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Abstract

Multiple morphological factors of desert plants were employed to construct aboveground 
biomass (AGB) estimation models in the Gobi Desert, located in the northwestern part 
of Gansu Province, China, where gravel surfaces account for more than half the area. At 
the individual scale, estimation models incorporating variables related to canopy cover 
accurately estimated AGB (R2  = 0.623~0.848). At the quadrat scale, the cover-allometric 
model effectively estimated multi-species AGB (AGB = 0.302 × Ct 0.900 , R2  = 0.725). At the 
regional scale, the model incorporating relative canopy cover was effective for estimating 
aboveground biomass density (AGBD ) and could be combined with regional area esti-
mates to determine the AGB of desert plants at any spatial scale (AGBD  = 20.114 × Cr 1.043 , 
R2  = 0.8313). AGB estimation models based on canopy cover not only overcome scale limita-
tions but also exhibit a tendency toward improved model fit with increasing scales. However, 
when applied to remote-sensing data, the model exhibits relatively low fitting accuracy 
(AGBD  = 4.398 × Cr 0.538 , R2  = 0.3656). It demonstrates good stability when applied to Gobi 
Desert habitats similar to the study area, but its applicability in other arid regions still 
requires further validation.

Keywords: aboveground biomass estimation; multi-scale; canopy cover; Gobi Desert

1. Introduction
Biomass typically denotes the aggregate quantity of organic matter per unit area 

of biological components within an ecosystem. It serves as a fundamental quantitative 
characteristic of plants and directly reflects the production potential of ecosystems [1,2]. 
Biomass is also associated with carbon storage, rendering it a vital metric for assessing 
the carbon sequestration capacity of plant communities [3]. Owing to the significance of 
issues such as global change, carbon cycling, carbon sink losses, and carbon trade, biomass 
estimation persists as a significant research topic [4]. The dynamic alteration of plant 
aboveground biomass (AGB) directly reflects the interrelationship between plants and 
environmental variables. It is the most attainable and direct indicator for understanding 
ecosystem functioning [5,6].

Numerous AGB estimation models exist for ecosystems like forests [7], while the Gobi 
Desert receives relatively little attention, owing to low biomass density in arid regions. 
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Nevertheless, the Gobi Desert, spanning an area of 660.8 thousand square kilometers, 
accounts for 6.88% of the total land area of China [8]. The Gobi Desert represents crucial 
terrestrial ecosystems; the plant communities in the Gobi Desert exhibit high resistance to 
drought, cold, water erosion, wind erosion, and soil infertility, among other factors. This 
attribute endows them with far-reaching significance for the sustainable development and 
ecological construction of Gobi Desert ecosystems [9,10]. The estimation of the AGB of 
vegetation in the Gobi Desert facilitates the evaluation of terrestrial carbon sequestration, 
which holds significant importance for desertification monitoring and mitigating global 
climate change [6,9,11].

The quantification of plant biomass predominantly includes direct harvesting, remote-
sensing techniques, photographic methods, and modeling methods [4,9]. Although the 
direct harvesting method offers precise estimations of AGB, it may cause potential damage to 
fragile ecosystems like deserts [12,13]. Moreover, direct harvesting is both time-consuming 
and labor-intensive when attempting to obtain a sufficient number of samples to meet 
statistical requirements [14]. Non-destructive sampling methods represented by the partial 
harvesting method are widely adopted for estimating the biomass of desert plants, in which 
the total biomass of each plant is estimated by harvesting partial tissue samples from target 
individuals [15,16]. Desert vegetation typically exhibits low-stature, indistinct spectral 
characteristics, and fine-scale spatial heterogeneity [17–19], and satellite images are not 
sufficient to provide the spatial resolution to identify the characteristics of Gobi Desert 
communities [20–22]. Therefore, remote-sensing techniques are also limited in such environ-
ments [20,23,24]. The photographic method has met the demand for high spatiotemporal 
resolution during an expansion of satellite remote-sensing data [9,25]. The introduction 
of unmanned aerial vehicles (UAVs) enables the collection of high-resolution data regard-
ing the spectral and structural properties of low-stature vegetation at fine scales [26,27]. 
Images obtained by UAVs facilitate the efficient identification and extraction of vegetation 
characteristics from the soil background, and UAV images are rarely distorted by cloud 
cover [28,29]. However, the sparse vegetation and gravel-covered surface in the Gobi region 
introduce systematic biases in UAV-based vegetation identification. Certain plant species, 
characterized by slender branches and susceptibility to burial by sand, are prone to detection 
omission; this phenomenon is further exacerbated during non-growing seasons due to 
increased leaf litter [30]. Furthermore, the spectral characteristics of gravel-covered surfaces 
overlap with those of some desert plants, further contributing to systematic biases, while 
mixed pixels comprising canopy-edge vegetation and bare soil further reduce identifica-
tion accuracy [9,31]. In addition, flight height is a crucial parameter, as it affects spatial 
resolution of images [32–34], and UAV-based techniques do not always accurately capture 
biomass-related indicators at any flight height [35]. The combination of remote sensing and 
technology-based photographic methods can provide ultra-high-resolution images for large-
scale vegetation AGB estimation [36,37], but it is more demanding with respect to operation 
and experience, and is generally impractical for ecological research in terms of convenience. 
The accuracy of the aforementioned biomass quantification methods should be verified 
based on models of field survey data. As a simple yet effective method for large-scale 
biomass estimation, the modeling method substantially reduces environmental damage and 
exhibits high feasibility for extensive application [12,38,39]. However, in comparison with 
other ecosystems like forests, the utilization of modeling methods in desert ecosystems has 
received limited attention, and further optimization is required to adapt to desert environ-
ments [9]. Species-specific allometric models have been developed for dozens of dominant 
desert species. However, substantial interspecific divergence in life forms, lignification 
degrees, and branching architectures leads to limited model generalizability. Consequently, 
single-species models cannot be directly applied to multi-species communities, and no 
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integrated modeling framework has been established that concurrently accommodates 
species-specific traits and community-level applicability [40]. Furthermore, the scaling 
extrapolation mechanisms underlying these models remain poorly elucidated. During the 
extrapolation of high-precision individual-scale allometric models to larger scales, results 
are confounded by the synergistic impacts of spectral interference from stony Gobi surfaces, 
mixed-pixel effects of sparse vegetation, and species-level spatial heterogeneity. This leads 
to pronounced scale mismatches between field-measured parameters and remote-sensing in-
version results. A robust cross-scale estimation framework is still unavailable, and research 
specifically addressing such extreme habitats remains comparatively scarce [4].

