
A consumer-facing application for radiance field-1 

based 3D reconstruction enables accessible 2 

measurement of urban tree structure 3 

Sruthi M. Krishna Moorthy1,2,3, Maren Lechner2, Henry Cerbone2, Bhavya Palgudi2, Jake 4 

Dudderidge2, Graham Taylor2, Roberto Salguero-Gómez1,2 5 

 6 

1Pembroke College, University of Oxford, Oxford, United Kingdom 7 

2Department of Biology, University of Oxford, Oxford, United Kingdom 8 

3Environmental Change Institute, University of Oxford, Oxford, United Kingdom 9 

 10 

*Corresponding author: Department of Biology, Life and Mind Building, S Parks Rd, Oxford 11 

OX1 3EL 12 

sruthi.krishnamoorthyparvathi@pmb.ox.ac.uk 13 



Abstract 14 

Urban forests are key in mitigating the effects of climate change and urbanisation on 15 

human well-being. Yet, evaluating and managing these benefits requires accurate, 16 

scalable monitoring of trees. Laser scanners operated from ground-based and airborne 17 

platforms have enabled urban trees to be monitored in unprecedented structural detail 18 

and across large spatial extents, respectively. However, important trade-offs remain 19 

among cost, spatial coverage and the level of structural detail captured. Recent advances 20 

in radiance-field-based continuous 3D reconstruction offer a more accessible alternative, 21 

while their integration into consumer-facing smartphone applications has opened new 22 

opportunities for participatory monitoring via citizen science. However, these approaches 23 

remain insufficiently validated for urban trees. We evaluated radiance-field-based 3D tree 24 

reconstructions generated from smartphone videos using the consumer-facing Luma AI 25 

platform, comparing them with terrestrial laser scanning (TLS) reference data across leaf-26 

on and leaf-off seasons and a gradient of surrounding vegetation complexity. Seventy-27 

eight trees across fourteen urban plots of size 20 m by 20 m were surveyed under leaf-28 

on and leaf-off conditions. Luma AI produced usable reconstructions for 63 trees in 29 

summer and 66 in winter, with no significant seasonal difference in failure rate (19.2% 30 

versus 15.4%; McNemar p = 0.629). Tree height showed strong agreement with TLS in 31 

both summer and winter (CCC = 0.887 and 0.866, respectively), while crown-area 32 

agreement was lower, particularly during winter (CCC = 0.795 and 0.643). Fine branches, 33 

which were occluded in summer but exposed during winter data collection, were more 34 

difficult to reconstruct, resulting in winter trees having higher precision but lower recall 35 



and overall lower reconstruction fidelity than summer trees (F1 = 0.366 ± 0.220 versus 36 

0.420 ± 0.232). Nevertheless, this loss of geometric completeness did not prevent the 37 

extraction of useful whole-tree structural metrics. Reconstruction fidelity declined with 38 

increasing tree density and total crown area during summer (Spearman’s ρ = −0.677 and 39 

−0.692), when foliage increased occlusion. Consumer-facing applications enabling 40 

continuous-scene reconstruction methods therefore offer considerable potential for large-41 

scale participatory monitoring of trees in open urban landscapes and could help 42 

democratise structural monitoring in other sparsely wooded ecosystems. 43 

Keywords: Citizen science, Gaussian splatting, Image-based 3D reconstruction, LiDAR, 44 

NeRF, Tree monitoring, Urban forestry. 45 



1. Introduction 46 

Urbanisation is a defining feature of contemporary human demographic growth, with more 47 

than half of the global population now living in urban areas (United Nations Department 48 

for Economic and Social Affairs 2020). Furthermore, the extent of urbanisation is 49 

expected to increase substantially over the coming decades (Seto et al. 2012). Under 50 

different climate and socioeconomic scenarios, the global urban land area is projected to 51 

expand by approximately 40–67% by 2030 compared to the past decade (Seto et al. 52 

2012). However, both the proportion of people living in urban areas and the rate of urban 53 

expansion vary considerably among countries (X. Li et al. 2019). In the United Kingdom, 54 

for example, approximately 80% of the population lives within just 9% of the country's 55 

urban areas, with London substantially more populous than any other UK urban area 56 

(Williams 2009). Furthermore, the spatial extent of urban areas in the UK is projected to 57 

increase by 20% by 2050 (X. Li et al. 2019). As an increasing proportion of the world's 58 

population lives in cities (United Nations Department for Economic and Social Affairs 59 

2020), understanding how urbanisation interacts with climate change to influence human 60 

health and well-being is becoming increasingly important  (Das et al. 2024). 61 

Increased urbanisation is associated with a range of environmental and societal 62 

challenges (Moore et al. 2003). These examples include elevated temperatures caused 63 

by the urban heat-island effect (Parker 2010), air pollution (Sicard et al. 2023), increased 64 

flood risk (Feng et al. 2021), loss of biodiversity (Hald-Mortensen 2023), and reduced 65 

opportunities for interaction with nature (Gaston and Soga 2020). Urban green spaces, 66 

including parks, gardens, and street trees, are increasingly recognised as an important 67 
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nature-based approach for mitigating some of these adverse effects (F. Zhang and Qian 68 

2024). Vegetation can provide cooling through shading and evapotranspiration (Taylor et 69 

al. 2024; Daelman et al. 2026), minimize flood risk (Dong et al. 2025), and contribute to 70 

carbon storage and sequestration (Nowak and Crane 2002). At the same time, urban 71 

green spaces provide habitat and resources for a wide range of species and can enhance 72 

local biodiversity (Threlfall et al. 2017; Aronson et al. 2017). Their benefits also extend 73 

directly to people: access to parks and other green spaces has been associated with 74 

improved mental well-being, opportunities for recreation and physical activity, and greater 75 

social interaction (F. Zhang and Qian 2024; Bertram and Rehdanz 2015; Douglas et al. 76 

2017). Urban trees are particularly important components of these green spaces because 77 

their three-dimensional structure and longevity allow them to deliver many of these 78 

climatic, ecological and societal benefits simultaneously (Daelman et al. 2026; Seamans 79 

2013). 80 

Quantifying the contributions of urban trees to climate regulation, biodiversity and 81 

human well-being requires methods that can characterise tree structure accurately and 82 

at scale. Tree size and architecture support estimates of biomass and carbon stocks 83 

(Wilkes et al. 2018; Davenport et al. 2026), modelling of shading and evaporative cooling 84 

