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Abstract 9 

Woody biomass is one of our main resources available to enhance the bio-economy, but its production varies 10 
considerably depending on the species, the environment and crop management. The variability associated with 11 
these crops complicates the estimation of biomass through prediction models. The specificity of environment or 12 
genotype level limits the application of many of the models, which are often developed for use at local 13 
geographical levels. Although generalizations involve some loss of accuracy, the inclusion of a wide range of data 14 
for a wide range of environments and genotypes can improve model applicability.  A total of 11,265 data from 15 
short-rotation, high-density poplar plantations (from 22 sites in Spain, covering 29 genotypes belonging to 7 16 
different taxonomic groups) were used to develop biomass prediction models under Mediterranean conditions and 17 
to test whether similarities in individual tree biomass allometry occur within the taxonomic group level. A general 18 
model and both taxonomic group- and genotype-level models were fitted using weighted nonlinear regression. 19 
The simplified model, in which only the basal diameter is included, presented the best model performance, 20 
explaining 87% of the variability. The allometric similarities among different genotypes were evaluated in order 21 
to explore the relationship between the most frequently used poplar genotypes in the Mediterranean area, and 22 
although certain groups were identified, it was not possible to relate these similarities among different genotypes 23 
to their taxonomic group affinity. This was also confirmed by comparing the performance of the general models 24 
with the taxonomic group-level models when predicting at the genotype level. Although estimates made using the 25 
general models are relatively precise, the use of genotype-level models is recommended for more accurate 26 
predictions. 27 

Highlights: The allometric similarities among genotypes were not related to their taxonomic group affinity.  28 

Countrywide biomass prediction models for short-rotation poplar plantations were developed. 29 

A general model as well as taxonomic group-level and genotype-level models were fitted. 30 

The use of genotype-level models is recommended for more accurate predictions. 31 
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Introduction 34 

The use of biomass as a resource to further the development of the bio-economy is currently a major avenue of 35 
research in the field of bioenergy. There are a variety of sources of biomass, and among the crops used for this 36 
purpose, woody species have gained particular importance [1] and are nowa commercial reality in many parts of 37 
the world [2]. 38 

The main aim with regard to these crops is to achieve higher, more efficient production as well as sustainability, 39 
and this requires a broad understanding of the factors involved in the production process. Total biomass production 40 
varies considerably, due not only to factors related to species and site conditions, but also to plantation 41 
management [3]. 42 



The suitability of the Salicaceae family for lignocellulosic biomass production using high-density crops in short-43 
rotation coppice (SRC) is well documented [4, 5]. Populus spp. Are considered highly favorable for this purpose 44 
under Mediterranean conditions, whether unirrigated [6] or irrigated [7], depending on the area. Nevertheless, 45 
wide genetic variability in biomass production is found among Populus spp. and their hybrids, and even among 46 
genotypes of the same taxonomic group [8]. Additionally, site conditions, crop management and all the 47 
interactions between them play an important role in determining the production attained [3]. 48 

The ability to predict production levels is particularly important when the economic viability of a given crop is to 49 
be assessed [9] or when decisions regarding rotation length must be taken. The allometric prediction models based 50 
on empirical data allow estimates of biomass stock and yield at the genotype level or in accordance with specific 51 
plantation conditions. The fact that biomass estimation models are site-specific [10] or genotype-specific [7] 52 
clearly limits their practical use as management tools for predicting biomass and crop management planning. The 53 
main constraint in this respect is the lack of models for some genotypes, although this is usually addressed by 54 
using models fitted for close genotypes according to the progenitor species (same hybrid group). This is a common 55 
procedure for biomass estimation in highly diverse natural forest, where the characteristics (such as wood-specific 56 
gravity) of the genotypes of the same species, genus and even family are averaged in order to make predictions 57 
when information specific to a given species is lacking [11]. This procedure assumes that biomass allometry is 58 
driven mainly by taxonomic affinity due to their common progenitor species. This is also the case for biomass 59 
estimation in SRC, where biomass models for taxonomically proximate genotypes are commonly used in the case 60 
of genotypes for which there are no published biomass models [8]. 61 