The total AGB within a quadrat is calculated by summing the AGB of individual plants. 
Consequently, the estimation of quadrat-scale AGB serves as a crucial transitional stage in the 
upscaling process from individual-scale to larger-scale aboveground biomass measurements. 
AGB at both the individual and quadrat scales can be determined via modeling methods. 
However, issues such as increased costs and reduced accuracy frequently occur during the 
process of acquiring large-scale biomass data by using modeling methods. The estimation 
of quadrat AGB introduces the concept of aboveground biomass density (AGB per unit area, 
AGBD ). For larger-scale assessments, AGB can be calculated by multiplying AGBD  by the 
study area, and AGBD  can be effectively calculated using modeling methods. Employing 
this approach not only avoids the conversion of the study area but also circumvents the 
issue of scale transformation. Although this method has been validated for specific species 
in desert ecosystems [4,41,42], interactions between different plants can affect the accuracy 
of AGB estimation in desert areas. Therefore, the applicability of existing AGBD  modeling 
methods to the Gobi Desert urgently requires verification.

To construct AGB models, it is essential to select appropriate morphological suscepti-
bility factors as estimation variables and subsequently identify the optimal fitting model 
based on evaluation indicators [4,42,43]. Among the various commonly employed fitting 
models, such as linear, power [44], exponential, and quadratic function models, the linear 
model can intuitively and efficiently simulate the extent to which variables affect AGB, and 
the allometric scaling model is the most widely used for estimating plant AGB [45–47]. 
Allometric scaling relationship is a universal phenomenon applicable to all organisms, 
regardless of individual size, research scale, or species [4]. Additionally, variable selection 
is the key step in model construction in the desert. The variables basal diameter (BD) 
and diameter at breast height (DBH) have been widely utilized for estimating biomass in 
mesic ecosystems like forests [4,48]. The Gobi Desert ecosystem is dominated by multi-
stemmed plants like shrubs and herbs, which lack distinct main stems. Moreover, the bases 
of the plants are always buried by sand, making it challenging to measure BD and DBH. 
Desert plants are characterized by short stature and large canopy areas. Therefore, plant 
dimensions reflecting morphological factors such as canopy cover (C) and height (H) are 
more comprehensive predictors of AGB of desert species due to their better description of 
desert plant structure [49]. Relative cover (Cr ) has been demonstrated to be applicable in 
estimating the AGB of specific species across different scales [4,42]. However, the cross-scale 
applicability of a single-species canopy cover model, which was successfully developed to 
overcome scale constraints, to multi-species desert communities has yet to be validated.

Based on the selection of fitting variables at the individual and quadrat scales, the 
applicability of Cr  in estimating the AGBD  of multi-species plant communities in large-
scale deserts was examined, and its accuracy, feasibility, and efficiency were verified using 
both field sampling and remote-sensing data. We hypothesized that (1) canopy-related 
variables outperform plant height, and allometric models perform better than linear models 
at individual, quadrat and regional scales; (2) canopy cover can accurately estimate AGB 
at multiple scales, thereby addressing the scaling issue for multi-species communities. 

https://doi.org/10.3390/plants15213444

https://doi.org/10.3390/plants15213444


Plants 2026, 15, 3444 4 of 23

Accordingly, the primary objectives of this study were as follows: (1) to develop estimation 
models for the AGB of eight dominant species in the Gobi Desert region of Gansu, China, 
through comparison of different empirical models; (2) to test the performance of the 
AGB estimation models based on canopy cover at different scales for multi-species desert 
vegetation. These models will lay a foundation for the quantitative monitoring of AGB and 
carbon stocks in the Gobi Desert of Gansu Province and similar arid regions worldwide.

2. Results
2.1. Aboveground Biomass Estimation Models at the Individual Scale
2.1.1. Correlation Between Individual Aboveground Biomass and Morphological Factors

Each of the selected morphological factors was found to exhibit a significant correlation 
with the individual AGB of all eight plant species (p < 0.01, Table 1). This suggests that 
all the factors, including Ci , H and Ci H, can serve as candidate independent variables for 
establishing AGB estimation models at the individual scale.

Table 1. Correlations between individual plant AGB and morphological factors, including canopy 
area (Ci ), height (H) and canopy volume (Ci H).

Pearson’s r n Ci H Ci H

N. tangutorum AGB 152 0.734 ** 1 0.419 ** 0.735 ** 2 
E. sinica AGB 46 0.557 ** 0.298 * 0.463 **

R. songarica AGB 107 0.786 ** 0.690 ** 0.757 **
A. sparsifolia AGB 73 0.622 ** 0.666 ** 0.750 **
A. desertorum AGB 469 0.834 ** 0.688 ** 0.844 **

S. glauca AGB 362 0.694 ** 0.633 ** 0.763 **
S. collina AGB 124 0.692 ** 0.608 ** 0.635 **

B. dasyphylla AGB 1392 0.528 ** 0.355 ** 0.462 **
1  *: p < 0.05; **: p < 0.01. 2  Highest Pearson’s r value for each species highlighted in bold.

For Ephedra sinica (E. sinica, r = 0.557), Reaumuria songarica (R. songarica, r = 0.786), 
Salsola collina (S. collina, r = 0.692) and Bassia dasyphylla (B. dasyphylla, r = 0.528), the 
variable Ci  exhibited the highest correlation coefficient with AGB, followed by Ci H. While 
for the other four species, namely Nitraria tangutorum (N. tangutorum, r = 0.735), Alhagi 
sparsifolia (A. sparsifolia, r = 0.750), Artemisia desertorum (A. desertorum, r = 0.844) and Suaeda 
glauca (S. glauca, r = 0.763), the variable Ci H showed the highest correlation coefficient 
with AGB, followed by Ci . For all species, the variable H exhibited the lowest correlations, 
indicating that plant height is difficult to utilize for precisely characterizing AGB in desert 
ecosystems. In contrast, variables related to the canopy projected area (Ci  & Ci H) showed 
strong correlations with AGB.

There was a large discrepancy in sample sizes (e.g., E. sinica has n = 46, while B. 
dasyphylla has n = 1392), which was a key determinant of sampling error and exerted a 
direct influence on the stability of estimation precision. For species with limited sample 
sizes, the uncertainty associated with their correlation relationships is elevated. Conversely, 
large sample sizes may produce statistically significant correlations that lack biological 
relevance. Although the correlation between H and AGB is relatively weak, all three 
candidate variables were adopted in the construction of estimation models to explore their 
potential estimation value.