(Daelman et al. 2026), and assessments of tree condition, management and future 85 

planting needs (Drénou et al. 2015; Pretzsch et al. 2023). Although attributes such as 86 

diameter at breast height and tree height are conventionally measured using diameter 87 

tapes and rangefinders, laser scanning can capture tree structure in substantially greater 88 

detail. Airborne laser scanning provides broad spatial coverage, whereas terrestrial and 89 

mobile laser scanning produce high-resolution representations of individual trees(D’hont 90 
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et al. 2024). However, airborne observations may omit smaller trees and struggle to 91 

delineate overlapping crowns(Lindberg and Holmgren 2017; Suárez et al. 2005), while 92 

terrestrial and mobile systems remain relatively expensive and require specialist 93 

equipment and processing (Calders et al. 2020; Maeda et al. 2025). While the emergence 94 

of lower-cost laser scanners is beginning to make terrestrial three-dimensional data 95 

acquisition more affordable (Mokroš et al. 2021; Výbošťok, Chudá, Tomčík, et al. 2025), 96 

consumer-device LiDAR and applications such as ForestScanner have made 97 

measurements such as DBH more accessible (Tatsumi et al. 2023; Howie and De 98 

Stefano 2024; Tsuzuki and Inoue 2026). However, their short operating range limits the 99 

capture of complete large-tree structure (Mokroš et al. 2021). The need for more 100 

accessible technology to monitor vegetation has increased interest in reconstructing 101 

three-dimensional tree structure from conventional imagery acquired using widely used 102 

cameras, including those present on modern smartphones (Roberts et al. 2019; Ghanbari 103 

Parmehr and Amati 2021; Výbošťok, Chudá, Skladan, et al. 2025). 104 

Image-based reconstruction of vegetation structure has long been explored using 105 

Structure-from-Motion photogrammetry and Multi-View Stereo, which can derive tree 106 

attributes from overlapping photographs or video without dedicated ranging sensors 107 

(Miller et al. 2015; Z. Chen et al. 2025; Iglhaut et al. 2019). However, branching 108 

complexity, occlusion, repetitive textures and variable illumination remain challenging for 109 

conventional photogrammetry(Sadeghian et al. 2022; Iglhaut et al. 2019). Neural 110 

Radiance Fields (Mildenhall et al. 2020)  and 3D Gaussian Splatting (Kerbl et al. 2023) 111 

have transformed image-based 3D reconstruction by representing scene appearance 112 

continuously, enabling photorealistic rendering from previously unseen viewpoints 113 
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(Giaquinto et al. 2026; Y. Zhang et al. 2026; Muñoz-Bañón et al. 2026; Arshad et al. 114 

2024). Furthermore, consumer applications such as Luma AI make these techniques 115 

accessible using smartphone videos and limited technical expertise(Cerbone et al. 2025; 116 

Rangelov et al. 2024). This accessibility could support citizen science by enabling 117 

participants to contribute systematically acquired imagery rather than manually measured 118 

tree attributes(Tsuzuki and Inoue 2026; Woo et al. 2024; Wheeler et al. 2025). Structural 119 

measurements could then be extracted through a consistent analytical workflow, 120 

expanding opportunities for detailed and scalable urban-tree monitoring. 121 

Despite the increasing accessibility of image-based three-dimensional 122 

reconstruction, it remains unclear whether models generated using consumer-facing 123 

applications can reproduce tree structure with sufficient accuracy for quantitative urban-124 

vegetation monitoring. Here, we evaluate Luma AI (Luma 2026), a freely accessible 125 

smartphone application that enables three-dimensional scene reconstruction from video 126 

without requiring dedicated ranging sensors or specialist reconstruction software. We use 127 

Luma AI as a representative example of an emerging class of consumer-facing AI-based 128 

3D reconstruction tools, for which the combination of readily available hardware, guided 129 

data acquisition and automated reconstruction could substantially reduce barriers to 130 

large-scale and participatory data collection. We compare tree models generated from 131 

smartphone imagery with high-resolution terrestrial laser scanning (TLS) as a reference 132 

representation of three-dimensional tree structure. Using trees in the University Parks in 133 

Oxford, UK, surveyed under both summer (leaf-on) and winter (leaf-off) conditions, we 134 

assess the ability of the smartphone-derived reconstructions to recover tree height and 135 

crown structure and examine how reconstruction performance varies with season. 136 
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2. Methods 137 

2.1. Study site 138 

This study took place at the University Parks, Oxford, United Kingdom (approximately 139 

51.76° N, 1.25° W). The University Parks form a managed urban greenspace situated 140 

between central Oxford and the River Cherwell. The site comprises a diverse collection 141 

of rare and historic tree species. The park is a Grade II listed landscape within the Oxford 142 

Central Conservation Area and is locally designated as a site of ecological interest 143 

(University of Oxford, University Parks). 144 

2.2. Sampling strategy 145 

We designed our sampling approach to represent plots along a gradient of increasing 146 

vegetation density ranging from sparsely vegetated plots with isolated or widely spaced 147 

trees to plots containing closely spaced stems and overlapping crowns. To this end, we 148 

selected fourteen 20 m × 20 m plots distributed within the University Parks to capture 149 

variation in tree density and spacing, height composition, and canopy arrangement. 150 

Figure 1 shows the plot locations in relation to all the mapped trees within the park. We 151 

classified the plots according to the number of trees within their boundaries. Low-density 152 

plots contained fewer than four trees, medium-density plots contained four to six trees, 153 

and high-density plots contained more than six trees. Our study design comprised three 154 

low-density plots, seven medium-density plots and four high-density plots with the 155 

https://www.parks.ox.ac.uk/home


individual plots containing anywhere between one and 15 trees. Overall, the dataset 156 

comprised 78 trees across the 14 plots with their heights ranging from 0.89 to 21.71 m.  157 

2.3. Data collection 158 

To evaluate how foliage and seasonal differences in canopy occlusion affected 159 

reconstruction performance, we collected both TLS and smartphone video data from the 160 

same fourteen plots during both leaf-on (summer) and leaf-off (winter) seasons. Summer 161 

data were collected between September and October 2025, and winter data were 162 

collected between January and February 2026. Data were collected on dry days under 163 

low-wind conditions, with smartphone videos recorded only when the focal tree exhibited 164 

little to no movement. TLS and smartphone video data were acquired during both 165 

campaigns to enable direct seasonal comparisons while controlling for plot location and 166 

tree identity. 167 

2.3.1. Terrestrial laser scanning 168 

We used TLS as the reference data because it provides high-resolution three-dimensional 169 

measurements of tree structure and has been extensively validated against manually 170 

measured structural attributes (D’hont et al. 2024; Terryn et al. 2024). We used a Leica 171 