However, the use of general models for genotype-specific estimations, while allowing greater flexibility, can 62 
involve a considerable loss of accuracy. Hence, the calibration of generalized biomass models for large regions 63 
must be based upon a sample of site and climatic conditions encompassing the range of environmental conditions 64 
covered [12, 13]. This is both costly and time-consuming. 65 

While much of the research related to biomass modelling for SRC has focused on developing site- and 66 
genotypespecific biomass models [14–16], there are also some examples of models developed at higher 67 
hierarchical levels [8, 17]. In any case, there has been little research focusing on the loss of accuracy and precision 68 
in biomass estimation at the genotype level due to the use of widely applicable general models. In addition, the 69 
validity of biomass models for other genotypes of the same or even other taxonomic groups has not been studied 70 
in depth. 71 

The aims of this study are i) to evaluate the similarities in biomass allometry among different genotypes, and ii) 72 
to evaluate the accuracy and precision associated with using biomass models fitted at different hierarchical levels: 73 
generalized, taxonomic group and genotype-specific models fitted for an extensive dataset which includes 74 
information on different poplar genetic material and site conditions in the Mediterranean area under irrigation 75 
management. 76 

Materials and methods 77 

Data 78 

An extensive dataset of Populus spp. growing under an SRC regime at 22 established sites in Spain was used in 79 
this study (Fig. 1). The sites cover a wide range of conditions (Table 1) and are highly representative of the areas 80 
where this crop is present, ranging from temperate to warm Mediterranean climates. Twenty-nine genotypes of 81 
seven different taxonomic groups were included in the network of plots (Table 2) [18]. 82 

Plantations were established in early spring during the period from 2005 to 2010 using hardwood cuttings 20– 30 83 
cm in length. Density ranged from 4762 cuttings ha-1 to 33,333 cuttings ha-1 in a design consisting of single rows 84 
3 m apart. 85 

Similar management was applied at all sites for all genotypes, including fertilization during soil tillage according 86 
to the specific soil characteristics, pre-emergence treatment with oxyfluorfen (4 l ha-1) to control weeds, and drip 87 
or flood irrigation (to field capacity) during the summer months [19]. The summer drought, characteristic of the 88 



Mediterranean climate, necessitated the application of irrigation at all the sites. A rotation length of 3 years was 89 
established for all but three of the sites (E4, E5 and E17), where a 4-year rotation was determined due to poor 90 
development. In the plots established at E1, trees were cut back 1 year after planting in order to stimulate sprouting 91 
[20, 21]. Hence, the stages of development covered in this study at the end of the first rotation were R3S3, R4S3 92 
and R4S4, denoting root age as R and stem age as S. 93 

Measurements were taken annually after planting. The diameter over bark at 10 cm above ground level (Db, mm), 94 
accounting for the size of the shoots at the usual harvesting height, was measured using a digital caliper. The total 95 
height of the highest shoot (Ht, cm) was also measured with a measuring pole. The number of shoots and the 96 
density of living trees per plot were also recorded. The above-ground woody biomass was evaluated in all plots 97 
by destructive analysis at the end of the rotation, once leaves had fallen. Total above-ground dry woody biomass 98 
(Ws, g dry matter [DM]) was determined for each sample from the fresh weight, and the estimated wood moisture 99 
by randomly selecting whole plants from each of the plots and then oven-drying a sample randomly selected for 100 
each genotype to a constant weight at 105 °C. 101 

 102 

Fig. 1 Locations of the experimental sites 103 

Statistical Analysis 104 

Fitting and Evaluating Biomass Models at Different Hierarchical Levels 105 

We fitted regression models at three levels: 1) a joint general model for all the genotypes, sites and management 106 
schemes (density and rotation length) included in the study; 2) taxonomic group-level models, by taking into 107 
account the hybrid group of each tested genotype (see Table 2), excluding those taxonomic groups which were 108 
present at only one site or contained only one genotype (P. × generosa × P.nigra L., P. nigra L. and P. 109 



trichocarpa); and 3) genotype-level models for each of 18 genotypes (after excluding those which were present 110 
at only a single site). 111 

