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Abstract 7 

1. Heathland is an important carbon sink and habitat for biodiversity. It is heavily 8 

managed Heathland is an important carbon sink and habitat for biodiversity. It is 9 

heavily managed through grazing and prescribed fire and faces increasing threats 10 

from wildfire and forest encroachment. Because the proportion of overall heathland 11 

carbon stock is predominately below-ground, above-ground biomass (AGB) is often 12 

neglected. Quantifying both AGB and soil organic carbon (SOC) is therefore 13 

important for understanding total heathland carbon storage. 14 

2. This study was conducted at Thursley National Nature Reserve, UK. We evaluated 15 

the effectiveness of hand-held Light Detection and Ranging (LiDAR) and unmanned 16 

aerial vehicle (UAV) Structure-from-Motion (SfM) for estimating above-ground 17 

biomass (AGB) and associated carbon stocks across dry (Calluna vulgaris) and wet 18 

(Erica tetralix) heathlands with different stand ages and fire histories. Vegetation was 19 



 

 

scanned before destructive biomass sampling, and the resulting three-dimensional 20 

(3D) point clouds were processed to derive structural metrics using canopy height 21 

models (CHMs) and voxelization. These metrics were then used to develop and 22 

evaluate regression models for AGB estimation, calibrated against the destructively 23 

sampled AGB. 24 

3. In dry heathland, C. vulgaris stands aged 5, 19 and over 25 years had 95th-percentile 25 

canopy heights (H95) of 0.27 ± 0.01, 0.46 ± 0.04 and 0.76 ± 0.05 m, respectively, and 26 

AGB of 5.01 ± 0.55, 14.31 ± 2.19 and 31.92 ± 2.20 t ha⁻¹, respectively. Volumetric 27 

metrics provided better model fits than canopy height alone, with optimal 28 

resolutions of 20 mm for LiDAR voxel-derived and SfM CHM-derived volume, and 5 29 

mm for LiDAR CHM-derived volume. LiDAR-derived models showed little evidence 30 

that biomass–structure relationships differed between C. vulgaris-dominated dry 31 

and E. tetralix-dominated wet heath, whereas the height-based model showed 32 

marginal evidence of heath-type-dependent relationships. 33 

4. SOC were significantly greater in older dry (81.52±9.99 t ha⁻¹) than younger dry 34 

heath (56.08±6.27 t ha⁻¹) and were highest in wet heath (181.97±28.08 t ha⁻¹). 35 

Synthesis and applications: Three-dimensional structural metrics provide a non-36 

destructive approach for monitoring AGB and associated carbon stocks in lowland 37 

heathlands. This method could enable repeated assessments of vegetation structure 38 

and biomass in response to management, while soil carbon measurements highlight 39 

the importance of considering below-ground carbon storage when evaluating heathland 40 

management strategies. 41 
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Introduction 45 

European lowland heathlands support exceptionally rich biodiversity and provide vital 46 

ecosystem services, including carbon sequestration, climate regulation, and flood 47 

mitigation (Friggens et al., 2020; Gregg et al., 2021; Kowal et al., 2024). Lowland 48 

heathland has undergone substantial decline across both the UK and Europe since the 49 

nineteenth century, primarily due to agricultural intensification and land use change. 50 

The remaining ~58,000 ha of lowland heathland in the UK represents approximately 20% 51 

of the global extent of this habitat (Duddigan et al., 2024). Despite recognition that UK 52 

heathlands have accumulated substantial soil carbon over centuries, current data on 53 

carbon storage remain extremely limited (Gregg et al., 2021). When heathland 54 

vegetation is undisturbed from intensive grazing, burning, or cutting, biomass 55 

accumulation and carbon sequestration increase, supporting ecosystem resilience and 56 

service delivery (Mitchell et al., 2000). Calluna vulgaris, the dominant species, matures 57 

around 18 years of growth before senescence or successional transition (Gimingham, 58 

1988; Kopittke et al., 2013). Alday et al., (2015) found that C. vulgaris above-ground 59 

biomass (AGB) accumulation generally peaked at around 20-25 years, before 60 

stabilizing. Within heathlands, below-ground soil organic carbon and integral 61 

mycorrhizal fungi dominates total ecosystem storage (Friggens et al., 2020), but the 62 

slow-growing, woody biomass of heather represents a significant contribution to total 63 

carbon stocks (Kopittke et al., 2013). While management interventions, such as cutting 64 

or burning are necessary to maintain heathland structure and biodiversity, they 65 

temporarily reduce above-ground biomass carbon storage (Pakeman and Marrs, 1992; 66 

Ward et al., 2007). Understanding how these management influences carbon storage is 67 

therefore essential, depend on active management to maintain their characteristic 68 



 

 

vegetation and ecological function, while their contribution to carbon budgets remains 69 

under-quantified (Olmeda et al., 2020). 70 

Studies show that AGB and carbon stocks in European dry heathlands vary strongly with 71 

C. vulgaris dominance, stand age, and management. Classic plot studies in Dutch and 72 

British heathlands quantified AGB and nutrient/carbon dynamics of C. vulgaris and co-73 

dominants (e.g., Molinia caerulea), establishing baselines for productivity in dry 74 

heathland (Aerts, 1989). Age-structured studies demonstrated that C. vulgaris AGB and 75 

carbon stocks increase with stand development from pioneer to mature phases 76 

(Kopittke et al., 2013). Landscape-scale restoration from graminoid- to C. vulgaris-77 

dominated heath increased total carbon and recalcitrant carbon stocks (Quin et al., 78 