RTC360 TLS (Leica Geosystems AG, Heerbrugg, Switzerland) in high-resolution mode 172 

and scanned each 20 m × 20 m plot from five scan positions with one near each of the 173 

four plot corners and one at the plot centre. Spherical control targets distributed within 174 

and around the plot provided common reference points for registering the five scans. 175 

Scan registration was performed in Leica Cyclone software, producing a single registered 176 
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plot-level TLS point cloud. The registered point clouds were subsequently exported in 177 

Polygon File Format (.ply) for further processing. 178 

2.3.2. Smartphone video capture 179 

To evaluate whether tree structure could be reconstructed using widely available, non-180 

specialist consumer hardware, smartphone videos were collected for the same plots and 181 

trees using a Samsung Galaxy A56 5G smartphone (SM-A566B) running Android 15. A 182 

Samsung device was selected as 70% of the global smartphone users use Samsung, 183 

making the selected hardware relevant to a broad potential user base (Vanage 2025). 184 

We recorded videos using the native Samsung camera application with its default video 185 

settings, corresponding to a resolution of 1920 × 1080 pixels and a frame rate of 30 186 

frames per second. No specialist capture application or manual camera configuration was 187 

used. Each video acquisition focused primarily on one tree. The operator moved around 188 

the focal tree to obtain overlapping views of its stem and crown from multiple directions. 189 

Consequently, the focal tree was generally reconstructed at the highest quality, whereas 190 

surrounding trees and peripheral vegetation received fewer overlapping views and were 191 

reconstructed at lower fidelity. The mean per-tree video-recording duration was 4.23 ± 192 

1.89 min during summer and 4.54 ± 1.86 min during winter. Because reconstruction from 193 

RGB video alone does not recover absolute real-world scale, an object of known 194 

dimensions (a coloured 30 cm ruler and/or a calibration cube) was placed within each 195 

recorded scene to provide an external metric reference (Figure S1). The known 196 

dimensions of the reference object were subsequently used to scale the reconstructed 197 

point clouds to real-world dimensions (Figure S1). The videos were uploaded to the Luma 198 
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AI web platform (Luma Is Your Creative Partner 2026) and processed into three-199 

dimensional reconstructions. The resulting point clouds in .ply format were downloaded 200 

directly from the platform for subsequent processing. 201 

 202 

Figure 1: Distribution and spatial structure of the 14 sampled plots in University Parks, 203 

Oxford to evaluate smartphone-based tree reconstruction across different levels of 204 

surrounding vegetation density. (a) Locations of the 20 m × 20 m plots in relation to 205 

mapped park trees. Plot colours indicate tree-density class: low (<4 trees), medium (4–6 206 

trees) or high (>6 trees). Panels (b–d) show representative low-, medium- and high-207 

density plots, respectively. For each example, the stem map shows tree positions, while 208 

the crown map shows the spatial arrangement and potential overlap of TLS-derived crown 209 

footprints. 210 
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2.4. Data processing 211 

To enable direct seasonal comparison, the winter TLS point cloud for each plot was co-212 

registered to the corresponding summer point cloud in CloudCompare (version 2.13.2) 213 

(Girardeau-Montaut 2016). An initial manual alignment was performed by identifying at 214 

least three corresponding points that were clearly visible in both summer and winter point 215 

clouds. Following co-registration, the same 78 trees were manually isolated and cleaned 216 

from the summer and winter TLS point clouds to produce paired tree-level reference 217 

datasets. Each video submitted to the Luma AI platform produced a point cloud 218 

representing a single target tree. The resulting individual-tree point clouds were 219 

downloaded and manually cleaned in CloudCompare to remove points associated with 220 

the ground, neighbouring trees and other surrounding objects. 221 

Two versions of each successfully reconstructed Luma AI point cloud for two seasons 222 

were subsequently produced. First, each cleaned Luma AI point cloud was scaled and 223 

transformed directly to its corresponding TLS-derived tree point cloud. This TLS-based 224 

scaling represented a best-case alignment scenario in which differences caused by scale 225 

were minimised, allowing the remaining disagreement between the point clouds to be 226 

attributed primarily to the radiance-field reconstruction and subsequent cleaning. The 227 

transformation also placed the Luma AI and TLS point clouds in a common coordinate 228 

system, enabling direct tree-level comparison. 229 

Second, the Luma AI point clouds were scaled independently using the known 230 

dimensions of the coloured 30 cm ruler or calibration cube included in the recorded scene. 231 

Using CloudCompare, we manually segmented the scaling object from the point clouds, 232 
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calculated the scaling factor using the known dimensions and then scaled the whole tree 233 

point cloud (Figure S1). This approach represented the scaling procedure that could be 234 

applied without access to TLS reference data.  235 

2.5. Structural metric extraction 236 

 237 

We extracted two key structural metrics from the TLS and TLS-scaled Luma AI point 238 

clouds: height and crown area. Diameter at breast height (DBH) was not evaluated 239 

because many trees had irregular or multiple stems or stems branching from close to the 240 

base that would have required manual delineation of the trunk. The same metrics were 241 

also calculated from independently scaled Luma AI point clouds to assess the effect of 242 

independent scaling on the extracted metrics. Tree height was estimated from the vertical 243 

extent of each point cloud as the difference between the maximum and minimum extent 244 

of the z coordinate (Figure S2a). Crown area was estimated from the horizontal projection 245 

of the complete tree point cloud. The XY coordinates were spatially subsampled using a 246 

0.05 m grid, and a two-dimensional convex hull was fitted around the resulting points. The 247 

crown area was calculated as the area enclosed by this convex hull (Figure S2b).  248 

2.6. Evaluation metrics 249 

 250 

Luma AI reconstruction success was first evaluated for all 78 target trees in each season. 251 

A reconstruction was considered successful when a usable individual-tree point cloud 252 

was available for metric extraction; otherwise, it was classified as failed. Seasonal failure 253 

rates were calculated as the number of failed reconstructions divided by the total number 254 



of target trees. Because the same trees were surveyed during both seasons, the 255 

difference in reconstruction outcome between summer and winter was evaluated using 256 

an exact McNemar test for paired binary observations (Lachenbruch 2014). 257 

The 3D reconstruction quality of the successfully generated and scaled Luma AI point 258 

clouds was evaluated using voxel-based metrics. Both TLS and TLS-scaled Luma AI 259 

point clouds were discretised onto a common three-dimensional grid with a voxel size of 260 

