate AGB estimation at the plot level provides a basis for up-scaling to the

regional level in the future. However, the uncertainty and error propagation inherent in different

plot-level models make reliable up-scaling challenging. At present, allometric models are the most

commonly used method to build AGB models at the plot level, however they cannot fully capture the

impact of the complex spatial heterogeneity of multiple environmental covariates on the spatial

distribution of AGB, nor can they adapt to the spatial dependence of model residual or the instability

of model variables. The purpose of this study was to develop and evaluate a method that is superior

to allometric models, that is, one involving a combination of machine learning and spatial statistics,

in order to improve the accuracy of plot-level AGB prediction models.

Remote sensing information such as NDVI and other indicators are used in the next step of out

of this manuscript, namely, the application of the optimal plot-level model. That includes (1) the



results of the optimal plot-level model provide more plot data (compared to only observed plot data)

and more accurate plot data (compared to data from the allometric model) as input data and

validation data for the prediction of a regional AGB map based on the wall-to-wall remote sensing

data. This was performed to improve the accuracy of the plot-level model, which is the first step of

your concern. Additionally, remote sensing data are not the only way to predict the AGB map over a

large region. Forest inventory data at the national scale can provide the tree height, DBH, longitude.

and other information needed for our model.

2) The cross-validation strategy that you used is not suitable if you have spatially clustered data (as

you obviously have looking at the map). This is shown by several studies (see references below, to

mention just a few). What would be appropriate is a spatial cross-validation that is testing the ability

of your model to make predictions for spatially new samples. At least you should take care that you

never use data points from the same forest patch for both training and testing. Otherwise, it is not

possible to evaluate the ability of your models for regional mapping. Including coordinates as

predictors when the data are spatially clustered is very dangerous (see Meyer et al 2019) and can lead

to high overfitting which can only be revealed with spatial cross-validation. So I recommend that in

addition to spatial cross-validation, to perform a spatial variable selection (i.e. can the predictors be

used to make predictions for new locations?)
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Response:

1. Thank you very much for your suggestions. After studying the four references you recommended

and considering carefully, we tested a spatial cross-validation method (blockCV) to evaluate our

model's ability with and without the "longitude" variable. The new evaluation results were

compared with the old ones, as shown in figures 1–3 below.

From the perspective of machine learning, each performance indicator value of blockCV is

higher than that of the leave-one-out cross-validation (see figures 1–3 below: Figure 1 compared to

Figure 2 and Figure 3 compared to Figure 2), which confirms your point of view. The

cross-validation strategy we previously used may not be suitable as we have spatially clustered data.

However, when we combined machine learning with spatial statistics, we found that there was no

significant difference between the results of the two cross-validation strategies (see figures 1–3).

This hints that the combination of spatial statistics and machine learning may alleviate the possible

overfitting phenomenon to some extent. However, in our manuscript, we chose blockCV instead of

leave-one-out cross-validation. The results and discussion will be revised one-by-one.

2. Furthermore, we investigated 22 additional plots, using the same predictors to test the seven

models (see Section 2.4.5). We found that the observed results of model performance of these 22

plots was still stable (see Section 3.3 and Figure 7) when compares to the results of previous 30

plots. This proved the feasibility of the model to some extent.

Figure 1. blockCV (exclude longitude)

Figure 2. Leave-one-outCV (include longitude)



Figure 3. blockCV (include longitude)

3) The concerns outlined above can be improved, however, I have also doubts about the general

value of the paper. Relying on 30 plots only is very very limited for machine learning application

(the spatial CV will probably reveal this). So I doubt that the results will produce results that allow

for general conclusions on the value of combining machine learning with geostatistical modelling.

Response:

We concede that our reports have to be interpreted cautiously, as they are limited to 30 plots. In our

opinion, it is very valuable to investigate 30 plots with 90 constructive trees with different tree ages

from the full lifecycle of Eucalyptus. Additionally, we investigated another 22 plots, and the

observed trend of comparison among the models is still stable when compares to the results of

previous 30 plots. We welcome other researchers to repeat our analysis on new datasets using our

models. Expanding our research to more diverse datasets (possibly remote sensing data such as Lidar

data or possibly more environmental data such as terrain, soil, and climate data) and also to a larger

sample size.

We agree that the articles published in Biogeosciences should be universal and representative, and

the research results can help to solve the hot issues in ecology and geosciences. Therefore, we

understand your concern about the influence of our manuscript. We are sorry that we did not clearly

explain the innovation and influences of our manuscript. We believe that our contribution has the



following values:

1. The innovation of our manuscript is to integrate machine learning and a spatial statistical model.

The integration of these two can help to complement each other's advantages and improve the

accuracy of AGB estimation models. Machine learning has the advantage of being able to handle

complex and potentially nonlinear relationships between forest AGB and other variables.