2.1.2. Performance of Aboveground Biomass Estimation Models at the Individual Scale
For each species, three fitting models incorporating different variables were established 

based on the allometric scaling model. Among these variables, the optimal AGB models 
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for five plant species, specifically N. tangutorum, R. songarica, A. sparsifolia, S. glauca and S. 
collina, were established using Ci H. These models exhibited the highest R2  values, along 
with the lowest RMSE and AICc values, whereas the optimal models for three plant species, 
namely E. sinica, A. desertorum and B. dasyphylla, were constructed based on Ci  (Table 2). 
Generally, most optimal models for plant biomass typically exhibit the lowest values for 
other indicators when achieving the highest R2  values. Although the MAE of plants A. 
desertorum and B. dasyphylla did not concur with other evaluation indicators, they were 
extremely close to the highest values. The TRE values of all AGB estimation models for 
all species are extremely low, indicating a relatively accurate predictive capacity and no 
significant deviation in predicted values. Overall, in accordance with correlation analysis, 
models with factors related to canopy area (Ci  & Ci H) as independent variables are suitable 
for estimating AGB of desert plants, whereas the variable H cannot be used independently 
for estimating AGB.

Table 2. Fitting equations for AGB of eight dominant desert plants at the individual scale.

Species Fitting Equations R2 MAE TRE RMSE 𝚫AIC p

N. tangutorum
AGB = 152.504 × Ci 0.843 0.708 0.218 0.000 0.281 14.777 <0.001
AGB = 763.713 × H1.864 0.469 0.303 0.000 0.378 104.449 <0.001

AGB = 317.922 × Ci H0.674  1 0.735 0.212 0.000 0.267 0.000 <0.001

E. sinica
AGB = 289.734 × Ci 0.887 0.623 0.238 0.000 0.312 0.000 <0.001
AGB = 410.554 × H0.807 0.136 0.384 0.000 0.472 36.524 0.012

AGB = 604.811 × Ci H0.607 0.528 0.267 0.000 0.349 9.887 <0.001

R. songarica
AGB = 230.330 × Ci 1.095 0.836 0.188 −0.001 0.235 8.534 <0.001
AGB = 819.710 × H2.302 0.611 0.286 −0.002 0.361 98.901 <0.001

AGB = 493.469 × Ci H0.825 0.848 0.181 0.000 0.226 0.000 <0.001

A. sparsifolia
AGB = 243.254 × Ci 1.329 0.755 0.125 0.000 0.373 10.606 <0.001
AGB = 2527.842 × H2.522 0.538 0.169 0.000 0.511 55.589 <0.001

AGB = 655.209 × Ci H1.010 0.789 0.115 0.000 0.346 0.000 <0.001

A. desertorum
AGB = 141.241 × Ci 0.861 0.631 0.295 0.001 0.361 0.000 <0.001
AGB = 307.440 × H1.739 0.440 0.358 0.000 0.444 194.841 <0.001

AGB = 249.281 × Ci H0.629 0.621 0.293 0.000 0.366 13.059 <0.001

S. glauca
AGB = 149.779 × Ci 0.939 0.680 0.185 0.000 0.277 14.777 <0.001
AGB = 576.169 × H2.093 0.544 0.257 0.000 0.330 104.449 <0.001

AGB = 313.538 × Ci H0.726 0.714 0.179 0.001 0.262 0.000 <0.001

S. collina
AGB = 207.176 × Ci 0.841 0.710 0.203 0.000 0.273 9.209 <0.001
AGB = 860.895 × H1.973 0.523 0.266 −0.001 0.350 70.105 <0.001

AGB = 462.253 × Ci H0.659 0.731 0.187 −0.001 0.263 0.000 <0.001

B. dasyphylla
AGB = 176.946 × Ci 0.994 0.772 0.233 −0.003 0.292 0.000 <0.001
AGB = 87.303 × H1.614 0.250 0.457 −0.006 0.530 1657.720 <0.001

AGB = 683.345 × Ci H0.809 0.754 0.226 −0.010 0.303 107.955 <0.001
1  Optimal models with the highest R2  and the lowest RMSE and AICc values highlighted in bold.

The Ramsey RESET test was applied to assess the adequacy of the model specification 
and to determine whether omitted variables were present. The results showed that for 
N. tangutorum, E. sinica, R. songarica, A. sparsifolia, S. glauca, and B. dasyphylla, the null 
hypothesis that “the model specification is correct” was not rejected, indicating that the 
allometric model adequately captures the nonlinear relationship between morphological 
indicators and biomass and that no systematic functional-form specification bias exists 
(PR  > 0.05, Table 3). In contrast, A. desertorum and S. collina rejected the null hypothesis 
(PR  < 0.05). Moreover, the Loess line in the residual plot exhibited a pronounced curvature, 
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the tails of the Q–Q plot deviated significantly, estimates for both high and low values 
showed substantial bias, and the residual normality test was not passed (Figures A1 and A2, 
Table A1). Appropriate models for the two species, A. desertorum and S. collina, were 
explored using various combinations of variables and fitting models, and it was found that 
a univariate quadratic model provides a suitable model for estimating the AGB of S. collina 
(AGB = −602.279Ci 2  + 487.001Ci − 1.383, PR  = 0.533), whereas no feasible explicit model 
could be obtained for A. desertorum. Overall, the allometric model is a suitable model for 
estimating the AGB of multi-species desert communities.

Table 3. Ramsey RESET test for optimal biomass estimation models based on allometric models for 
eight plant species.

Species F df1 df2 PR 

N. tangutorum 0.314 2 148 0.731
E. sinica 1.019 2 42 0.370

R. songarica 0.178 2 103 0.837
A. sparsifolia 2.024 2 69 0.140
A. desertorum 12.652 2 465 <0.050

S. glauca 1.633 2 358 0.197
S. collina 7.302 2 120 <0.050

B. dasyphylla 0.711 2 1388 0.491

2.2. Aboveground Biomass Estimation Models at the Quadrat Scale
Among the three variables, the fitting results of models utilizing Ct  outperform those 

of models incorporating the other two variables, H or Ct H (Figure 1, Table 4). This suggests 
that Ct  is a suitable variable for estimating the AGB in the Gobi Desert at the quadrat scale. 
After determining an appropriate independent variable, the allometric scaling equation 
was identified through screening, despite the comparable fitting results of allometric and 
linear functions. Consequently, the optimal AGB estimation model at the quadrat scale was 
determined as AGB = 0.302 × Ct 0.900 . This model achieved the highest accuracy (Figure 1a), 
demonstrated the highest coefficient of determination (R2  = 0.725), the lowest error values 
(RMSE = 1.497), and the lowest AICc value (AICc = 367.408), followed by the fitting result 
of Ct H (Figure 1c). In contrast, the model based on H exhibited the weakest predictability 
(Figure 1b).