10 cm. A 10 cm voxel size was used for evaluation to mitigate the impact of co-registration 261 

errors inherent in comparing point clouds of different resolutions. Sensitivity analysis of 262 

voxel sizes from 1 cm to 12.5 cm demonstrated that at smaller voxel sizes, these minor 263 

spatial offsets dominate the metric (Figure S3). Although the seasonal variation between 264 

summer and winter becomes consistent from the 5 cm resolution onward, the rapid 265 

increase in F1 scores indicates the metric is still highly sensitive to resolution at that scale. 266 

Beyond 10 cm, the F1 scores begin to stabilize, making it an appropriate threshold for the 267 

primary analysis. Overlapping occupied voxels were then used to calculate intersection 268 

over union (IoU), precision, recall and the F1 score (Cherlet et al. 2026). Precision 269 

represented the proportion of occupied Luma AI voxels that corresponded to occupied 270 

TLS voxels, whereas recall represented the proportion of occupied TLS voxels recovered 271 

by the Luma AI reconstruction. The F1 score was calculated as the harmonic mean of 272 

precision and recall, while IoU represented the ratio between the intersection and union 273 

of the two occupied voxel sets. 274 

To assess agreement between TLS-scaled Luma AI and TLS-derived height and crown 275 

area, we used concordance- and error-based metrics. Specifically, agreement in height 276 

and crown area was assessed separately using Lin’s concordance correlation coefficient 277 
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(CCC) (Lin 1989). Signed percentage error was calculated to quantify the direction of 278 

disagreement, while absolute percentage error quantified its magnitude. Agreement 279 

between TLS and TLS-scaled Luma AI point clouds was evaluated separately for each 280 

season using all successful reconstructions available during that season. This analysis 281 

included 63 trees in summer and 66 trees in winter. 282 

The influence of the scaling procedure was evaluated by comparing structural 283 

measurements derived from the independently scaled Luma AI point clouds with those 284 

derived from the corresponding TLS-scaled Luma AI point clouds. Independent scaling 285 

required the reference ruler or calibration cube to be reconstructed with sufficient fidelity 286 

for its dimensions to be identified. For some trees, a usable Luma AI reconstruction could 287 

be scaled and aligned directly to TLS, but an independent scale factor could not be 288 

derived because the reference object was absent, incompletely reconstructed or 289 

insufficiently distinct in the point cloud. These trees were retained for the principal TLS–290 

Luma AI evaluation but excluded from the evaluation of independent scaling. The scaling 291 

comparison was therefore restricted to trees for which both independently scaled and 292 

TLS-scaled Luma AI point clouds were available, comprising 54 trees in summer and 64 293 

trees in winter. Agreement in tree height and crown area between the two scaling 294 

approaches was quantified separately for each season using Lin’s CCC. The TLS-based 295 

procedure represented a best-case scaling and alignment scenario, whereas 296 

independent scaling represented an approach that did not require access to TLS data. 297 

This analysis quantified the extent to which scaling influenced the structural 298 

measurements independently of the underlying Luma AI reconstruction. 299 
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2.7. Plot competition and reconstruction performance 300 

Dense surrounding vegetation was expected to reduce Luma AI reconstruction 301 

performance because it made it more difficult to capture complete and unobstructed 302 

imagery of the target tree. Vegetation occlusion and increased scene complexity could 303 

also make it more difficult for the reconstruction pipeline to identify and match common 304 

visual features across successive video frames. The effect of surrounding vegetation on 305 

Luma AI performance was therefore evaluated using two plot-level indicators of 306 

competition. The first was tree density, represented by the number of trees within each 307 

20 × 20 m2 plot. Plots containing fewer than four trees were classified as low density, 308 

plots containing four to six trees as medium density and plots containing more than six 309 

trees as high density. The second indicator was total crown area, calculated as the sum 310 

of the TLS-derived crown areas of all trees within each plot. Tree count represented the 311 

number of potential neighbouring competitors, whereas total crown area represented the 312 

overall amount of canopy occupying the plot. 313 

Competition was assessed in relation to Luma AI failure rate, voxel F1 score, absolute 314 

percentage height error and absolute percentage crown-area error. Except for 315 

reconstruction failure, which was evaluated for all target trees, these performance 316 

measures were calculated from the TLS-scaled Luma AI point clouds of successfully 317 

reconstructed trees. Tree-level F1 scores and absolute percentage errors were averaged 318 

within each plot before analysis. Associations between each plot-level performance 319 

measure and the two competition indicators, tree count and total TLS-derived crown area, 320 



were evaluated separately for summer and winter using Spearman’s rank correlation 321 

coefficient (ρ). 322 

3. Results 323 

3.1. Reconstruction success across seasons 324 

Luma AI generated usable tree-level point clouds for 63 of the 78 target trees during 325 

summer and 66 of the 78 trees during winter. The corresponding reconstruction failure 326 

rates were 19.2% in summer (15/78; exact 95% CI: 11.2–29.7%) and 15.4% in winter 327 

(12/78; exact 95% CI: 8.2–25.3%; Figure 2). Five of the same trees failed to produce 328 

usable reconstructions in both seasons. The exact McNemar test found no evidence of a 329 

difference in reconstruction success between seasons (p = 0.629). 330 

Reconstruction outcome was not significantly associated with the structure of the target 331 

trees. TLS-derived tree height did not differ between successfully and unsuccessfully 332 

reconstructed trees in either summer (Mann–Whitney U test, p = 1.000) or winter (p = 333 

0.210; Figure S4). Similarly, TLS-derived crown area did not differ according to 334 

reconstruction outcome in summer (p = 0.348) or winter (p = 0.863; Figure S5). These 335 

results indicate that reconstruction failure was not clearly determined by the size of the 336 

target tree. 337 



 338 

Figure 2: Luma AI reconstruction failure rates did not differ significantly between summer 339 

and winter. The reconstruction failure rates are shown for the same 78 target trees 340 

surveyed during summer and winter. The seasonal difference in the paired binary 341 

reconstruction outcomes was evaluated using an exact McNemar test. 342 

3.2. Reconstruction quality of Luma AI point clouds 343 

Voxel-based geometric agreement differed between seasons for the 56 trees successfully 344 

reconstructed in both summer and winter (Figure 3). Mean F1 was higher in summer 345 