However, the initial samples of machine learning are randomly selected, which may lead to

differences in the results of each operation of the model. Additionally, specific machine learning

algorithms have their own disadvantages, such as RF uses the average value of all regression

trees in the calculation, which may result in the overestimation of the lower value and the

underestimation of the higher value. As opposed to machine learning, the P-BSHADE model (a

spatial statistical model) takes into account the spatial autocorrelation and spatial heterogeneity

of forest AGB and of environmental covariates, and remedies the bias of the observed values of

the sampling plots in theory, which corresponds more to actual situations. A combined model

takes the result of machine learning as the reference data (input data) of P-BSHADE, so that the

fitting process of the combined model accounts more for spatial relationships than is the case for

the single machine learning model. In addition to the theoretical advantages of these methods,

case studies presented in this study also demonstrate the empirical superiority of the combined

model.

2. Allometric model is a simple, fast, and universal equation that has been used in many studies.

However, selection error in plot-level allometric modeling still leads to over 40% uncertainty

(Djomo et al., 2016; Fayolle et al., 2013; Chave et al., 2014), and simple or complex forms of the

allometric model account for 20% – 60% of the uncertainty (Picard et al., 2015). In our

manuscript, we propose an improved method of AGB estimation which involves a combination

of machine learning which is good at prediction and a spatial statistical model which is good at

reflecting spatial relationships in order to improve the estimation accuracy of the AGB model at

the plot level.

3. Over the past 20 years, with the growing area of Eucalyptus plantations around the world, Brazil,

India, China, Chile, Spain, DR Congo, Australia, South Africa, and other countries have

established contiguous Eucalyptus planting areas. There have been many studies and reports on



the biomass estimation of Eucalyptus plantations using ecological process models at different

temporal and spatial scales. China is the country with the largest area of planted forest in the

world. However, China's planted forest suffers from the three practical problems of low

productivity, unsustainability, and incongruous production function and ecological function,

which urgently need to be solved by appropriate management measures. On the one hand, with

the rapid growth of the global population, the timber demand is also increasing rapidly. On the

other hand, there is the severe reality that total global forest resources have declined sharply in

recent years. Thus, many countries and regions are vigorously developing fast-growing

non-native trees to alleviate the contradiction between the supply and demand of timber and

forest products in order to maintain economic and social development. Eucalyptus is one of the

fastest-growing trees, and is controversial in the development of planted forest. A special study

on Eucalyptus is of great significance.

4. Although Eucalyptus is taken as a case study in our manuscript, the model we proposed can also

be applied to other tree species or mixtures of tree species. There is no particular relationship

between our model settings and tree species. No unique characteristics of Eucalyptus is added to

the model, and other forest types also can provide the input data such as tree height, DBH,

longitude, and other variables. Therefore, the model we proposed can be expanded and its

influence is not limited to Eucalyptus forests. In fact, this idea of improving the accuracy of the

model also has the potential to solve other ecological problems.

In view of the influence of the four aspects of the manuscript we described above, we believe it can

attract attention

SPECIFIC COMMENTS

Line 25: I disagree that longitutde and latitude on this scale affect AGB. Even on a large scale they

don’t but are just proxies for e.g. climate but they are certainly not underlying factors for AGB on

your small study area.

Response：

Perhaps you have mainly considered the direct influence of direct factors. However, in ecology,



the influence of indirect factors is also very important and should not be ignored. Forest ecosystems

are complex systems. The relationship between forest biomass and the surrounding environment also

deserves attention on a small scale. How forest biological factors and abiotic environmental factors

affect the distribution and estimation of forest biomass has not been studied thoroughly. In the field

of forest biomass estimation, many other scholars have emphasized and attached importance to the

potential of topographic factors for improving model estimation (e.g., Fassnacht et al., 2014). It is

necessary to consider the interaction and the nonlinear and indirect effects of these environmental

factors to improve the accuracy of forest biomass estimation. We referred in particular to the fact that

latitude and longitude are not suitable in here, and therefore we changed them for topographic, soil,

and climatic information. Additionally, as the comparison with or without the longitude factor as the

predictor yielded similar model performance (see Figures 1 and Figures 3 above: Figure 1 compared

to Figure 3), we removed the longitude from the predictors.

Line 49-51: One important thing is missing: The model might also fail because the predictor

variables are not sufficient to estimate AGB.