2014). More recently, evidence reviews from Scotland have highlighted that upland 79 

heathland soils store substantial amounts of carbon—typically less than peatlands but 80 

comparable to many mineral soils—and that these stocks remain relatively stable over 81 

time unless management regimes are altered (Baggaley et al., 2021).  82 

Traditional methods for quantifying vegetation biomass rely on destructive sampling, 83 

where vegetation is harvested, dried, and weighed to estimate AGB (Rautiainen et al., 84 

2005). Although this method provides accurate local measurements, they are labour-85 

intensive, time-consuming, and often unsuitable for measuring protected or sensitive 86 

habitats such as heathlands (Catchpole and Wheeler, 1992). Moreover, destructive 87 

sampling negatively impacts biomass storage and disturb soil, is not possible to follow 88 

temporally, limiting long term monitoring (Jonckheere et al., 2004). These constraints 89 

highlight the need for replicable, non-destructive approaches that can measure AGB 90 



 

 

with accuracy and precision without damaging vegetation or altering ecosystem 91 

processes.  92 

Non-destructive biomass estimation using remote sensing (RS) offers a scalable and 93 

efficient alternative for monitoring vegetation productivity and carbon stocks (Eitel et 94 

al., 2016; Lu, 2006; Lu et al., 2016). By integrating multi-temporal observations, RS-95 

based approaches can capture changes in vegetation growth, canopy height, and 96 

structural complexity, providing essential data for understanding AGB dynamics in 97 

response to habitat management and environmental change. Recent studies have 98 

demonstrated the potential of unmanned aerial vehicle (UAV) and Light Detection and 99 

Ranging (LiDAR) to quantify heathland biomass and fuel structure, including estimating 100 

biomass consumption from pre- and post-burn height changes (Hout et al., 2025), as 101 

well as mapping habitat condition and vegetation structure, monitoring management 102 

outcomes, and assessing habitat quality, vegetation composition, and conservation 103 

status through multispectral and hyperspectral imagery (Delalieux et al., 2012; Mücher 104 

et al., 2013; Haest et al., 2017; Schmidt et al., 2017, 2018). These studies show that 105 

spectral unmixing and imaging spectroscopy can detect community composition, 106 

flowering phases, and encroachment processes relevant to Natura 2000 habitat 107 

monitoring. At finer spatial scales, UAV imagery has quantified C. vulgaris phenology 108 

(Neumann et al., 2020) and predicted post-management recovery and grass invasion 109 

using combined optical and structural metrics (Neumann et al., 2021). More recently, 110 

UAV LiDAR has provided detailed three-dimensional (3D) metrics of heathland canopy 111 

height and biomass, including assessments of fuel load and consumption after 112 

prescribed burning (Hout et al., 2025). These examples demonstrate the power of RS as 113 



 

 

a non-destructive and repeatable approach for assessing heathland structure, function, 114 

and management. 115 

3D RS extends these applications by using active systems, such as LiDAR, directly 116 

measure distances between emitted light pulses and their returns to derive precise 3D 117 

point clouds that are used to derive models of observed objects (Heritage and Large, 118 

2009). Passive systems use techniques like Structure from Motion (SfM) to generate 119 

dense 3D point clouds from sequential overlapping 2D images (Snavely et al., 2006; 120 

Bendig et al., 2014). LiDAR-based measurements have been applied to estimate canopy 121 

height and volume for biomass assessments in shrublands (Greaves et al., 2015; Li et 122 

al., 2015), crops (Bendig et al., 2014; Eitel et al., 2016), and grasslands (Cooper et al., 123 

2017; Wallace et al., 2017), highlighting the versatility of 3D RS for ecological 124 

monitoring. UAV-based SfM combines flexible image acquisition with automated 3D 125 

reconstruction to produce high-resolution digital surface models at relatively low cost. 126 

Such workflows have been successfully applied to estimate crop height and biomass 127 

(Lu et al., 2019; Zhu et al., 2019) and to capture vegetation structural variability in 128 

natural ecosystems (Forsmoo et al., 2018; Cunliffe et al., 2022). Its scalability, 129 

repeatability, and centimetre-scale resolution make it particularly well suited to 130 

dynamic habitats such as heathlands, where vegetation height, phenology, and 131 

recovery after management vary across short distances. 132 

Recent research has begun to explore this frontier demonstrating that both LiDAR and 133 

UAV SfM can reliably estimate biomass in grasslands (Wijesingha et al., 2019). However, 134 

to our knowledge, no study has yet predicted heathland biomass using both SfM- and 135 

LiDAR-derived metrics. This study aims to assess the performance of SfM and LiDAR 136 



 

 

approaches for developing empirical biomass prediction models across heathlands of 137 

contrasting hydrology i.e. wet and dry heathland and C. vulgaris-dominated stand ages, 138 

representing structural variation arising from contrasting management and 139 

successional stages of fire recovery and growth. We hypothesize that heathland AGB 140 

could be estimated using structural metrics derived from both UAV-SfM and LiDAR point 141 

clouds. Additionally, we expected carbon storage (both above- and below-ground) to 142 

increase with heathland age and time since disturbance. In summary, the objectives of 143 

this study were to: 144 

• develop empirical models for estimating heathland AGB and associated carbon 145 

stocks using structural metrics derived from SfM and LiDAR point clouds;  146 

• evaluate the performance of biomass prediction models derived from SfM- and 147 