(0.420 ± 0.232) than in winter (0.366 ± 0.220; paired Wilcoxon signed-rank test, p = 346 



0.033). IoU showed the same seasonal pattern as F1 and was higher in summer (0.293 347 

± 0.194) than in winter (0.248 ± 0.184; p = 0.051). However, F1 score showed a clear 348 

negative trend with tree height in both summer (Spearman’s ρ = −0.733, p < 0.001) and 349 

winter (ρ = −0.616, p < 0.001; Figure S6). Vertical distribution of the tree-level F1 score 350 

across all the plots further showed that voxel agreement was generally greatest near the 351 

tree base and declined towards the upper stem and crown (Figure S7). Smoothed plot-352 

level vertical F1 profiles indicated that the height at which median F1 had declined by 353 

20% varied among plots and seasons, demonstrating that the loss of geometric 354 

completeness was not associated with a single absolute height threshold. Across plots, 355 

median F1 declined by more than 20% at a height of 3.50 m during summer (IQR 3.00–356 

4.38 m) and 2.25 m during winter (IQR 1.75–2.75 m). Instead, the decline depended on 357 

the tree height and local conditions within each plot. 358 

While the overall F1 score was slightly lower, winter reconstructions had substantially 359 

higher precision (0.733 ± 0.210) than summer reconstructions (0.556 ± 0.187; p < 0.001), 360 

whereas recall was lower in winter (0.272 ± 0.203) than in summer (0.375 ± 0.238; p < 361 

0.001). Thus, voxels present in the winter Luma AI reconstructions were more likely to 362 

correspond to the TLS reference, but winter reconstructions recovered a smaller 363 

proportion of the complete TLS-derived tree structure. This reduction in completeness 364 

outweighed the improvement in precision, resulting in lower overall F1 during winter. 365 

 366 



 367 

Figure 3: Winter reconstructions were geometrically more precise but less complete than 368 

summer reconstructions, resulting in lower overall voxel agreement. Seasonal 369 

comparison of voxel-based geometric agreement for the 56 trees successfully 370 

reconstructed are shown during both summer and winter. Points represent individual 371 

trees; boxes show the interquartile range, horizontal lines indicate the median, and 372 

whiskers extend to 1.5 times the interquartile range. Metrics were calculated after 373 

discretising the TLS and TLS-scaled Luma AI point clouds onto a common 0.10 m voxel 374 

grid. Seasonal differences were evaluated using paired two-sided Wilcoxon signed-rank 375 

tests. Winter reconstructions exhibited higher precision but lower recall, IoU and F1 than 376 

summer reconstructions. 377 



3.3. Structural metric agreement 378 

Agreement between TLS and TLS-scaled Luma AI estimates was consistently stronger 379 

for tree height than for crown area (Figure 4). Height estimates exhibited strong 380 

agreement during both summer (CCC = 0.887, n = 63) and winter (CCC = 0.866, n = 66), 381 

with little seasonal difference in the strength of agreement. Crown-area agreement was 382 

lower than height agreement and declined between seasons, from CCC = 0.795 in 383 

summer to CCC = 0.643 in winter. TLS-scaled Luma AI generally underestimated tree 384 

height, with a mean percentage error of −6.41% in summer and −12.61% in winter. The 385 

corresponding mean absolute percentage errors were 10.24% and 13.77%, respectively. 386 

 387 

Figure 4: TLS-scaled Luma AI reproduced tree height more consistently than crown area, 388 

with crown-area agreement particularly weak during winter. Agreement between TLS-389 



derived and TLS-scaled Luma AI estimates of (a) tree height and (b) crown area. Orange 390 

points represent summer measurements and purple points represent winter 391 

measurements. Each point represents one successfully reconstructed tree, and dashed 392 

lines indicate perfect 1:1 agreement. Agreement was quantified separately for each 393 

season using Lin’s concordance correlation coefficient (CCC). Height agreement was 394 

consistently strong in both seasons, whereas crown-area agreement was lower, 395 

particularly during winter. 396 

Of the 63 usable summer Luma AI reconstructions, 54 contained a successfully 397 

reconstructed reference object and could therefore be scaled independently, compared 398 

with 65 of the 66 usable winter reconstructions. Thus, the reference object failed to 399 

reconstruct or could not be identified more frequently during summer than winter. For 400 

trees with measurements available from both scaling procedures, the independently 401 

scaled and TLS-scaled Luma AI estimates showed strong agreement. Height CCC was 402 

0.982 in summer (n = 54) and 0.984 in winter (n = 65), while crown-area CCC was 0.948 403 

and 0.946, respectively (Figure 5). The high direct concordance between the two scaling 404 

procedures indicates that scaling was not the principal source of disagreement.  405 



 406 

Figure 5: Independently scaled and TLS-scaled Luma AI measurements were highly 407 

concordant, indicating that the scaling procedure contributed relatively little to differences 408 

in the derived structural attributes. Agreement between independently scaled and TLS-409 

scaled Luma AI estimates of (a) tree height and (b) crown area. Orange points represent 410 

summer measurements and purple points represent winter measurements. Each point 411 

represents a tree for which both scaling procedures were available, and dashed lines 412 

indicate perfect 1:1 agreement. The two scaling procedures showed high concordance 413 

for both structural metrics in summer and winter. 414 

3.4. Competition and Luma AI performance 415 

Plot-level competition was not associated with reconstruction failure. Failure rate did not 416 

increase significantly with the number of trees in the plot in either summer (Spearman’s 417 



ρ = −0.493, p = 0.073) or winter (ρ = −0.033, p = 0.910). Similarly, failure rate was 418 

unrelated to total TLS-derived crown area during summer (ρ = −0.098, p = 0.739) or winter 419 

(ρ = −0.012, p = 0.968).  420 

Plot-level competition was associated with poorer Luma AI performance during summer 421 

but not during winter. Summer plot-level mean voxel F1 decreased as the number of trees 422 

in the plot increased (Spearman’s ρ = −0.677, p = 0.011; Figure 6). A similar negative 423 

association was observed between plot-level mean voxel F1 and total TLS-derived crown 424 

area (ρ = −0.692, p = 0.009). Thus, summer trees located in plots containing more trees 425 

or greater cumulative crown cover generally exhibited poorer voxel-level agreement with 426 