Table 4. Fitting equations for AGB of desert communities at the quadrat scale.

Fitting Equations R2 𝚫MAE TRE 𝚫RMSE 𝚫AIC p

AGB = 0.302 × Ct 0.900  1 0.725 0.000 −0.274 0.000 0.000 <0.001
AGB = 0.211 × Ct  + 0.129 0.723 0.020 0.012 0.006 3.653 <0.001

AGB = 2.112 × H0.043 0.001 1.327 −0.028 1.358 578.520 <0.001
AGB = −1.219 × H+2.218 0.005 1.313 −0.002 1.352 576.719 0.146

AGB = 2.084 × Ct H0.465 0.458 0.531 −6.322 0.606 304.593 <0.001
AGB = 0.468 × Ct H + 1.046 0.309 0.815 −0.008 0.878 413.496 <0.001

1  Optimal model with the highest R2  and the lowest RMSE and AICc values highlighted in bold.

Although all models exhibited a significant relationship between measured and pre-
dicted AGB (p < 0.001) (Figure 1d), the slopes for both Ct H and H were significantly lower 
than 1, with a notable deviation in high-value predictions. In contrast, the model based on 
Ct  had a slope closest to 1, and the slopes of the allometric and linear models were nearly 
identical. Consequently, models based on canopy cover can better estimate AGB; however, 
they also tend to underestimate values.
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(a) (b) 

 
(c) (d) 

Figure 1. Models of AGB at the quadrat scale. Models fitted by morphological variables, namely: 
(a) total cover (Ct ); (b) height (H); and (c) canopy volume (Ct H); (d) relationships between the 
measured and predicted AGB values with different parameters and fitting equations. The black 
dashed line is isometric with a slope of 1.

Cross-validation can effectively mitigate overfitting or underfitting issues that may 
arise in a model under a specific data partitioning scheme, thereby enhancing the robustness 
of model evaluation and the model’s generalization capability. At the quadrat scale, 10-fold 
cross-validation results showed that, whether using allometric or linear models, the AGB 
predictions based on quadrat cover exhibited high consistency with the measured values; the 
validation R2  and the fitting R2  were also very close to each other, demonstrating good model 
generalization capability (Figure 1d, Table 5). Although the allometric model effectively 
captured data characteristics within the study area and achieved slightly higher estimation 
accuracy than the linear model, its stability and generalization capability (R2  = 0.7168, 
RMSE = 1.520, MAE = 0.773) were somewhat weaker than those of the linear model 
(R2  = 0.7187, RMSE = 1.515, MAE = 0.788).

https://doi.org/10.3390/plants15213444

https://doi.org/10.3390/plants15213444


Plants 2026, 15, 3444 8 of 23

Table 5. Out-of-fold comparison of the allometric (A) and linear (L) model forms under identical 
fold partitions.

Scale Validation Scheme R2  (A) R2  (L) RMSE (A) RMSE (L) MAE (A) MAE (L)

Quadrat
(n = 450)

Full data fitting (reference) 0.7253 0.7230 1.497 1.503 0.764 0.784
10-fold CV, random 0.7168 0.7187 1.520 1.515 0.773 0.788

Regional
(n = 53)

Full data fitting (reference) 0.8313 0.8309 96.83 96.94 54.26 53.30
Leave-one-plot-out (LOO) 0.8087 0.8162 103.1 101.0 57.92 55.51

2.3. Aboveground Biomass Estimation Models at the Regional Scale
In terms of regional-scale AGB estimation, the model based on Cr  exhibited relatively 

high R2  values and small errors (Figure 2, Table 6). Cr  was accordingly identified as a 
suitable variable for estimating the AGBD  of desert plants at the regional scale.

  
(a) (b) 

Figure 2. Models of AGBD  fitted by field sampling data at the regional scale: (a) Models fitted 
by relative cover (Cr ); (b) Relationships between the measured and predicted AGBD  values with 
allometric and linear fitting equations.

Table 6. Fitting equations for AGBD  of desert plants based on relative cover (Cr ) at the regional scale.

Fitting Equations R2 𝚫MAE TRE 𝚫RMSE 𝚫AIC p

AGBD  = 20.114 × Cr 1.043  1 0.8313 0.961 1.432 0.000 0.000 <0.001
AGBD  = 22.859 × Cr  + 1.094 0.8309 0.000 0.000 0.115 0.121 <0.001

1  Optimal model with the highest R2  and the lowest RMSE and AICc values highlighted in bold.

Predictive models for AGBD  at the regional scale were obtained by fitting linear and 
allometric functions with Cr . Similar to the findings at the quadrat scale, the two fitting 
results were comparable (each R2  value was close to 0.831, and the disparities in errors and 
AIC values were small). Specifically, the allometric model had a slightly higher R2 than 
the linear model (R2  = 0.8313), smaller RMSE (RMSE = 96.825) and AIC (AIC = 472.398) 
values, yet higher MAE (ΔMAE = 0.961) and TRE (TRE = 1.432) values (Figure 2, Table 6). 
Consequently, the allometric model was recognized as the most suitable for estimating 
desert AGB at the regional scale. Based on these evaluations, the optimal Gobi Desert AGB 
estimation model at the regional scale was determined as follows: AGB = 20.114 × Ct 1.043 .

At the regional scale, leave-one-plot-out (LOO) cross-validation results showed sim-
ilar performance to the quadrat scale. Whether using allometric or linear models, AGB 
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predictions based on quadrat cover achieved high consistency with the measured val-
ues using both models; the validation R2  was close to the fitting R2 , demonstrating good 
model generalization capability (Figure 2b, Table 6). Although the allometric model effec-
tively captured data characteristics within the study area and achieved slightly higher 
estimation accuracy than the linear model, its stability and generalization capability 
(R2  = 0.8087, RMSE =103.1, MAE = 57.92) were somewhat weaker than those of the linear 
model (R2  = 0.8162, RMSE = 101.0, MAE = 55.51).

Similar to the fitting results at the quadrat scale, there is a slight difference between 
the predicted and measured values at the regional scale (Figure 3b), but the Cr -based 
estimation model can be employed for accurate estimation of AGBD  in arid habitats. In 
comparison with the model at the quadrat scale, the optimal model at the regional scale 
exhibits a higher R2 , lower errors and a lower AIC value, indicating greater accuracy at 
larger scales.

 

(a) (b) 

Figure 3. Models of AGBD  fitted by remote-sensing data at regional scale: (a) Model fitted by relative 
cover (Cr ); (b) Relationships between the observed and predicted AGBD  values.