Due to the lack of homogeneity in the residual variances, weighted nonlinear regression was used to correct 112 
heteroscedasticity, frequently present in individual tree biomass data [22]. Each observation was weighted by the 113 
inverse of its basal diameter variance (1/Db 

2). This weighting factor stabilized the variances and provided 114 
homogeneous studentized residuals. 115 

For the general model fit, different tree-level variables were tested as regressor [D (1), H (2), DH (3), DN (4), 116 
DHN (5)], and the different stages of development according to the root age (R) or the stem age (S) were also 117 
evaluated [DR (6), DS (7)] (Table 3). 118 

In all the proposed models, parameter b is the power of the basal diameter (Db), parameter c is the total height 119 
(Ht), parameter d is the number of shoots (N), parameter e is the root age (R) and parameter f is the stem age (S).  120 

To evaluate the performance of the models, we used the proportion of variance explained by the weighted models 121 
(pseudo-coefficient of determination, pse-R2), the root of weighted mean square error (RMSEΨ), the error sum of 122 
squares (SSEΨ) and the total sum of squares (SSTΨ): 123 

 124 



 125 

where r2
wiŵi is the correlation coefficient for a linear regression between the observed and the predicted values of 126 

the dependent variable [23], Wsi is the observed biomass, Ŵsi is the predicted biomass, Ψi is the weighted factor, 127 
n is the number of data used in the fitting and p is the number of parameters to be estimated. 128 

The genotype- and taxonomic group-level models were fitted by considering only the basal diameter (Db) as 129 
regressor variable, as this is the most common model formulation used in biomass prediction and was the model 130 
which explained the highest variability at the general level. 131 

Evaluation of the Similarity in Biomass Allometry Among Genotypes 132 

The similarity in biomass allometry among genotypes was evaluated by cross-predicting with the genotype-level 133 
models and comparing the predictions at the genotype level with the observed values. Two genotypes are assumed 134 
to share allometry when the biomass model fitted for a given genotype produces non-deviated predictions over 135 
the other. Four non-parametric validation tests were used for evaluating the similarity in biomass allometry among 136 
genotypes [24]. All these tests showed similar performance, and the mean p-values were computed pairwise for 137 
all genotypes. The null hypothesis for all tests is that both samples belong to the same population, so small p- 138 
values lead us to reject the null hypothesis that both simples share the same allometric model. To plot the model 139 
suitability of each genotype, a radial chart was used, which is a useful graphical tool for data comparison on a 140 
two-dimensional chart. It is also known as a radar chart or kiviat diagram [25–27]. 141 



 142 

 143 

Ws total above-ground woody dry biomass (g dry matter [DM]); Db diameter over bark at 10 cm of dominant 144 
shoots per stool (mm); Ht total height of the highest shoot per stool (cm); N number of shoots per stool; R root 145 
age (years); S stem age (years) 146 

 147 



Results 148 

Allometric Above-Ground Biomass Models 149 

General Weighted Fit 150 

First, a general model was fitted which included all sites, genotypes and management variability (stand density 151 
and rotation length), and which used different combinations of regressor variables including basal diameter, 152 
dominant shoot height, number of shoots and age (represented by root age and stem age). The parameter 153 
estimations and fitting statistics are shown in Table 4. 154 

All the parameter estimates simultaneously contributed to statistically significant improvements in the quality of 155 
the fit of the model to the data (p < 0.0001), and the models accounted for more than 72% of the total variability 156 
in biomass yield, except for the model that included only height as a predictor, which accounted for only 38% of 157 
the total variability. Model 1 (D) accounted for 87% of the total variability, which is the highest variability 158 
explained by any of the tested general models. This model had the smallest sum of squares error and RMSEΨ, and 159 
the highest pse-R2. The sum of the weighted residual was similar when the number of shoots was included in the 160 
model, but this is not the case where only height is used as a predictor. 161 