TLS. 427 

Competition was associated with voxel-level reconstruction quality during summer, 428 

although its relationship with structural measurement error was weaker. The number of 429 

trees in the plot showed a positive but non-significant association with mean absolute 430 

percentage error in height (Spearman’s ρ = 0.518, p = 0.070) and crown area (ρ = 0.487, 431 

p = 0.092). Total TLS-derived crown area was also not significantly associated with either 432 

mean height error (ρ = 0.489, p = 0.090) or crown-area error (ρ = 0.330, p = 0.271). Thus, 433 

denser summer vegetation was clearly associated with poorer voxel-level agreement, 434 

whereas evidence that competition affected the accuracy of the derived height and crown-435 

area measurements was weaker. The absolute percentage error in height or crown area 436 

was also not significantly related to the height or crown area of the individual tree in either 437 

season (Figure S8). 438 

 439 



In winter, neither the number of trees in the plot nor total TLS crown area was significantly 440 

associated with plot mean voxel F1, height error or crown-area error. These results 441 

indicate that surrounding vegetation had a stronger influence on Luma AI reconstruction 442 

performance during leaf-on summer conditions, whereas the effect of plot-level 443 

competition was substantially reduced during winter.  444 

 445 

Figure 6: Greater plot-level competition was associated with poorer Luma AI 446 

reconstruction performance during summer but not during winter. Relationships between 447 

plot-level competition and TLS-scaled Luma AI reconstruction performance during 448 

summer and winter. Competition was represented by (a) the number of trees in the plot 449 

and (b) their total TLS-derived crown area within each 20 m × 20 m plot. Points show the 450 

mean voxel F1 of the successfully reconstructed trees in each plot, and error bars show 451 

the corresponding standard deviation. The reported coefficients and p-values are from 452 

Spearman’s rank correlations calculated using plot-level means. 453 



4. Discussion 454 

Accurate measurements of urban-tree structure are needed to quantify biomass, carbon 455 

storage and climate-regulating functions and to support tree management(Wilkes et al. 456 

2018; Pretzsch et al. 2023; Daelman et al. 2026). However, existing approaches involve 457 

trade-offs between spatial coverage, structural detail, cost and accessibility (D’hont et al. 458 

2024). We therefore evaluated whether 3D reconstructions generated from smartphone 459 

videos using a freely accessible, consumer-facing radiance-field application could provide 460 

sufficiently accurate measurements for quantitative urban-tree monitoring. Validating 461 

such tools is a critical step toward empowering citizen science and participatory 462 

monitoring in urban forestry (Bancks et al. 2018). Luma AI successfully reconstructed 463 

most target trees in both seasons and produced quantitatively useful tree-level structural 464 

measurements when focal trees were clearly visible and captured with sufficient image 465 

overlap. Agreement with TLS was stronger for tree height than for crown area, consistent 466 

with previous NeRF studies of saplings and trees (Arshad et al. 2024; Huang et al. 2023; 467 

Tian et al. 2025; Muñoz-Bañón et al. 2026). Measurement accuracy was influenced more 468 

strongly by plot density than by target-tree size, indicating that even large trees can be 469 

measured where surrounding vegetation does not substantially obstruct image 470 

acquisition. These findings extend the potential application of smartphone reconstruction 471 

beyond urban parks to naturally open ecosystems, including savannas, open woodlands 472 

and agroforestry systems, where it could support more frequent and spatially extensive 473 

monitoring at a fraction of the cost of repeated TLS surveys. 474 
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Seasonal performance in our study was more complex than expected. Although we 475 

anticipated that leaf-off conditions would improve reconstruction by reducing crown 476 

occlusion(Calders et al. 2015), summer models had higher voxel F1, IoU and recall, 477 

whereas winter models had higher precision. One possible explanation is that summer 478 

foliage provided relatively large, continuous regions for feature matching, whereas thin 479 

leafless branches were more prone to omission. Photogrammetric reconstruction of small 480 

and thin plant structures commonly produces holes and incomplete models, and 481 

increasing camera distance reduces the image resolution available for reconstructing fine 482 

features (Mach et al. 2025; Scher et al. 2019). Furthermore, movement between 483 

overlapping images can further disrupt feature matching (Iglhaut et al. 2019). Differences 484 

in the TLS reference may have accentuated this pattern: winter TLS captured fine 485 

branches concealed by summer foliage(S. Chen et al. 2025), producing a more complete 486 

reference. Lower winter F1 may therefore reflect both incomplete smartphone 487 

reconstruction and greater representation of fine structure in the winter TLS data. 488 

Correspondingly, the larger woody structures recovered by Luma AI generally matched 489 

TLS, resulting in high precision, while many finer branches were absent. 490 

Seasonality also influenced the effect of competition on the reconstruction fidelity. During 491 

the summer, neighbouring foliage and overlapping crowns restricted visibility and image 492 

overlap, causing voxel agreement to decrease with plot density (Petrovska and Jutzi 493 

2025). During the winter, thin exposed branches were difficult to reconstruct in both open 494 

and dense plots (Maté-González et al. 2025; Mach et al. 2025), reducing the contrast 495 

between competition levels. Vertical F1 profiles confirmed that agreement was generally 496 

highest near the lower stem and declined with height, particularly where surrounding 497 
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vegetation restricted visibility (Figures S7 and S9). Smartphone reconstruction may 498 

therefore support branch-scale measurements for short, unobstructed trees (as 499 

evidenced in saplings (Muñoz-Bañón et al. 2026)), whereas fine branch-level geometric 500 

and topological traits remain less reliable for tall trees (> 5m) and trees in dense settings 501 

with limited overlapping camera viewpoints (Hartley et al. 2024; Scher et al. 2019). 502 

Despite having an impact on overall reconstruction fidelity, competition was only weakly 503 

related to errors in the derived height and crown-area measurements, partly because 504 

these aggregate attributes can remain reasonably accurate despite the loss of fine 505 

geometric detail. This interpretation is consistent with evidence that photogrammetric tree 506 

models can reproduce broader tree structure while omitting thin distal branches and 507 

underrepresenting the full crown extent (Scher et al. 2019). Limitations in how competition 508 

was defined may also have weakened these relationships. The number of trees and total 509 

crown area represented vegetation density but did not capture other restrictions on image 510 

acquisition. For example, fences or walls prevented the operator from recording some 511 

trees from all directions in both seasons, causing severely incomplete reconstructions 512 

without increasing either competition indicator (Figure S10). Complete image-based 513 

reconstruction requires the target to be visible in multiple overlapping images acquired 514 

from different viewpoints, and occlusion or restricted camera trajectories can therefore 515 

produce missing geometry (Iglhaut et al. 2019). The absence of strong relationships 516 

between the competition indicators and structural error should therefore not be interpreted 517 

as evidence that accuracy is unaffected by dense neighborhoods. Rather, both vegetation 518 

and site accessibility affected the ability to acquire sufficient overlapping views, but only 519 

the former was represented by the selected competition variables.  520 
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Metric scaling is a general limitation of camera-based 3D reconstruction. Reconstructions 521 

generated from images without metric camera information are typically recovered only up 522 

to an unknown scale and therefore require an external metric constraint, such as a known 523 

distance, calibrated camera movement or reference object (Li and Lan 2019). In this 524 

study, independently scaled and TLS-scaled measurements were highly concordant 525 

when the reference object was successfully reconstructed. However, the reference was 526 

not recoverable in every model, with failures occurring more frequently during summer. 527 