Compared to field sampling data, the model estimating regional AGB using remote-
sensing data exhibits a fitting slope close to 1 (slope = 0.9703 ± 0.0131, Figure 3b), confirming 
the absence of systematic overestimation or underestimation in biomass predictions and 
the manageable magnitude of overall model bias. However, the R2  value of the AGB model 
constructed using remote-sensing data is low (R2  = 0.3656, Figure 3a). Due to the inherent 
precision constraints of remote-sensing data, low goodness-of-fit, and high scatter-point 
dispersion, the model’s ability to explain AGB at the regional scale is limited, and it is 
exclusively applicable for coarse estimation of community biomass across regional extents.

3. Discussion
3.1. Aboveground Biomass Estimation Modeling Methods in the Gobi Desert

The establishment of an estimation model using readily measurable factors is a common 
approach in the research on AGB [50]. Selected factors ought to exhibit a close correlation 
with the morphology of individual plants. The morphological features of Gobi Desert 
ecosystems differ from those of mesic ecosystems. As an important morphological parame-
ter, plant height is frequently employed for the estimation of AGB but demonstrates limited 
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predictive capacity in arid habitats [45,49,51]. While canopy area has been proved to be an 
effective predictor variable for the estimation of AGB [45,52]. Furthermore, for desert plants 
characterized by short stature and a high branching ratio, using the product of canopy area 
and plant height (CH), denoted as canopy volume (V), as the independent variable serves 
as an indicator with strong predictive potential [4].

Nevertheless, plants in the Gobi Desert, predominantly consisting of shrubs and herbs, 
lack main stems, and the bases of plants are always covered with sand. Using factors 
such as diameter at breast height (DBH) and basal diameter (BD) [53,54], which are 
commonly employed to estimate AGB in mesophytic habitats, can easily lead to inaccurate 
measurements and increase estimation difficulty [55].

In addition, there are some models incorporating multiple variables, such as the model 
based on D and H [56], the model based on BD, W and H [10,45], and the model based on 
BD, C and H [40]. These multivariate models are also capable of attaining favorable fitting 
outcomes, but they are plagued by the issue of overfitting.

Generally, the R2  values exhibit an upward trend in tandem with an augmentation 
in the quantity of variables incorporated into the model. Furthermore, the inclusion of 
redundant independent variables can give rise to challenges in interpreting regression 
equations and contribute to an escalation in error [50]. Consequently, with appropriate 
equation selection, precise estimation results can be acquired by utilizing a limited number 
of parameters.

In this study, the models incorporating the selected variable Ci H achieved the optimal 
fitting results when estimating AGB in the Gobi Desert at the individual scale based on 
goodness-of-fit and Ramsey RESET test results. Moreover, models based on Ci  also yielded 
comparable results. The variables associated with canopy area achieved favorable fitting 
results, whereas the parameter H only slightly enhanced the fitting results. From the 
perspectives of accuracy and measurement convenience, it appears that C serves as a 
simpler and more applicable independent variable for AGB estimation. This proposition 
has also been verified at both the quadrat (Ct ) and regional (Cr ) scales. Consequently, it is 
proposed that a more accurate biomass estimation model can be obtained by incorporating 
multiple variables for screening, with consideration of desert plant morphology, which 
should be evaluated in further studies on AGB [4].

Upon the determination of candidate independent variables, diverse models, including 
linear, quadratic, polynomial, and allometric models, were employed for the estimation of 
AGB [57]. Although linear and polynomial models have achieved favorable fitting results, 
these empirical models lack mechanistic explanations [58]. It is commonly recognized that 
allometric growth relationships represent universal laws that are independent of species, 
individual size, and scale. Moreover, they reflect the synergistic relationships between 
plant morphological growth and AGB increase [59,60]. The findings of this study offer 
evidence to support this theory. The widely developed allometric equations for species 
in mesic climates were also applicable for the estimation of multi-species AGB in arid 
habitats [54,61], and allometric models were superior to linear models across all studied 
scales. In this study, fitting results at the quadrat and regional scales were suboptimal 
(R2  values did not exceed 0.850) due to morphological disparities among different species. 
Future research necessitates more refined model optimization and mechanism elucidation.

3.2. Multi-Scale Aboveground Biomass Estimation Methods
The issue of scale transformation has long served as a significant obstacle and focal 

point in ecological research [4,62] because most ecological processes typically exhibit scale 
dependence [63]. Numerous studies have been conducted to overcome the limitations of 
scale transformation and perform large-scale biomass estimation, including the biomass 
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conversion factor method and remote-sensing-based biomass models [64,65]. Nevertheless, 
the biomass conversion factor method requires comprehensive and detailed inventory data, 
and remote-sensing methods exhibit lower accuracy in desert regions with sparse vegetation 
cover [57,66]. Owing to these limitations, these methods are not suitable for estimating the 
biomass of desert vegetation [4,42].

In research concentrating on specific species like Alhagi sparsifolia [41], Haloxylon 
ammodendron [42] and Asterothamnus centraliasiaticus [4], AGB in desert regions can be 
effectively estimated through projected canopy cover. This indicates that plant-projected 
area alone serves as a valid variable for estimating AGB of desert plants. Moreover, these 
estimation models, based on allometric equations, have achieved excellent fitting results 
when estimating the AGB of single species, effectively facilitating scale transformation 
through plant projection canopy cover. In this study, by constructing optimal estimation 
models for the AGB of eight dominant desert species within the study area, it was verified 
that variables related to plant projection area (Ci  and Ci H) can effectively estimate the 
individual AGB of desert plants. When scaled up to the quadrat scale, using the total 
projected area as the independent variable also enables accurate estimation of AGB. By 
utilizing Cr , it is feasible to accurately estimate the AGBD  of desert communities at the 
regional scale, thereby enabling rapid and precise estimation of AGB across desert regions.

The average AGBD  across 53 sample plots in the northwest of Gansu province was 
204.430 kg/hm2 , with values ranging from 1.291 to 904.860 kg/hm2 , indicating strong 
spatial heterogeneity. Sampling studies conducted in the Junggar Desert in northern Xin-
jiang revealed an average AGBD  of plant communities of 1154.2 kg/hm2 , with a range of 
20–7081.2 kg/hm2  [67]. Research in the Gurbantunggut Desert indicated that the average 
biomass density of three desert communities ranges from 605 to 927 kg/hm2 , with micro-
habitats being the core driver of biomass heterogeneity [68]. The primary reason why the 
AGBD  estimates of deserts in the northwest of China conducted at similar latitudes are 
higher than those in this study is due to higher precipitation and different vegetation. The 
average AGBD  based on remote-sensing data was 41.942 Mg/hm2 , with a variation range 
of 27.852–61.674 Mg/hm2 . The AGBD  derived from remote-sensing data is substantially 
higher than that obtained from field sampling.