Genotype Weighted Fit 162 

Tables 5 and 6 show the parameter estimates and fitting statistics for the models fitted at the taxonomic group and 163 
genotype levels, respectively. The singularity of these equations is that they include the site variability. The 164 
number of sites where each genotype is present is shown in Table 2. 165 

All the equations considered achieved convergence, and the parameter estimates significantly improved the 166 
quality of the model fit to the data at p = 0.05, with the exception of parameter a for the genotype ‘Baldo’ (Table 167 
6). It is known that the numerical value of the parameter a depends on the value of the b parameter, as well as on 168 
the units of the response and regressor variables, which implies that the a parameter has no biological meaning, 169 
and therefore there is no serious implication as regards the non-significance of this parameter [28]. 170 

The general model accounts for only 87% of the variability in biomass estimations, whereas the taxonomic group-171 
level models account for 86 to 92% of the total variability. The genotype-level models accounted for 82–95%of 172 
the total production variability. 173 

Similarity in Biomass Allometry Among Different Genotypes 174 

The p-values of the validation tests used to explore the similarity in biomass allometry among the different poplar 175 
genotypes are presented in Fig. 2. Only those cases where the tests detected differences in biomass allometry 176 
among genotypes (p > 0.05) are included. The genotypes in Fig. 2 are grouped in circular sectors according to the 177 
different taxonomic groups to which they belong, represented in different colors. The distribution of the colors 178 
for the different taxonomic groups indicates that the clusters were not dependent on the taxonomic group to which 179 
they belonged, as all colors are distributed over the four circular sections considered. In addition, for the genotypes 180 
within the same taxonomic group (e.g., the dots in blue), the p-values in the outermost positions are located in 181 
circular sections belonging to different taxonomic groups, meaning that the closest allometries were more 182 
frequently observed for genotypes belonging to different taxonomic groups. 183 

Discussion 184 

Allometric Above-Ground Biomass Models 185 

The need for an accurate biomass estimation tool for poplar cultivation in SRC is an issue which has been 186 
discussed extensively [6, 17, 29, 30]. However, due to the specificity of these equations, which are often 187 
constructed using data from a very small area, their applicability in large areas is limited [31]. In addition to the 188 
inherent limitations due to the genetic specificity [32], it is important to consider the genotype × environment 189 
interaction (G × E), both in the development of the equation and when applying it [33]. 190 



The general model proposed in this study may provide a useful tool for poplar biomass estimations, as the data 191 
used for its development cover a wide range of environments and genotypes, ensuring its applicability in 192 
Mediterranean conditions. A total of 22 different environments and 29 different genotypes belonging to 7 different 193 
taxonomic groups were used to develop the equation, attaining 87% of explained variability using model D (1) 194 
(which includes only the basal diameter of the dominant shoot as predictor). Even though the model we propose 195 
explains less variability than that developed by Ben Brahim et al. [17] (94%), our model was fitted using a larger 196 
dataset and a broader range of genotypes sites and rotation length. 197 

 198 

Ws total above-ground woody dry biomass (g dry matter [DM]); Db diameter over bark at 10 cm of dominant 199 
shoots per stool (mm); Ht total height of the highest shoot per stool (cm); N number of shoots per stool; R root 200 
age (years); S stem age (years); SE standard error 201 

 202 

Ws total above-ground woody dry biomass (g dry matter [DM]); Db diameter over bark at 10 cm of dominant 203 
shoots per stool (mm); SE standard error 204 



 205 

 206 

Ws total above-ground woody dry biomass (g dry matter [DM]); Db diameter over bark at 10 cm of dominant 207 
shoots per stool (mm) 208 