LiDAR-based structural metrics across heathland types; and, 148 

• quantify above- and below-ground carbon stocks across different heathland age 149 

and fire histories. 150 

 151 



 

 

Materials and Methods 152 

Study area 153 

The study was carried out in March 2025 at Thursley National Nature Reserve (NNR) in 154 

southern England (51°09′25″N 0°42′04″W). The site comprises C. vulgaris – Ulex minor 155 

dry heathland (H2, National Vegetation Classification [NVC] scheme, Rodwell 2006) and 156 

Erica tetralix - Sphagnum compactum wet heathland (M16). It is a Special Area of 157 

Conservation (European Union's Habitats Directive, 92/43/EEC). 158 

To understand the relationship between age and biomass, and test the methods across 159 

developmental stages, we chose three distinct sites within the dry heathland 160 

representing a chrono-sequence of heather growth (Figure 1). Two sites were associated 161 

with known wildfire events: Site 1 burned in 2020, and Site 2 burned in 2006. These fire 162 

histories provided objective estimates of heather stand age: Site 1, 5 years old, and Site 163 

2, 19 years old at time of survey.  A third dry heathland site was in an area known not to 164 

have burned for at least 25 years, representing older and mature heather stands. In 165 

addition, a wet heathland site was included to test whether structural–biomass 166 

relationships derived from dry heath RS metrics were transferable across different 167 

heath types and hydraulic gradients.  168 

Both 2020- and 2006-burn dry heath sites were dominated by two types of heather, C. 169 

vulgaris and Erica cinerea, with some Ulex minor and Ulex europaeus (gorse), and a few 170 

spotty areas or individuals of Pinus sylvestris (Scots Pine) and Betula pendula (silver 171 

birch).  The more recently burned Site 1 had visibly greater bare ground than Site 2. At 172 

Site 2, C. vulgaris reached maximum heights of up to 130 cm and formed large bush-like 173 

structures, while E. cinerea grows shorter and often co-located underneath the C. 174 



 

 

vulgaris. The 2006 fire removed nearly 80% of the heather at Thursley NNR, leaving 175 

small areas of heather aged more than 25 years; Site 3 was in one such patch in the 176 

south-western corner of the reserve. The wet heathland site differed from the dry 177 

heathland sites in species composition and water-table conditions, and was dominated 178 

by Erica tetralix and C. vulgaris, with some U. europaeus. 179 

  180 

 181 

Figure 1 Location of Thursley Nature Reserve and sampling sites. A. Dry heathland: 182 

Site1: wildfire in 2020; Site 2: wildfire in 2006; Site 3: no wildfire; Wet heathland: Site 4. 183 

B. Thursley Nature Reserve in Surrey County. C. Thursley Nature Reserve in South 184 

England.  185 

Data collection 186 

For Sites 1–3, three sample plots were randomly selected within each site; for Site 4, six 187 

sample plots were randomly selected. Each sample plot has a size of 0.5 m by 0.5 m. 188 



 

 

Reflective poles were placed at the four corners of each sample plot. Before harvesting, 189 

the excess vegetation on the edge, extending 5 cm beyond the plot boundary, was 190 

cleared to remove the obstruction for scanning the object inside the plot. 191 

UAV-borne images and LiDAR data were collected in each study plot. Data collection 192 

followed a process of before and after harvest observation (UAV-LiDAR-Harvest-LiDAR-193 

UAV sequence), as previously implements (Cooper et al., 2026). This method 194 

determines the volume of vegetation removed. 195 

UAV data  196 

UAV surveys for each area were conducted using a DJI Mavic 3 Multispectral (DJI). Each 197 

flight covered the entire area with a minimum 50m buffer. The UAV followed a 198 

predesigned flight plan consisting of two intersecting 90° flight grids. The UAV flight grids 199 

were designed using DJI’s built-in flight path planner. UAV data were collected with clear 200 

sky, no wind, during periods of high solar angle (near midday). These weather conditions 201 

help reduce image blur and minimize shadows (Dandois et al., 2015). Each UAV flight 202 

was planned with a ground sample distance (GSD) of 0.55 cm and a constant flight 203 

speed of 1 m/s to keep motion blur below one GSD (O’Connor et al., 2017; Roth et al., 204 

2018; Hartley et al., 2022). The flight altitude was maintained at a constant height of 12 205 

meters. To obtain a high-resolution point cloud and minimize potential artifacts caused 206 

by the complex vegetation structure (Frey et al., 2018), we set the image overlap to 70% 207 

side overlap and 80% frontal overlap. Each UAV image was georeferenced using the 208 

onboard real-time kinematic (RTK) global navigation satellite system (GNSS), with an 209 

accuracy of approximately 1–3 cm. Ground control points (GCPs) were established 210 

using markers placed at the four corners and the centre of each site before the flight. 211 

Following the UAV flight, the precise positions of the GCPs were recorded using a Leica 212 



 

 

Zeno GG04 Plus Smart Antenna RTK GNSS device, with an absolute accuracy of 213 

approximately 1–3 cm. 214 

Handheld LiDAR data  215 

Handheld LiDAR scans of each sample plot were conducted using a FARO GeoSLAM 216 

ZEB Horizon RT Mobile Scanner (Faro, Lake Mary, FL, USA). The ZEB Horizon RT Mobile 217 