Addressing the order-of-magnitude discrepancy between ground-based sampling and 
remote-sensing inversion of biomass density, we conducted a quantitative decomposition 
and source analysis across five dimensions: statistical scope, mixed-pixel effects, inver-
sion errors in remote-sensing data, differences in modeling methods, and spatiotemporal 
matching, with a particular focus on clarifying the contributions of mixed-pixel effects 
caused by spatial resolution and the systematic errors inherent in the remote-sensing data 
sources themselves. Using a logarithmic decomposition method to quantitatively analyze 
the sources of the biomass order-of-magnitude discrepancy, the results showed that mixed-
pixel effects caused by spatial resolution are the primary contributing factor, accounting 
for 35.67% of the total discrepancy. Differences in statistical scale and systematic errors in 
remote-sensing data sources account for 23.96% and 22.51%, respectively. Moreover, contri-
butions of modeling factors and spatiotemporal matching account for 10.93% and 6.93%, 
respectively, which are relatively small. As the automated vegetation monitoring system, 
comprising high-resolution satellite networks, low-altitude UAV remote sensing, and AI-
based intelligent interpretation, continues to improve, mixed-pixel effects and data-source 
systematic errors can be effectively mitigated. Consequently, the accuracy of large-scale 
biomass estimation and the level of operational monitoring in arid regions are expected to 
continue improving in the future [69].

Spatial scale mismatch is a common cause of numerical discrepancies between ground 
sampling and remote-sensing inversion results, a phenomenon that is particularly pro-
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nounced in arid desert ecosystems characterized by strong heterogeneity. Existing studies 
have shown that scale differences can lead to relative estimation errors exceeding 30%, 
making them one of the primary sources of uncertainty in ecological remote-sensing esti-
mates [70], which is consistent with the findings of this study. To address the systematic 
bias introduced by scale differences, a multi-scale assessment and calibration framework can 
be adopted: using 400 m as an intermediate reference scale to perform scale conversion and 
result calibration between ground quadrats and satellite pixels, thereby effectively reducing 
estimation errors caused by spatial mismatch [70]. As high-resolution satellite networks 
expand and automated vegetation monitoring systems continue to improve, the effects of 
mixed-pixel phenomena and systematic errors in data sources can be further mitigated, 
which is expected to continuously enhance the accuracy and stability of large-scale biomass 
estimates in arid regions.

We developed a method for estimating AGB of desert plant communities without 
scale limitations. This modeling method possesses high utility value. It estimates the 
regional AGBD  based on the readily measurable factor Cr  and then combines it with the 
regional area to obtain the total AGB. While enabling accurate and rapid estimation, it 
significantly simplifies the process of AGB estimation and conserves the resources of labor 
and material. This method not only overcomes scale limitations but, as shown by the study’s 
results, exhibits a tendency of improved model fit with increasing scales. There are two 
primary reasons for the improved goodness-of-fit at the regional scale. First, in the Gobi 
Desert, where vegetation is sparse and distributed in highly patchy patterns, increasing 
the sample plot area reduces the influence of extreme values and enhances the stability of 
the relationship between vegetation cover and AGB. Second, when quadrats containing 
substantial random fluctuations are merged, the independent random errors are smoothed 
out through averaging in the larger sample plots.

In the future, integrating multi-source data on desert Cr  obtained through unmanned 
aerial vehicle photography and remote-sensing technologies can further enhance the accu-
racy and efficiency of AGB estimation in desert regions.

The applicability of the cover allometric model for estimating AGB in multi-species 
communities rests on the accurate estimation of AGB of individual desert plants by the 
allometric model. Accordingly, in Gobi Desert regions similar to the study area, the cover 
allometric model exhibits strong applicability, enabling relatively accurate biomass estimates 
and facilitating the development of a general model. Cross-validation results also support 
this conclusion. Nonetheless, although the spatial scope of this study is broad, the extreme 
habitat conditions across study sites are relatively homogeneous. Within the study area, 
plant species for which the allometric model fails to fully explain AGB variability (e.g., 
A. desertorum and S. collina) may reduce model accuracy. If such plant species are more 
prevalent in other desert regions, this may further exacerbate model instability and diminish 
its predictive capacity. Furthermore, in habitats with markedly different environmental 
conditions, variations in plant morphology may further reduce the accuracy of models 
relying on the single variable. Overall, the cover allometric model demonstrates strong 
applicability for estimating AGB in Gobi Desert regions of northwestern China, allowing for 
convenient acquisition of sufficiently accurate biomass estimates. However, the applicability 
of this model in other arid regions warrants further investigation and validation.

4. Materials and Methods
4.1. Study Area

The study area is located in the northwestern part of Gansu Province, China 
(94°18′–100°7′ E, 39°3′–40°41′ N, Figure 4). This region is characterized by a temperate 
continental climate, with annual precipitation decreasing from 170 mm in the southeast 
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to 40 mm in the northwest, and approximately 60% of the precipitation is concentrated 
from June to August [16]. The annual average temperature spans from 5 to 12 °C, gradually 
decreasing from the southeast to the northwest. The climatic conditions exhibit a smooth 
gradient transition from the southeast towards the northwest. The main soil types in the 
study area are similar, including brown desert soils and gray-brown desert soils, with an 
average gravel coverage of 52% [71]. The vegetation in this region is dominated by drought-
tolerant plants, such as Nitraria tangutorum, Reaumuria songarica, Suaeda glauca, Salsola collina, 
Bassia dasyphylla, Alhagi sparsifolia, Artemisia desertorum, and Ephedra sinica. In light of the 
geographical and climatic features, it is an ideal region for the construction and verification 
of AGB estimation models.

Figure 4. Locations of the 5 study sites and the altitude in Gansu Province. The n values in the 
subplots are the number of sampling quadrats.