Response：

Thank you for your reminder. We have included it as one of the sources of model-dependent

uncertainty. The modifications are as follows:

“The uncertainty of such regional maps can be attributed to three primary sources: (1) the use of

inadequate sampling data to construct the plot level prediction models, (2) model-dependent

uncertainty, including unreasonable model-parameter assumptions, improper model structure (Chen

et al., 2015; Gao et al., 2016; McRoberts et al., 2016), and the predictor variables are not sufficient

to estimate AGB (Meyer et al., 2019). The present study mainly focuses on reducing the second

source of uncertainty.”

Line 54: “An estimated 18%–103% of the uncertainty in AGB mapping can be attributed to

model-dependent uncertainty”. In fact between nearly nothing (∼18) and everything (>100). That

sounds unreasonable, consider taking that sentence out.



Response：

Thank you for your suggestion. We have modified the expression as follows:

“Up to 103% of the uncertainty in AGB mapping can be attributed to model-dependent uncertainty”.

Line 60-62: This differentiation between allometric models and statistical models does not seem to

make sense. E.g. Allometric models can be based on linear relationships as well. Please improve the

logical structure here.

Response：

We were referring to the spatial statistical model, generally the geostatistical techniques, such as

geographically weighted regression (GWR), ordinary least-squares regression (OLS), and so on.

They are different from allometric models. However, there are logical problems. As you said,

allometric models can be based on linear relationships as well. Therefore, we revised the expression

as follows:

“Many different plot-level prediction models other than allometric models have been applied to

constructing accurate AGB maps, including other linear models (Andersen et al., 2014; Morel et al.,

2012), machine learning models (Chen, 2015; Gleason and Im, 2012), and spatial statistical models

(Benitez et al., 2016; Propastin, 2012;Van der Laan et al., 2014).”

Line 67-71: Be careful with the logical structure here as well: The major advantage is that machine

learning is able to fit complex relationships which e.g. linear models don’t. And THEREFORE they

might be advantageous in predictions (not “in addition” as you write in Line 72).

Response：

Thank you for your suggestion. We have modified the expression as follows:

“By comparison, nonparametric machine learning algorithms, in which the number of parameters

depends on the number of training examples (e.g., K-nearest neighbor, support vector machine, and

random forest), are advantageous because they are more elastic and do not restrict variable types,

the distribution of predictor variables, or the relationship between response and predictor variables

(Lu et al., 2007). Therefore, nonparametric machine learning algorithms may offer higher

prediction accuracy (Frey et al., 2019; Gleason and Im, 2012).”



Line 74-81: The fundamental difference between the approaches is not getting clear here but this is

important because combining the two approaches is the objective of the paper. In contrast to the

statistical (including machine learning) approaches explained above, the spatial statistical approaches

have the major assumption that “near things are more related that distant things”. I think the general

idea should be made clear and it should be explained why you expect that a combination might be

the way forward.

Response:

Your question does not correspond to the number of lines shown. In lines 74–81, we briefly

introduced some research and applications of spatial statistical models to the study of the relationship

between forest AGB and multi-source environmental factors and compared the advantages of the

spatial statistical model and the traditional statistical model. The two methods which were combined

in our study were machine learning and spatial statistics. Lines 99–104 show why we hope the

combined method might be the way forward.

Lines 74-81 read as follows: “Another group of models frequently used to estimate the relationship

between forest AGB and multiple environmental covariates is based on spatial statistical approaches,

including geographically weighted regression and Kriging (Du et al., 2010; Van der Laan et al.,

2014; Viana et al., 2012). Spatial statistical methods are based on analyses of attribute information,

such as spatial location (Schabenberger and Gotway, 2005). Compared with traditional statistical

methods, spatial methods integrate spatial factors that affect model responses, thus removing the

constraints of traditional statistical methods that assume sample independence (Rangel and Bini,

2010) and improving our understanding of spatial autocorrelation and heterogeneity (He et al., 2011;

Rosenberg and Anderson, 2011).”

Lines 99-104 read as follows: “The proposed method integrates the nonlinear mapping capabilities

of machine learning algorithms [i.e., radial basis function artificial neural network (RBF-ANN),

support vector machine (SVM), and random forest (RF)] with the spatial autocorrelation and

stratified heterogeneous advantages of a spatial statistical model (i.e., the point estimation model of

biased sentinel hospital-based area disease estimation, P-BSHADE) (Xu et al., 2013).”

Line 85-88 “studies that used machine learning methods have not considered the spatial



heterogeneity of multiple environmental covariates (such as longitude, latitude, and forest structure)”.

I disagree. Most approaches use environmental covariates which of course have been heterogeneous

as well. No information on model tuning is given. Also please state which software implementations

and settings of the algorithms you used.