Scanner can collect 300,000 scan points per second, with a field of view of 360° x 270°, 218 

up to 6mm relative accuracy and a maximum range of 100 m (Table S1). The GeoSLAM 219 

relies on a Simultaneous Localization and Mapping (SLAM) algorithm that pulls together 220 

the relative position of interception points so that post-processing registration targets 221 

are not required. 222 

LiDAR data collection was conducted with the same procedure in all plots. LiDAR 223 

collection path followed a loop-inside-loop method to form closed circles around each 224 

sample plot, with larger loops around the plot to increase the laser’s viewing angles. 225 

During scanning, the LiDAR height was varied from approximately 0.3 m to 1.37 m with 226 

the sensor orientated towards the sample plots. Three reflective disc markers were 227 

placed within each scan site and were georeferenced to allow alignment between the 228 

LiDAR and the UAV point clouds, also to facilitate the Digital Terrian Model (DTM) 229 

generation of each site (Chuang and Jaw, 2017; Petrov et al., 2024). The markers were 230 

placed to form an acute triangle to maximise coverage (Horn, 1987). Post harvest, an 231 

extra LiDAR scan was conducted for each plot to generate the ground elevation (DTM). 232 

The markers remained at the same positions during the two LiDAR scans to reduce 233 

errors when georeferencing the two point clouds before and after the harvesting.  234 



 

 

AGB data 235 

After the pre-harvesting UAV flight and LiDAR scanning, all above ground plant matter 236 

was harvested within each plot. The wet weight was measured using a hand scale in the 237 

field immediately after harvesting and a 200 g of collected sub-sample were taken for 238 

analysis. These samples were randomly subset to three 30g of subsamples, in a paper 239 

bag, and dried in the oven at 70°C for at least 48h, until the weight was constant. The 240 

constant weight of each subsample is recorded as the dry biomass weight (Pérez-241 

Harguindeguy et al., 2013). A wet-to-dry ratio was calculated and extrapolated to the 242 

whole sample (wet) to get the total dry biomass weight of each sample plot. 243 

Soil data  244 

To estimate below-ground carbon stocks, soil samples containing organic and mineral 245 

layers were collected to a depth of up to 15 cm in keeping with previous heathland 246 

studies (Gregg et al., 2021). Individual samples weighed at least 500 g and were 247 

collected at four time points across 2023 and 2025 in dry heath, and at one time point in 248 

2024 in wet heath, for soil organic carbon (SOC) analysis (Arrigoni et al. 2026). Fresh 249 

samples were transferred the next day to NRM laboratories for processing following 250 

industry standards (Cawood Scientific, Bracknell, UK). The mean soil carbon stock (t C 251 

ha-1) was calculated for each area and time period (n = 15). 252 

Data processing  253 

AGB carbon conversion 254 

We converted dry biomass in each 0.5m x 0.5m plot (g plot⁻¹) (DM: Dry Matter) to carbon 255 

stock (t C ha⁻¹) (Cmass: Carbon stock of above-ground carbon (AGC) per hectare) by 256 

adopting a carbon fraction (CF) = 0.483 specific to C. vulgaris (Allen et al., 2013). The CF 257 



 

 

choice is consistent with other measurements of ~48–51% C for heather leaves and 258 

wood (Grace and Woolhouse, 1973). 259 

𝐶𝑚𝑎𝑠𝑠 = 𝐷𝑀 × 0.04 × 𝐶𝐹 (1) 260 

where:  261 

𝐶𝑚𝑎𝑠𝑠 = AGC stock (t C ha⁻¹)  262 

DM = Dry biomass in each plot (g plot⁻¹) 263 

0.04 = conversion from g plot⁻¹ to t ha⁻¹ 264 

and CF = carbon fraction 265 

Point Cloud Processing 266 

Three individual point clouds were generated for each plot: UAV SfM point clouds, LiDAR 267 

pre-harvest point clouds, and LiDAR post-harvest point clouds. The UAV SfM point 268 

clouds were georeferenced to the British National Grid / OSGB 1936 coordinate 269 

reference system (CRS), consistent with the GCPs collected using RTK GNSS. 270 

3D point clouds were generated from UAV imagery using Agisoft Metashape 271 

Professional version 2.2.0 (64 bit) software (Agisoft LLC, Russia) using the following SfM 272 

workflow. Geo-tagged images from a single UAV flight were first aligned using 273 

automated feature matching across overlapping photographs to identify key and tie 274 

points. This alignment produced a sparse point cloud representing shared features 275 

across the image set and enabled initial georeferencing using the UAV’s onboard RTK 276 

GNSS data.  277 

To improve spatial accuracy, the ground markers were used as high-precision GCPs. 278 

Each GCP was manually marked in at least 20 images prior to camera alignment 279 



 

 

optimization. The camera model and alignment were re-optimized using adaptive fitting 280 

and tie point covariance adjustment. Following sparse cloud generation, low-quality tie 281 

points were removed using Metashape’s “gradual selection” tool, after which the point 282 

clouds were “optimized” to minimize spatial error. These steps significantly reduced 283 

positional errors. 284 

A dense point cloud was subsequently generated from the optimized sparse model 285 

using high-quality settings and mild filtering to preserve detail and limit data loss. The 286 

resulting point cloud offered high-resolution 3D structural information of the surveyed 287 

area, forming the basis for further products such as a Digital Surface Model (DSM), DTM 288 

and orthomosaic imagery. 289 

LiDAR data were processed using FARO Connect 2021 (v5.0) to register individual scans 290 

into plot-level point clouds, which were then imported into the open-source software 291 