4.2. Sampling and Measurements
From 2015 to 2017, field surveys were conducted in Linze (LZB & LZN), Jiayuguan 

(JYG), Guazhou (GZ) and Dunhuang (DH) during the period of vigorous plant growth 
from July to August for three consecutive years. All sampling quadrats were 10 m × 10 m 
in size and were at a sufficient distance from transmission lines, roads, structures, and 
ditches to reduce possible disturbances. Following the random selection of a starting point, 
10 sample plots were surveyed continuously along a straight line. Where sufficient single-
row sample plots could not be obtained due to topographic or other constraints, a parallel 
two-row arrangement with 5 sample plots per row was employed. All plant individuals in 
the quadrats were measured. For each plant individual, the height (H) and crown width 
(W1 × W2 ) were recorded.
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A total of 450 sampling quadrats were established in 5 sites, and 2944 individual 
plant samples were collected. For herbs in the quadrat, the entire aboveground part of 
each individual was collected. For shrubs and subshrubs, the partial harvest method was 
employed to reduce damage to the habitat [16]. The horizontal projection of plant canopy 
was approximated as a circle or an ellipse, which was then divided along the radial direction 
into 8 fan-shaped sampling units of equal area. A set of opposite fan-shaped units, totaling 
1/4 of the total canopy projected area, was selected, and all aboveground tissues within 
this area were harvested, and their dry matter mass was measured as a 1/4 plant AGB, 
from which the total AGB of the entire plant was calculated. This symmetrical sampling 
design can effectively offset estimation bias caused by canopy orientation heterogeneity and 
uneven distribution of plant biomass while reducing vegetation damage.

Following collection, plant samples were air-dried to eliminate weighing errors re-
sulting from mold growth or tissue decay during transportation. Prior to oven drying, 
the samples were cut into small fragments to facilitate efficient processing of large sample 
batches. Subsequently, each plant sample was oven-dried at 70 °C in the laboratory until a 
constant weight was achieved, after which the dry weight was measured.

4.3. Modeling of Multi-Scale Biomass Estimation
The allometric scaling model (1) was adopted for AGB estimation of all species at the 

individual scale. While at the quadrat and regional scales, linear (2) and allometric scaling 
models were fitted separately, and the resulting functions were compared to determine the 
optimal biomass estimation model. The allometric scaling equation and linear equation can 
be expressed as follows:

AGB = βi × Xαi
i (1)

AGB = ai Xi  + bi (2)

where AGB is aboveground biomass, βi  is a normalization constant, Xi  is a certain vegetation 
morphological characteristic (e.g., cover, height), and αi  is the allometric exponent; ai  and 
bi  are the required constant coefficients.

4.3.1. Individual Scale Modeling
To obtain the optimal rules for modeling the AGB of plants in arid regions, morpho-

logical data of a total of 2725 individuals belonging to 8 dominant species, namely Nitraria 
tangutorum, Ephedra sinica, Reaumuria songarica, Alhagi sparsifolia, Artemisia desertorum, Suaeda 
glauca, Salsola collina and Bassia dasyphylla, were collected to establish desert AGB estimation 
models separately at the individual scale. The collected plant samples encompass almost 
all plant types found in the Gobi Desert. Among them, N. tangutorum and E. sinica were 
perennial shrubs, R. songarica and A. sparsifolia were perennial subshrubs, A. desertorum was 
a perennial herb, while S. glauca, S. collina and B. dasyphylla were annual herbs. The number 
of 8 dominant species accounts for 92.49% of all sampled individuals, while their projected 
area accounts for 96.50% of the total projected area of vegetation, which can represent the 
AGB accumulation status of vegetation in the study area. The remaining 219 plant individ-
uals belong to 11 species. Among these species, Atraphaxis pungens, Haloxylon ammodendron, 
Kalidium foliatum, Caragana korshinskii and Calligonum mongolicum were perennial shrubs; 
Caroxylon passerinum and Sympegma regelii were perennial subshrubs; Peganum harmala and 
Artemisia frigida were perennial herbs; Agriophyllum pungens and Halogeton glomeratus were 
annual herbs. Due to the relatively small sample sizes, no individual AGB estimation models 
were developed for these species.

Numerous studies have been conducted on the establishment of models for estimating 
AGB in arid regions. Based on previous research, three parameters, including Ci (individual 
canopy area), H and their composite factor Ci H, were selected to fit the AGB of eight 
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dominant desert plants using the allometric equation [4,42]. Assuming the projection of a 
plant crown to be an ellipse, the projected area of an individual plant can be calculated based 
on the crown widths using the ellipse area formula. The factor Ci H serves as a simulation 
of plant canopy volumes, simulating a cylinder or a cone. The equations used to derive Ci 
and Ci H are as follows:

Ci = π ×
W1
2 ×

W2
2 (3)

Ci H = Ci × H (4)

where Ci is the canopy area of an individual plant (m2 ); W1  and W2  are crown widths (m); 
Ci H is canopy volume (m3 ); H is the plant height (m).

4.3.2. Quadrat Scale Modeling
At the quadrat scale, a more comprehensive survey of the morphological factors of all 

individual plants (not only the 8 dominant species) was conducted within 450 quadrats. 
The quadrat AGB was calculated by summing the biomasses of all individual plants in 
the quadrats. However, this method is impractical for large quadrats due to its overly 
cumbersome calculations. Some studies have shown that canopy cover is a more appropriate 
parameter for estimating desert plant AGB over larger areas [4,42]. Therefore, we attempted 
to estimate AGB by using the total canopy cover (Ct , m2 ) of all plant species in the sample 
plot. In this study, 3 variables, including Ct , H and Ct H, were selected to fit AGB using 
the allometric equation at the quadrat scale. The composite factor Ct H denotes the volume 
occupied by the plant community in the quadrat. The equations used to derive Ct  and Ct H 
are as follows:

Ct = ∑ Ci (5)

Ct H = Ct × H (6)

where Ct  is plant total canopy cover, Ct H is quadrat canopy volume (m3 ); H denotes the 
mean plant height in the quadrat.

4.3.3. Regional Scale Modeling
Although Ct  has demonstrated substantial applicability in estimating AGB at the 

quadrat scale, it cannot be directly applied at larger scales. Conducting comprehensive 
determinations of Ct  at larger scales is unfeasible. Even if Ct  is determined, it would be 
necessary to convert area estimates to a fixed sample area to utilize the model for biomass 
estimation [4,42]. Furthermore, these values must be multiplied by the area multiple to 
obtain the values for the total AGB [4].