Different objects were used between seasons: a 30 cm ruler in summer and a three-528 

dimensional object measuring 33 × 33 × 32.4 cm in winter. The two objects differed in 529 

shape and three-dimensional extent, potentially affecting their visibility and 530 

reconstruction. The higher summer failure rate may therefore reflect the smaller visual 531 

footprint of the ruler, greater foliage occlusion, or both. Known-size objects have similarly 532 

been used to recover metric scale in smartphone-based plant NeRF reconstruction (Xu 533 

et al. 2026). Future workflows should evaluate reference objects of different sizes and 534 

designs and automate scale recovery by detecting an object and calibrating the 535 

reconstructed scene using its known dimensions. High-contrast patterns, known 536 

geometry and clearly identifiable corners may facilitate this process (Garrido-Jurado et al. 537 

2014). 538 

Geometric fidelity presents a separate challenge. Standard NeRF methods optimise 539 

photometric agreement between observed and rendered images and represent scene 540 

geometry implicitly through volumetric density (Mildenhall et al. 2020). Consequently, 541 

density may be distributed in ways that reproduce image appearance without accurately 542 

reconstructing physical surfaces (Wei et al. 2021; Zhu et al. 2023). Standard 3D Gaussian 543 
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Splatting similarly prioritises novel-view rendering and does not inherently impose explicit 544 

surface constraints (Kerbl et al. 2023). In this study, the strong agreement in tree height 545 

and, to a lesser extent, crown area after scaling indicates that Luma AI generally 546 

recovered coarse whole-tree dimensions. However, the lower voxel-level agreement 547 

shows that the local distribution of reconstructed geometry did not consistently 548 

correspond to TLS at finer spatial scales. This mismatch cannot be attributed solely to an 549 

inherent geometric limitation of the reconstruction method because voxel F1 was 550 

considerably higher for smaller, unobstructed trees, for which the complete structure 551 

could be recorded from closer and more overlapping viewpoints. The lower agreement 552 

observed for taller trees and those in denser or access-constrained settings therefore 553 

probably reflects a combination of geometric uncertainty, incomplete image coverage, 554 

occlusion and the reduced image footprint of fine branches. Depth, surface-normal and 555 

LiDAR priors can be incorporated into NeRF and Gaussian-splatting pipelines to improve 556 

local geometric accuracy(X. Chen et al. 2023; Deng et al. 2022; Turkulainen et al. 2024; 557 

Hu et al. 2024), although these capabilities are not necessarily available in consumer-558 

facing applications. Moreover, while such priors can constrain the geometry of observed 559 

surfaces, they cannot fully recover tree components that remain occluded or are 560 

insufficiently captured across overlapping views in dense vegetation. 561 

Consumer-facing platforms improve accessibility but introduce limitations relating to 562 

reproducibility and data governance. Luma AI automates reconstruction without requiring 563 

specialist photogrammetric expertise or high-performance computing, but its proprietary, 564 

cloud-based workflow prevents users from inspecting the source code or controlling the 565 

algorithm and software version (Luma is your creative partner 2026). This limits 566 
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reproducibility because software changes can alter analytical results (Ziemann et al. 567 

2023). Cloud processing may also be unsuitable where videos contain identifiable people, 568 

private property, culturally sensitive sites or sensitive species locations (Chapman 2020). 569 

Locally operated, version-controlled pipelines may therefore be preferable when 570 

reproducibility or confidentiality is critical, although they require greater computational 571 

resources and expertise. Importantly, the original videos should be retained as the 572 

primary research data, allowing observations to be reprocessed using transparent 573 

frameworks such as Nerfstudio or future reconstruction methods (Tancik et al. 2023; 574 

Wang et al. 2026). Consumer-facing platforms can thus support rapid and accessible 575 

processing, while retaining the videos preserves opportunities for reproducible future 576 

reanalysis. 577 

Smartphone-based reconstruction occupies a complementary position between 578 

conventional field measurements and specialist 3D equipment. TLS remains essential 579 

when complete canopy representation and fine-scale geometric accuracy measurements 580 

are required. Smartphone video, however, offers a practical way to increase the 581 

frequency, spatial coverage and wider participation of ecological monitoring. TLS could 582 

provide periodic calibration and validation, while smartphone videos could support 583 

repeated observations across larger numbers of trees and sites. Future studies should 584 

test this approach across a wider range of ecosystems, species, crown architectures, and 585 

environmental conditions, while evaluating automated scaling, DBH extraction, repeat-586 

survey sensitivity and the reliability of finer branch-level traits. These developments 587 

should not be considered solely within the context of NeRF, because image-based three-588 

dimensional reconstruction is advancing rapidly through radiance fields, Gaussian-589 
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splatting approaches (Rangelov et al. 2024) and other emerging scene-reconstruction 590 

methods (Belkaid et al. 2024; Barberteguy et al. 2026; Wang et al. 2026). Ecological 591 

monitoring may not always be able to adopt each new computational method as it 592 

appears, but field data collection can be designed to benefit from future developments. 593 

Consistently acquired and archived smartphone videos provide a particularly valuable 594 

input because they can be collected using hardware already available to most participants 595 

and reanalysed repeatedly as algorithms improve. Our study therefore shows not only 596 

that a free consumer-facing application can produce ecologically meaningful 597 

measurements, but also that ordinary smartphone videos can form a reusable foundation 598 

for future 3D ecological monitoring. 599 
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A consumer-facing application for radiance field-871 

based 3D reconstruction enables accessible 872 

measurement of urban tree structure 873 

Supplementary section 874 

 875 

 876 

Figure S1: Reference objects used for independent scaling of Luma AI point clouds. 877 