CloudCompare (v 2.13.2) (http://www.cloudcompare.org) for further processing. 292 

Because the raw LiDAR point clouds were not georeferenced, alignment with the GCPs 293 

was required. The reflective disc markers were identified manually in the software when 294 

the Intensity parameter was selected as the Scalar Field, which allowed manual 295 

registration of the scan targets with their corresponding GPS-measured coordinates. To 296 

align point clouds within each plot, the registration process followed a combination of 297 

GCP-based alignment and the Iterative Closest Point (ICP) algorithm. First, GCPs were 298 

identified on each of the two point clouds and used as initial references for coarse 299 

alignment. The ICP method was then applied within CloudCompare to iteratively 300 

compute the rigid transformation—comprising rotation, translation, and scaling 301 



 

 

factors—that minimized the distance between matching points in the two clouds (Besl 302 

and McKay, 1992; Westoby et al., 2012).  303 

To improve the delineation of individual plant units and enhance the interpretability of 304 

the point clouds, we removed non-vegetative structures (i.e. stones) and cropped to the 305 

plots (Figure 2 A and B). This protocol enabled the generation of high-resolution 3D 306 

representations of vegetation structure at plot level, supporting accurate downstream 307 

analysis of biomass and spatial distribution. 308 



 

 

 309 

Figure 2 Individual heather was extracted from A) Unmanned Aerial Vehicle (UAV) 310 

Structure-from-Motion (SfM) point clouds; B) Light Detection and Ranging (LiDAR) point 311 

clouds, illustrated in CloudCompare. The volumetric measurements using C) 312 

voxelization (LiDAR only) and D) Canopy Height Modelling (LiDAR and UAV-SfM), 313 

illustrated using lidR package in R. 314 

AGB prediction 315 

To predict AGB we derived structural metrics from point clouds using two approaches: 316 

canopy height modelling (CHM) and 3D voxelization. CHM-derived canopy volume was 317 



 

 

calculated from both LiDAR and SfM point clouds, whereas voxel-based volume 318 

estimation was applied only to LiDAR data. SfM photogrammetry primarily reconstructs 319 

canopy surfaces and rarely captures the internal vegetation structure in low-stature 320 

shrubs. As a result, voxelization of SfM-derived data is unlikely to reliably represent true 321 

vegetation occupancy. 322 

CHM was generated by subtracting the ground elevation from the vegetation elevation, 323 

for both LiDAR and UAV point clouds, using the lidR package (Version 4.1.2) (Roussel et 324 

al., 2026). To derive ground elevation, the post-harvest point cloud was converted into a 325 

raster grid following the method of Roussel et al (2020) (Figure 2 C). Canopy volume was 326 

calculated as the sum of pixel height multiplied by pixel area across vegetated cells. 327 

In this study, LiDAR-derived point clouds were organized into a regular 3D grid. As 328 

defined by Hosoi et al (2013), a voxel—or volumetric pixel—is the smallest unit of 329 

discrete volume used to represent a 3D object. To approximate vegetation structure 330 

(internal and external), we classified each voxel as either occupied or empty, defining a 331 

voxel as occupied if it contained at least one LiDAR return (Figure 2 D). The total 332 

vegetation volume was then estimated by multiplying the number of occupied voxels by 333 

the volume of a single voxel. 334 

In addition to volumetric metrics, canopy height was evaluated as a simpler structural 335 

predictor of biomass. Plot-level canopy height was derived from normalized point 336 

clouds using the 95th percentile of vegetation return heights (H95), a robust measure of 337 

canopy-top height widely used in LiDAR-based vegetation studies (Chan et al., 2021). 338 

This metric effectively captures variation in vegetation structure and canopy 339 

development (Cao et al., 2019). Height–biomass relationships were modelled using 340 



 

 

linear regression with heath type as a factor. This metric allowed comparison between 341 

traditional height-based approaches and volumetric structural representations. 342 

Model Analysis 343 

Linear models (LMs) were used to evaluate relationships between remotely sensed 344 

structural metrics and destructively measured dry biomass. Structural predictors 345 

included canopy volume derived from LiDAR voxelization, LiDAR CHM, and SfM CHM, as 346 

well as canopy height (H95). Heath type (dry and wet) was included as a categorical 347 

factor, and interaction terms were tested to assess differences in biomass–structure 348 

relationships between vegetation types. 349 

To assess resolution sensitivity and to evaluate how resolution affects volumetric 350 

estimation, models were tested using the lidR package (Roussel et al., 2026) at pixel 351 

sizes of 0.5 cm, 1 cm, 2 cm, and 4 cm for CHM-derived volume. And for LiDAR voxel-352 

derived volume, voxel edge lengths of 1 cm, 2 cm, 4 cm, and 8 cm were evaluated. 353 

Height-based models used the 95th percentile canopy height (H95) as predictor. 354 

Model performance was assessed using the coefficient of determination (R²), adjusted 355 

R², root mean square error (RMSE), and normalized RMSE (NRMSE). NRMSE was 356 

calculated by dividing RMSE by the mean observed biomass, allowing comparison of 357 

model performance across structural metrics and spatial resolutions. The operational 358 

pixel or voxel resolution for each structural method was defined as the resolution 359 

yielding the lowest prediction error while showing stability across adjacent scales.  360 