The concept of biomass density has been proposed and verified in the single-species 
biomass estimation of Haloxylon ammodendron [42] and Asterothamnus centraliasiaticus [4]. 
In this study, an attempt was made to estimate the aboveground biomass density (AGBD , 
kg/hm2 ) of desert plant communities at the regional scale by utilizing relative canopy cover 
(Cr , %), which refers to the total cover of desert vegetation expressed as a percentage of 
the total plot area. Ten spatially contiguous 10 m × 10 m quadrats mentioned above were 
combined into a larger sample plot (0.1 hm2 , either arranged in 2 rows of 5 quadrats each 
or 10 quadrats in a single row). For sample plots with insufficient area, regional AGBD  is 
calculated based on the measured actual biomass and actual area. Furthermore, remote-
sensing datasets encompassing vegetation cover [72] and aboveground biomass [73] data 
were adopted to validate the AGB estimation model applicable to broader regional scales. 
Specifically, the vegetation cover dataset “China regional 250 m fractional vegetation cover 
data set (2000–2024)” was monthly fractional vegetation cover in China from 2000 to 2024, 
with a spatial resolution of 250 m; the AGB dataset “A 30-m aboveground biomass dataset 
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for China in 2020” was a nationwide dataset of aboveground biomass density (AGBD) for 
China in 2020, with a high-resolution of 30 m, which integrates multiple vegetation types. 
The resolution of both datasets was standardized to 250 m prior to analysis. Employing Cr 
for calculation can be applied to biomass estimation in areas of varying sizes. This approach 
not only avoids the conversion of the study area as described above but also circumvents 
the issue of scale transformation [4].

Cr  = Ct /A (7)

where Cr  is relative cover (%), Ct  is plant total canopy cover; A denotes the area of each 
quadrat (m2 ).

4.4. Model Evaluation
Several indices were used to evaluate the goodness of fit of the models at all scales: 

coefficient of determination (R2 ), mean absolute error (MAE), total relative error (TRE), 
root mean square error (RMSE) and Akaike information criterion (AICc). The formulas 
are as follows:

R2 = 1 −
n

∑
i=1

(yi − ŷi)
2/

n
∑
i=1

(yi − yi)
2 (8)

MAE =
1
n

n
∑
i=1

|yi − ŷi| (9)

TRE =
n

∑
i=1

(yi − ŷi)/
n

∑
i=1

yi × 100% (10)

RMSE = √
1
n

n
∑
i=1

(yi − ŷi)
2 (11)

where n is the sample size, yi  is the measured AGB, ŷi  is the estimated AGB, and ӯi  is the 
average of measured values.

AICc = log
RSS

n + 2k +
2k(k + 1)
n − k − 1 (12)

ΔAICc = AICci − AICcmin , for i = 1, 2, … (13)

where AICc is the Akaike information criterion, and ΔAICc is the AICc difference; k is the 
number of parameters. The larger the R2  value and the smaller the values of other indices, 
the smaller the difference between the estimated and measured values of the model, which 
indicates a better estimation effect of the model.

4.5. Predictive Performance
Predictive performance was obtained by cross-validation. In this study, one scheme 

matching the sampling structure of each scale was adopted. At the quadrat scale, where the 
sample was large (n = 450) and collected at a fixed set of sites and years, random 10-fold 
cross-validation was used, which estimates the interpolation accuracy of the model for new 
quadrats drawn from the same sampling population. Specifically, all 450 quadrats were 
randomly assigned to 10 folds of 45 (random seed 42). In each of the 10 iterations, the 
model was calibrated on nine folds and used to predict the remaining fold, so that every 
quadrat was predicted exactly once. At the regional scale, where the sample was small 
(n = 53), leave-one-plot-out (LOO) cross-validation was used, which estimates the accuracy 
of the model for an unsurveyed plot within the sampled region. Each of the 53 plots was 
withheld in turn and predicted from a model calibrated on the other 52, giving 53 folds. In 
both schemes, every observation is predicted exactly once, and all predictive statistics are 
computed on the pooled out-of-fold predictions.
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4.6. Statistical Analysis
Correlation analysis was conducted in SPSS 20. The AGB at all scales were estimated 

in Origin 9.0 software. At the individual scale, only power functions were fitted, whereas 
at the quadrat and regional scales, linear and allometric scaling equations were used. All 
data were collated using Microsoft Excel 2010; model fitting and plotting were performed 
using Origin 9.0. Linear relationships were estimated using ordinary least squares (OLS) 
regression, while nonlinear fitting was performed using the Levenberg–Marquardt (L-M) 
method. Cross-validation and the Ramsey RESET test were conducted using R 4.2.3.

5. Conclusions
In this study, we proposed a multi-scale AGB estimation method for Gobi Desert plants 

based on canopy cover. Following rigorous validation of its accuracy and effectiveness 
in estimating AGB of dominant species at the individual level, this method was further 
extended to multi-species communities at larger scales.

Results indicated that the allometric model was verified to be applicable at the individ-
ual, quadrat and regional scales. In terms of variable selection, variables associated with 
canopy cover were identified as appropriate variables for estimating the AGB of dominant 
species at the individual scale. At the quadrat scale, Ct  emerged as the most suitable parame-
ter for estimating the AGB of plant communities. At the regional scale, Cr  was recognized as 
optimal for estimating AGBD . By integrating Cr  with the regional area estimates, AGBD  can 
be precisely quantified at any desired spatial scale. This finding is of substantial significance 
for the management, development, and vegetation research of desert ecosystems.

AGB estimation models based on canopy cover not only overcome scale limitations but, 
as shown by the study’s results, exhibit a tendency of improved model fit with increasing 
scales. However, when applied to remote-sensing data, the model exhibits relatively low 
fitting accuracy. It demonstrates good stability when applied to Gobi Desert habitats similar 
to the study area, but its applicability in other arid regions still requires further validation.
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Appendix A 

Table A1. Shapiro–Wilk normality test results.

Species W df p

N. tangutorum 0.985 152 0.106
E. sinica 0.983 46 0.738

R. songarica 0.993 107 0.861
A. sparsifolia 0.937 73 0.001
A. desertorum 0.979 469 <0.050

S. glauca 0.949 361 <0.050
S. collina 0.952 124 <0.050

B. dasyphylla 0.958 1392 <0.050

 
(a) (b) 

 
(c) (d) 

 
(e) (f) 

Figure A1. Cont.
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Figure A1. Scatter plot of fitted AGB values and residuals of (a) Nitraria tangutorum, (b) Ephedra 
sinica, (c) Reaumuria songarica, (d) Alhagi sparsifolia, (e) Artemisia desertorum, (f) Suaeda glauca, (g) Sal-
sola collina, (h) Bassia dasyphylla, with superimposed loess local smoothing trend lines (redlines 
in subfigures).

  
(a) (b) 

 
(c) (d) 

Figure A2. Cont.
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(e) (f) 

 
(g) (h) 

Figure A2. Normal Q-Q plot of standardized residuals of (a) Nitraria tangutorum, (b) Ephedra sinica, 
(c) Reaumuria songarica, (d) Alhagi sparsifolia, (e) Artemisia desertorum, (f) Suaeda glauca, (g) Salsola 
collina, (h) Bassia dasyphylla. If the scatter points of standardized residuals and expected normal 
values (blue circles) cluster near the reference line y = x (red dashed lines), the normality assumption 
for the residuals is tenable.
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