Response:

1. Thank you for your suggestion. We have revised the inappropriate expression as follows:

“some existing studies that used machine learning methods have not considered the spatial

heterogeneity of multiple environmental covariates (such as longitude, latitude, and forest

structure)”.

2. The information on model tuning includes: (1) SVM:

(type="eps-regression",kernel="radial",cost=10,gamma=0.2); (2) RF: (size=3,maxit=2500). The

rest are default parameter settings. We will list the model code in the supplementary material.

3. Using R 3.5.3 (https://www.r-project.org) to implement the algorithms.

Line 157-158: please explain why you tested for spatial autocorrelation etc. Why is this information

relevant for the modelling?

Response:

1. Testing spatial autocorrelation and spatial heterogeneity are the premises of applying the

P-BSHADE spatial statistical model. It assumes that the research object has spatial

autocorrelation and spatial heterogeneity, so we must detect the spatial autocorrelation and

spatial heterogeneity of the research object (forest AGB in our manuscript) before using the

P-BSHADE model.

2. P-BSHADE is a spatial statistical inference model. P-BSHADE is an optimal linear unbiased

estimation interpolation method based on the assumption of the simultaneous existence of the

spatial autocorrelation and heterogeneity of the target object.

Line 205:”Because of the Law of Large Numbers, RF does not overfit.” That’s wrong! Maybe

random forest is robust to overfitting in terms of hyperparameter selection but it is not the case if you

have data that are not independent. See e.g. the references mentioned above.

Response:



Thank you for your professional guidance in machine learning. The incorrect description has

been deleted.

Line 206-207: Accurate predictions of random forest do NOT in the first place originate from

injecting randomness. E.g. If the predictors are not sufficient to estimate a response variable, random

forest will fail (and so will other algorithms)!

Fig. 6 : Is this based on the cross-validation?

Response:

1. Thank you for your professional guidance in machine learning. The incorrect description has been

deleted. We agree with you that predictors are important to the model. This manuscript focused on

the comparison and screening of different models. The same predictors are used in all the machine

learning models used in our study. The determination of predictors was based on the results of

Pearson correlation analysis. However, since this manuscript did not compare different predictors

of the accuracy of the model, we may consider this in future work.

2. Yes, based on the cross-validation.

Line 502-503: “The assumption is that estimated AGB is accurate in all sampling plots except the

target sampling plot. In other words, the premise behind using only the P-BSHADE model is that the

reference AGB data is accurate or strongly correlated with AGB. “ I don’t understand that. The same

reference data were used for all modeling approaches and for sure we assume that the reference data

are accurate for both types of models.

Response:

P-BSHADE needs the reference value of the target object (which is forest AGB in our

manuscript) as input data. Although we assumed that the reference value is accurate, there are many

ways to obtain the reference value. On one hand, how to obtain the reference value is the key to

combining other methods with the P-BSHADE model, and therefore this leads to differences among

the different combined models in our manuscript. On the other hand, we used an allometric model to

obtain the reference data of the single P-BSHADE, which leads to differences between the single

P-BSHADE model and combined models. The specific steps included: (1) we first used the machine



learning method or allometric method to estimate AGB and then (2) used the estimated AGB as a

reference value in the P-BSHADE model to estimate AGB again.

Therefore, when comparing combination models with the single P-BSHADE model in the discussion,

it is logical to compare and illustrate their reference values.

Line 578: “We used FMPI data to upscale the optimal plot-level AGB model from plot level to

region scale.” Did you? We don’t get to see the results for the regional upscaling. I wonder: Is your

model really better than simply using the average measured AGB from each forest site as estimate

for AGB for the entire patch?

Response to the fir st question: Yes, we did this work, but as it is not the main objective of our

manuscript, we put this result in Section 6 of the supplementary material (Figures C.3 and C.4).

Response to the second question: We do not quite understand the method you want to compare

with our optimal model. Do you mean simply using the average value of AGB measured at all forest

sites as the estimated AGB of the whole forest class? This method may be relatively simple, and may

have advantages in specific circumstances, such as when the accuracy requirements are not high.

However, we insist that our approach is better for the following reasons:

1. The purpose of our study is to improve the accuracy of the plot-level AGB estimation model. This

goal is an important prerequisite to improving the accuracy of regional AGB estimation because

regional AGB estimation often needs to use the verification data and training data provided by

sample plots.

2. The way to achieve this goal is to combine machine learning with spatial statistics and make use

of their complementary advantages to establish an optimal model with high accuracy for the

estimation of AGB in sample plots.
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