All statistical analyses were conducted in R (version 4.3.0) using the base stats package 361 

for linear modelling and ggplot2 for visualization (R Core Team, 2025).  362 



 

 

Results 363 

Biomass and carbon 364 

The biomass reference data from all sites showing the basic characteristics of sampled 365 

heaths (biomass and height) are in Table S2. Table 1 listed average above-ground dry 366 

biomass and corresponding AGC stock calculated using Equation (1), as well as 95th 367 

percentile height. Estimates of SOC data are included for sites 1, 2 and 4.  368 

Table 1 Summary statistics of wet and dry heathland in all sampling sites: 95th 369 

percentile height, AGB and corresponding carbon stocks and soil organic carbon (SOC). 370 

(mean±SE). Soil data were not collected in the mature heathland in Site 3. 371 

Heath 

type 

Site Stand 

age (yr) 

Height (m)  ABG Biomass 

(t ha-1) 

ABG Carbon 

(t ha-1)  

SOC (t ha-1) 

Dry 1 5 0.27±0.01 5.01±0.55 2.42±0.27 56.08±6.27 

Dry 2 19 0.46±0.04 14.31±2.19 6.91±1.06 81.52±9.99 

Dry 3 25 0.76±0.05 31.92±2.2 15.42±1.06 NA 

Wet 4 5 0.32±0.05 7.88±1.6 3.8±0.78 181.97±28.08 

 372 

AGC stock predictions 373 

Pixel and model selection 374 

Model performance varied with voxel size (Table 2), with the lowest prediction error at 20 375 

mm for LiDAR voxel-derived and SfM CHM-derived volume, and 5 mm for LiDAR CHM-376 

derived volume.  377 



 

 

Table 2 Model selection statistics for different biomass prediction methods across 378 

spatial resolutions. Resolution = voxel or canopy height model (CHM) pixel size. R² = the 379 

proportion of variance explained. RMSE = normalised root mean square error. p_volume 380 

indicates significance of the relationship between biomass and chosen metrics. 381 

p_interaction indicates significance of the interaction between metrics and heath type. 382 

Metrics includes LiDAR Voxels (terrestrial laser scanning voxel-derived volume), LiDAR 383 

CHM (terrestrial laser scanning canopy height model-derived volume), SfM CHM 384 

(Structure-from-Motion canopy height model-derived volume), and Height (height-385 

based model using H95): 386 

Resolution (mm) R2 NRMSE p_volume p_interaction Metrics 

10 0.956 0.160 3.57E-08 0.888 LiDAR Voxels 

20 0.968 0.136 6.31E-09 0.493 LiDAR Voxels 

40 0.963 0.147 1.51E-08 0.190 LiDAR Voxels 

80 0.947 0.175 1.01E-07 0.089 LiDAR Voxels 

5 0.968 0.137 6.72E-09 0.148 LiDAR CHM 

10 0.966 0.141 8.97E-09 0.049 LiDAR CHM 

20 0.963 0.147 1.42E-08 0.034 LiDAR CHM 

40 0.957 0.157 3.07E-08 0.032 LiDAR CHM 

5 0.917 0.219 1.23E-06 0.034 SfM CHM 

10 0.917 0.219 1.22E-06 0.038 SfM CHM 

20 0.918 0.218 1.14E-06 0.052 SfM CHM 

40 0.908 0.231 2.22E-06 0.095 SfM CHM 

NA 0.944 0.181 1.46E-07 0.056 Height 



 

 

Overall, the four structural metrics derived from point clouds showed significant 387 

positive relationships with AGB-carbon density (Figure 3). Among the tested 388 

approaches, volume-based metrics derived from LiDAR and SfM point clouds generally 389 

outperformed height-only measures (H95), indicating that volumetric representations of 390 

vegetation structure better captured variation in heathland biomass. LiDAR-derived 391 

metrics consistently produced the strongest relationships, particularly voxel-derived 392 

volume, suggesting that characterization of 3D vegetation occupancy provides a more 393 

robust proxy for biomass-carbon stocks. Model performance also varied between dry 394 

and wet heath habitats and across spatial resolutions, highlighting the influence of 395 

vegetation structure and density on predictive accuracy. 396 

 397 



 

 

 398 

Figure 3 Correlation between differing structural metrics of Calluna vulgaris (Sites 1 – 3) 399 

and Erica tetralix (Site 4) (A) Light Detection and Ranging (LiDAR) voxel-derived volume; 400 

(B) LiDAR Canopy Height Model (CHM)-derived volume; (C) Structure-from-Motion 401 

Canopy Height Model-derived volume; (D) Height (H95, m)) and carbon stock (t C ha-1). 402 

Each point represents carbon stock derived from observed biomass values collected for 403 

dry and wet heath sites. Dash lines indicate linear regression fits for both heath types, 404 

and shaded areas represent 95% confidence intervals. The coefficient of determination 405 

(R²) indicates the proportion of variance in biomass explained by the model. 406 



 

 

Height 407 

Linear models relating H95 to measured AGC showed a strong positive relationship (R² 408 

= 0.94), indicating that taller heath vegetation was associated with greater biomass and 409 

carbon storage. 410 

However, the height-based model exhibited higher prediction error compared with 411 

volumetric models and showed evidence of habitat-dependent slopes. Specifically, 412 

carbon stock increased more slowly with height in wet heath than in dry heath, 413 

suggesting structural differences in canopy architecture between habitat types. Height 414 

alone therefore did not fully capture variation in vegetation density or internal structure. 415 