The main grouping criteria considered in biomass production is clearly related to the genetic background of the 209 
genotypic plant materials [30], and previous studies have suggested that a single equation for tree dry weight 210 
might be applied at the taxonomic group level irrespective of the environmental conditions [8]. Hence, we provide 211 
taxonomic group-level models for cases where we have sufficient data (P. × canadensis, P. × generosa and P. 212 
deltoides). The variability explained at the taxonomic group level is within the range found by Dillen et al. [8], 213 
from 0.74 to 0.99. Although these equations are expected to be more accurate than the generalized equation, this 214 



is not so in all cases. This evidences the fact that taxonomic group affinity is not a suitable clustering factor to 215 
explain individual tree biomass allometry. When a specific equation for a particular genotype is not available or 216 
where there are several different genotypes in a given plantation, the use of general equations simplifies the 217 
estimation of biomass stocks, despite some loss of precision. The greatest precision is achieved using genotype-218 
level models, so when this information is available, the use of such models is preferable over any of the general 219 
models. Although the genotype-level models provided in this study are specific in terms of genotype, data were 220 
collected from different environments, so G × E are included and can be considered suitable for Mediterranean 221 
conditions. 222 

Similarity in Biomass Allometry Among Different Genotypes 223 

In contrast to what might be expected, the similarities or differences with respect to the biomass allometry among 224 
genotypes do not appear to bear any relation to the taxonomic group [8]. In fact, the results highlight that genotypes 225 
belonging to the same taxonomic group exhibit a wide range of biomass allometry. This may be evidence that the 226 
typical procedure of clustering in taxonomically close groups does not always yield efficient results in biomass 227 
modelling under SRC. This is also a common procedure in biomass estimation in highly diverse forests, where 228 
attributes at genus, family or higher taxonomic-levels are averaged when species-specific values are missing [34–229 
36]. It could be expected that the geographical origin of the progenitor species for similar crossing could imply 230 
that the biomass prediction models based on allometry can transcendent taxonomic barriers. However, there are 231 
no similarities in allometry that allow common models for genotypes in which the geographical origin seems 232 
similar (e.g., ‘Oudenberg’ and ‘Vesten’ or ‘A4A’ and ‘AF2’). 233 

 234 

Fig. 2 Radial chart of the average p-values from the four tests applied [24] (showing only the results with a p-235 
value > 0.05). The vertices are the genotype-level model, and the symbols in each line represent the genotypes for 236 
which these models can be applied as a result of considering the average p-value  237 

Given that individual tree biomass allometry is driven by volume allometry and the variability in specific wood 238 
density [37], it is possible that different genotype traits linked to factors such as architecture patterns, wood-239 
specific gravity and carbon assimilation rates interact with one another. This makes it difficult to identify which 240 
factor is causing the dissimilarities in biomass allometry within genotypes of the same taxonomic group. It would 241 
therefore be interesting in future studies to determine the specific factors underlying the allometric similarities 242 



found between genotypes. This will enable the development of generalized allometric equations which depend on 243 
specific variables based on similarities between the genotypes and which would be more accurate than those based 244 
on the taxonomic group. 245 

Conclusions 246 

This study evaluated similarities in biomass allometry among genotypes belonging to different taxonomic groups. 247 
The results showed that genetic origin did not explain such similarities. This is a particularly important finding, 248 
since taxonomic grouping is a common procedure in biomass modeling in short-rotation woody crops as well as 249 
other forest monitoring exercises. 250 

Biomass models at different hierarchical levels (general, taxonomic group and genotype) are provided for a wide 251 
range of site and environmental conditions under a Mediterranean climate. These models were developed based 252 
on a robust and extensive database covering the geographical variability of SRC under Mediterranean conditions. 253 
The genotype-level biomass models cover the main poplar genotypes used in SRC in this area. We observed that 254 
the taxonomic group levels did not always perform better than the general model, which confirms the 255 
dissimilarities in biomass allometry among the genotypes of the same taxonomic group. 256 
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