Photos and the corresponding reconstructions of the same target tree showing (a) the 878 

coloured 30 cm ruler used during summer data collection and (b) the reference cube of 879 

known dimensions used during winter data collection. 880 

 881 



 882 

 883 

Figure S2: Illustration of the structural metrics extracted from tree-level point 884 

clouds. (a) Tree height was calculated as the vertical difference between maximum and 885 

minimum z-axis values. (b) Crown area was calculated from the two-dimensional convex 886 

hull fitted to the 0.05 m spatially subsampled horizontal projection of the complete tree 887 

point cloud. A TLS point cloud from a plot with high density of trees (> 6 trees) is shown 888 

as an example. 889 



 890 

Figure S3: Sensitivity analysis of whole-tree voxel F1 scores across a range of voxel 891 

sizes (1–12.5 cm). While the seasonal trend between summer and winter reconstructions 892 

becomes consistent from 5 cm onward, F1 scores stabilize beyond the 10 cm threshold. 893 

The vertical dotted line denotes the 10 cm voxel size selected in this study to account for 894 

co-registration errors between the different point cloud resolutions.  895 

 896 



 897 

Figure S4: TLS-derived tree height according to Luma AI reconstruction outcome during 898 

summer and winter. Points represent individual target trees; boxes show the interquartile 899 

range, horizontal lines indicate the median, and whiskers extend to 1.5 times the 900 

interquartile range. Differences between successful and failed reconstructions were 901 

evaluated separately for each season using two-sided Mann–Whitney U tests. Tree 902 

height did not differ significantly between successful and failed reconstructions in either 903 

summer (p = 1.000) or winter (p = 0.210). 904 



 905 

Figure S5: TLS-derived crown area according to Luma AI reconstruction outcome during 906 

summer and winter. Points represent individual target trees; boxes show the interquartile 907 

range, horizontal lines indicate the median, and whiskers extend to 1.5 times the 908 

interquartile range. Differences between successful and failed reconstructions were 909 

evaluated separately for each season using two-sided Mann–Whitney U tests. Crown 910 

area did not differ significantly between successful and failed reconstructions in either 911 

summer (p = 0.348) or winter (p = 0.863). 912 



 913 

Figure S6: Relationship between TLS-derived tree height and voxel F1 score for TLS-914 

scaled Luma AI reconstructions acquired during summer and winter. Each point 915 

represents one successfully reconstructed tree. Voxel F1 was calculated after discretising 916 

the TLS and Luma AI point clouds onto a common 0.10 m voxel grid. Dashed lines show 917 

least-squares trends for visualisation. Associations were evaluated using Spearman’s 918 

rank correlation. Voxel F1 decreased significantly with increasing tree height during both 919 

summer (ρ = −0.733, p < 0.001; n = 63) and winter (ρ = −0.616, p < 0.001; n = 66). 920 



 921 

Figure S7: Vertical distribution of voxel-based F1 agreement between TLS and TLS-922 

scaled Luma AI point clouds for individual trees surveyed during summer and winter. 923 

Panels represent the 14 sampled plots, arranged by tree-density class: low (<4 trees), 924 

medium (4–6 trees) and high (>6 trees per plot). Each colour identifies an individual tree, 925 

with summer profiles shown as dashed lines and winter profiles as dotted lines. Tree 926 

heights derived from the corresponding TLS point clouds are provided in the panel 927 

legends. Horizontal orange and purple lines indicate the plot-specific heights at which the 928 

smoothed median F1 profile had declined by 20% relative to its lower-canopy reference 929 

value during summer and winter, respectively. Profiles were smoothed before threshold 930 

estimation, and a decline was retained only when it persisted across two consecutive 931 

height bands. The results show that voxel agreement was generally greatest in the lower 932 

portions of trees and declined towards the upper stem and crown, although the magnitude 933 

and height of this decline varied among plots, trees and seasons. 934 

 935 



 936 

Figure S8: Relationship between tree size and the absolute percentage error of TLS-937 

scaled Luma AI estimates for (a) tree height and (b) crown area. Tree height was 938 

calculated as the difference between the maximum and minimum z coordinates, while 939 

crown area was calculated from the convex hull of the horizontal point-cloud projection. 940 

Orange and purple points represent summer and winter observations, respectively. Solid 941 

lines show least-squares trends for visualisation, while associations were evaluated using 942 

Spearman’s rank correlation. Absolute percentage error was not significantly associated 943 

with tree height or crown area in either season (all p ≥ 0.465), indicating that proportional 944 

structural error did not systematically increase with tree size. 945 



 946 

Figure S9: Summer and winter reconstruction performance for selected trees 947 

representing three TLS-derived height classes: <2 m, 2–5 m and >5 m. Trees were 948 

selected according to the highest whole-tree voxel F1 observed in either season within 949 

each height class, after which results from both seasons were displayed for the same 950 

tree. Columns show the summer TLS and TLS-scaled Luma AI point clouds, winter TLS 951 

and TLS-scaled Luma AI point clouds, and the corresponding vertical F1 profiles. Orange 952 

and purple lines represent summer and winter, respectively, while dotted vertical lines 953 

indicate whole-tree F1. The tree below 2 m retained consistently high agreement during 954 

both seasons. The 2–5 m tree performed strongly during summer but substantially less 955 

well during winter, while the tree above 5 m showed moderate agreement, with better 956 



performance during winter than summer. These examples illustrate that reconstruction 957 

quality was influenced by season and individual-tree conditions in addition to tree height. 958 

 959 

Figure S10: Example of incomplete tree reconstruction caused by the combined effects 960 

of surrounding vegetation and restricted physical access. (a) Summer TLS point cloud 961 

showing the focal pine in orange and surrounding vegetation in grey. The tree was 962 

embedded within neighbouring vegetation and could not be approached from all 963 

directions because access around it was restricted. (b) Seasonal comparison of the TLS 964 

reference and TLS-scaled Luma AI reconstructions. The TLS-derived tree height was 965 

15.81 m in summer and 15.84 m in winter, whereas Luma AI reconstructed only the lower 966 

portion of the tree, producing heights of 4.66 and 4.98 m, respectively. Although the 967 

number of trees and total crown area characterised vegetation density, these competition 968 



indicators did not represent physical barriers or the accessibility of suitable camera 969 

viewpoints. This example illustrates how vegetation occlusion and restricted access can 970 

jointly limit image overlap and reconstruction completeness without being fully captured 971 

by the plot-level competition metrics used in this study. Orange and purple represent 972 

summer and winter, respectively. 973 

 974 

 975 