Compared with LiDAR voxel-derived and CHM-derived volume metrics, which explained 416 

a greater proportion of carbon stock variance and showed more consistent 417 

relationships across heath types, H95 represents a simpler but less complete structural 418 

descriptor. While canopy height remains useful for rapid structural characterization, 419 

these results demonstrate that 3D volume metrics provide more robust carbon stock 420 

predictions in low-stature, structurally heterogeneous heathland vegetation. 421 

Below-ground soil carbon 422 

Soil carbon stock showed statistically significant differences among heathland age 423 

classes and heath types (Figure 4). Within dry heath, older stands (2006 burn) contained 424 

significantly greater soil carbon stocks (81.52±9.99 t ha⁻¹) than younger stands stocks 425 

(56.08±6.27 t ha⁻¹) which regenerated from a more recent fire disturbance (2020 burn). 426 

Soil carbon stocks also differed between dry and wet heath, reflecting contrasts in 427 

vegetation composition and hydrological conditions between heathland types. 428 



 

 

 429 

Figure 4. Box plots of soil organic carbon (SOC) (t ha⁻¹) (0–15 cm depth) across 430 

heathland types and stand ages. (A) SOC for dry heath (2006 and 2020 burn) and wet 431 

heath (2020 burn). (B) Corresponding summary statistics showing heath type, stand 432 

age, sample size (n), mean SOC, and Standard Error (SE). 433 

 434 



 

 

Discussion 435 

This study examined variation in AGB and carbon stocks across dry and wet heathlands 436 

spanning a gradient of time since disturbance. We found that longer time since 437 

disturbance was associated with greater AGB and carbon stocks. Across both 438 

heathland types, 3D volumetric metrics derived from LiDAR and UAV-based SfM data 439 

show strong relationships with AGB.  440 

The first objective of this study was to develop empirical models for estimating 441 

heathland AGB and associated carbon stocks from structural metrics derived from 442 

LiDAR and SfM point clouds. Across both dry and wet heathland, volumetric structural 443 

metrics derived from point clouds explained a greater proportion of biomass variation 444 

and exhibited higher prediction accuracy than the height-based model, indicating their 445 

strong potential for predicting AGB. This demonstrates the potential of 3D RS for non-446 

destructive biomass estimation in heathland ecosystems and suggests that 447 

incorporating 3D vegetation structure can improve biomass estimation beyond canopy 448 

height alone. Nevertheless, height (H95) remained a strong predictor of biomass (R² = 449 

0.94). 450 

The inclusion of wet heathland enabled evaluation of whether biomass–structure 451 

relationships developed in dry heath were transferable across contrasting heathland 452 

types. Although wet heath differed from dry heath in species composition and 453 

hydrological conditions, the LiDAR-derived volumetric models showed little evidence of 454 

differing biomass–structure relationships between heath types. In contrast, the height-455 

based model showed evidence of differing biomass–height relationships (p = 0.056), 456 

suggesting that biomass estimates based on canopy height alone may be more 457 



 

 

sensitive to variation in vegetation composition and structure. These results indicate 458 

that biomass in heathland vegetation is more closely related to total occupied 459 

structural volume than to canopy height alone. Height captures maximum canopy but 460 

does not represent the vegetation density or internal structural complexity (Dubayah 461 

and Drake, 2000; Zolkos et al., 2013). In contrast, volume-based metrics integrate 462 

vertical and horizontal extent, as well as vegetation density, providing a more direct 463 

representation of the space occupied by biomass (Ni-Meister et al., 2010; Enterkine et 464 

al., 2025). The consistent performance of the LiDAR volumetric models across dry and 465 

wet heath suggests that 3D structural metrics may provide a more generalisable basis 466 

for biomass estimation across heterogeneous heathland systems. 467 

Structural metrics were also scale dependent. This study included a comprehensive 468 

evaluation of variation in volume measures depending on selected voxel size which 469 

enabled us to identify that optimal model performance occurred at intermediate voxel 470 

sizes (0.02 m), whereas finer voxels likely exaggerated small gaps within the vegetation 471 

structure. However, this optimal voxel size is likely to be sensor dependent. CHM-472 

derived volumes were less sensitive to pixel size but represent the external canopy 473 

envelope rather than internal vegetation structure. These findings highlight the 474 

importance of selecting a spatial resolution that appropriately captures vegetation 475 

structure when applying 3D RS methods in low-stature shrub systems.  476 

The stronger performance of the LiDAR-derived metrics is likely because of their ability 477 

to capture sub-canopy observation at a fine-scale that allows for detailed measures of 478 

vegetation structure and vertical complexity while maintaining high mobility in the field. 479 

Handheld LiDAR enables vegetation to be scanned from multiple lateral perspectives 480 



 

 

throughout the canopy profile, reducing occlusion and improving representation of 481 

lower vegetation layers that UAV-SfM may underrepresent. Nonetheless, SfM 482 

performance remained strong, demonstrating its suitability for non-destructive biomass 483 

estimation where LiDAR acquisition is impractical. While traditional height 484 

measurements are inexpensive, they are labour-intensive at larger spatial scales and do 485 

not capture 3D vegetation structure. SfM offers a more efficient approach for 486 

quantifying vegetation volume and structural complexity. 487 

While AGC represents only a small component of total heathland carbon stocks, which 488 

are typically dominated by soil pools (Duddigan et al., 2024), our focus on the above-489 

ground component enables us to infer how recent vegetative inputs and fire 490 

management cycles may influence the whole-ecosystem carbon trajectories. Our 491 

results showed an increase in AGB with dry heathland age, reflecting the accumulation 492 

of woody biomass over time, consistent with previous observations that biomass 493 

increases with successional stage in heathland systems (Hobbs and Gimingham, 494 

1984). Soil carbon storage showed a similar pattern, with greater carbon accumulation 495 

beneath older heather stands, here indirectly associated with longer periods since fire 496 

disturbance. 497 

When compared to other heathland ecosystems, the AGC observed in this study fall 498 

within a comparable range. For example, Moor House National Nature Reserve, Alday et 499 

al., (2015) reported biomass ranging between 6.72±0.39 t ha⁻¹ and 8.08±0.80 t ha⁻¹ for 500 

stands aged between 16 and 90 years. These values resemble those of the younger 501 

stands in the present study (5.01±0.55 t ha-1). Surprisingly, biomass of 5-year-old stands 502 

was only 0.60±0.16 t ha⁻¹ in Alday et al., (2015). This pattern was also reflected in the 503 



 

 

relatively low vegetation, ranging between 35.0±1.3 cm and 37.4±1.2 cm for stands 504 

aged between 16 and 90 years. This likely reflects a combination of long-term sheep 505 

grazing management and the high elevation of the sites (600–650 m), associated with 506 

colder, wetter, and less polluted environmental conditions than other lowland 507 

heathlands. Biomass values reported here were generally lower than those recorded in 508 

some lowland systems. For example, in the Peak District, 40- to 50-year-old stands 509 

reached biomass ranging from 52.40 to 100 t ha⁻¹, whereas stands aged 16 years or 510 

younger ranged between 1.32 and 5.17 t ha⁻¹ (Harris et al., 2011).  Similarly, in Dorset, at 511 

an elevation of approximately 60 m, biomass of 14.28 and 18.15 t ha⁻¹ was reported for 512 

12- and 18-year-old dry heath stands, respectively (Chapman, 1967). Studies in 513 

Dartmoor also reported increasing biomass with stand age, ranging from 3.26±0.45 t 514 

ha⁻¹ in 2-year-old stands to 22.18±3.20 t ha⁻¹ in 18-year-old stands, with 6.32±0.85 and 515 

11.15±2.37 t ha⁻¹ for 6- and 11-year-old stands, respectively.  516 

Both Thursley heathland types store significant SOC — dry heath 81.52±9.99 t ha⁻¹ and 517 

wet heath 181.97±28.08 t ha⁻¹. Compared to Gregg et al., (2021), which reported SOC 518 

being 88 t ha⁻¹, 103 t ha⁻¹, 94 t ha⁻¹ on different heathland sites, our results showed 519 

similar SOC in dry heath and more SOC in wet heath. It’s worth noting that we only 520 

sampled wet heath to a depth of 15cm. However, wet heath contains large amounts of 521 

peaty soils, with depths of over 200cm in the north of the site. With average depths for 522 

the wet heath of 49.55 cm (derived from https://england-peat-map-portal-523 

ncea.hub.arcgis.com/) this extrapolates to 281.85 t C ha⁻¹, based on data extracted 524 

from (Vanguelova et al., 2013). Although heathlands have relatively modest vegetation 525 

height and biomass compared to forests, these findings demonstrate that undisturbed 526 

or longer intervals. However, increasing disturbance intervals must be balanced against 527 



 

 

the need to prevent scrub and tree encroachment, maintain habitat for specialist 528 

species, and reduce the risk of high-severity wildfires. Unlike uncontrolled wildfires, 529 

well-managed prescribed burning is carbon neutral, aiming to minimise damage to the 530 

organic soil layer, therefore reduce the loss of below-ground carbon.  Together, these 531 

findings highlight the importance of balancing AGC accumulation with broader 532 

ecosystem management objectives when developing heathland management 533 

strategies. 534 

Conclusion 535 

This study provides the first quantitative assessment of AGC in lowland heathlands 536 

using non-destructive, high-resolution RS approaches. Handheld SLAM LiDAR 537 

demonstrated the strongest predictive performance for estimating carbon stock, while 538 

UAV-SfM also produced reliable estimates in structurally simpler vegetation. 539 

These findings confirm that lowland heathlands are important in regional carbon 540 

storage and climate regulation. The ability to accurately and efficiently measure their 541 

carbon stocks using mobile LiDAR offers significant potential for habitat condition 542 

monitoring, evaluating management impacts, and integrating carbon accounting into 543 

conservation strategies. 544 

From a management perspective, the results highlight the trade-offs between 545 

biodiversity conservation and carbon storage: traditional interventions such as burning 546 

or cutting can temporarily reduce AGC pools but remain vital for maintaining the open 547 

structure, species diversity, and long-term ecological resilience of heathlands. 548 

Balancing these ecological and climate-related objectives will require adaptive 549 

management approaches that safeguard both carbon and biodiversity outcomes. 550 



 

 

Future work should extend this framework across broader environmental gradients, 551 

incorporate below-ground root architecture and soil carbon, and explore temporal 552 

monitoring to assess post-management recovery. Integrating handheld LiDAR and UAV-553 

based photogrammetry offers a scalable and repeatable pathway for quantifying carbon 554 

stocks in heathlands and other shrub-dominated ecosystems, contributing valuable 555 

data to landscape-scale carbon assessments and nature-based climate solutions. 556 
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