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Abstract: 14 

Complex vegetation structure increases ecosystem resilience, but fine-scale understorey 15 

vegetation is often overlooked in monitoring protocols despite subtle variation impacting 16 

overall diversity. iPhone lidar has placed cost effective and portable remote sensing 17 

technology in the pockets of researchers, farmers, practitioners, and citizens worldwide to 18 

conduct continuous monitoring and improve policy decisions globally. This potential is, 19 

however, broadly unmet, particularly for the structural assessment of fine-scale 20 

vegetation. Measuring heterogeneity of fine-scale understorey vegetation has typically 21 

been untenable; requiring either time-consuming manual techniques, or commercial grade 22 

lidar methods which are costly and expertise prohibitive for small areas. iPhone lidar was 23 

tested for its ability to precisely and accurately measure a broad range of fine-scale 24 

understorey vegetation types across 5 agroforest systems in the United Kingdom, from 25 

dense broadleaf understorey to the most challenging sparse graminoid flowers. The entire 26 

vertical vegetation profile was evaluated, extending beyond metrics such as maximum 27 

height or above ground biomass, justifying the use of methods for a broad range of 28 

structural metrics across woodland, grassland, cropland and other ecosystems. Multiple 29 

scanning scales (e.g. 1 x 1 m and 2 x 5 m) were assessed and compared to a commercial 30 

grade laser scanner, with the experimental design extending analyses through 31 

randomization to contextualize results. Scanning scales of 1 x 1 m and 2 x 5 m areas 32 

achieved accuracy of 2.68 cm ± 0.01 and 3.36 cm ± 0.01, with detection rates of 79% ± 33 

2.6, and 72% ± 2.0 across the full vertical vegetation profile, respectively. When 34 

excluding sparse graminoid flowers, accuracy increased up to 1.31 cm ± 0.01 with a 93% 35 

± 0.01 detection rate. The successful performance of iPhone lidar when measuring fine-36 

scale vegetation structure signifies its potential for a transition towards accessible remote 37 

sensing methods to better reflect biodiversity and improve policy decisions.   38 
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 44 

Introduction 45 

Ecological resilience is rooted in diversity (Oliver et al. 2015). Vegetation 46 

structure is increasingly recognized as a critical metric of biodiversity and sustainability 47 

(Coops et al. 2016; LaRue et al. 2019; Atkins et al. 2023; Maeda et al. 2025; Waddell et 48 

al. 2026) as complex three-dimensional vegetation structure increases functional 49 

redundancy within plant communities (Coverdale and Davies 2023; LaRue et al. 2019) 50 

and microclimate buffering, by moderating changes in carbon, energy, and water 51 

processes (Haritika and Negi 2025). This can make ecosystems more resistant to 52 

negative feedback loops of biodiversity loss which can help mitigate ecological collapse 53 

(Russo et al. 2023). Understorey vegetation, despite being a strong biodiversity 54 



 

 

indicator (Lenoir et al. 2022), is a commonly overlooked component of vertical 55 

complexity across tree-dominated ecosystems (Haritika and Negi 2025; Post et al. 56 

2025). For example, when comparing vegetation complexity across agroforest types in 57 

central Europe, understorey was a more pronounced indicator of associated biodiversity 58 

services between systems than tree-dominated structural comparisons (Seidel et al. 59 

2021). Furthermore, subtle differences in the heterogeneity of understorey vegetation 60 

can determine whether increases in biodiversity indicators are meaningful (Estrada-61 

Carmona et al. 2022; Russo et al. 2023; Marshall et al. 2024; Waddell et al. 2026).  62 

Traditional methods for measuring the structure of ground vegetation are often 63 

subjective and laborious, and tend to damage the plants measured (Daughtry 1990; 64 

Gayton 2014; Coverdale and Davies 2023), and often poorly reflect the finer scale 65 

ecological processes relevant within plots (Gayton 2014; Wallace and Baltzer 2022; 66 

Atkins et al. 2023). The point-intercept methods typically used to metricise vegetation 67 

quality often omit horizontal complexity and vertical variation (Drezner and Drezner 68 

2021). Given the foundational role of vegetation structure in assessments of wider 69 

ecosystem dynamics (Russo et al. 2023; Maeda et al. 2025; Waddell et al. 2026), more 70 

comprehensive measurements of understorey vegetation structure across woodland, 71 

grassland, cropland, and other ecosystems are required.  72 

Remote sensing technology can measure vegetation using sensors that detect 73 

reflected or absorbed energy (Cavender-Bares et al. 2020), and is rapidly advancing in 74 

its ability to characterize ecosystem structure using terrestrial, airborne, and satellite 75 

monitoring (Irwin et al. 2025; Maeda et al. 2025). Ground-based Terrestrial Laser 76 

Scanning (TLS) and Mobile Laser Scanning (MLS) capture vegetation in three-77 

dimensional space by emitting laser pulses to measure X, Y and Z dimensions given 78 

rate of returns (Cavendar-Bares 2020). As computational methods advance, ground-79 



 

 

based laser scanning methods are poised to provide essential structural and composition 80 

metrics to enhance modelling and monitoring of complex ecosystems (Maeda et al. 81 

2025; Irwin et al. 2025). Whilst TLS and MLS have been successfully applied to 82 

monitor structural and functional changes in understory vegetation (Eichhorn et al. 83 

2017; Penman et al. 2023; Post et al. 2025), measuring fine-scale vertical heterogeneity 84 

of ground vegetation remains complex (Post et al. 2025; Suter et al. 2026), and there are 85 

often time lags between the collection of lidar data and paired ecological surveys (Wang 86 

et al. 2025). Furthermore, remote sensing technology can at times be inaccessible, 87 

largely due to limited access to expertise, knowledge, high costs of equipment and 88 

processing software, and/or portability demands of survey-grade instruments (Fassnacht 89 

et al. 2024; Maeda et al. 2025; Mmbando 2025). 90 

The incorporation of a lidar sensor into the Apple Inc. iPhone and iPad Pro 91 

models since October 2020 (Chase et al. 2022), has placed a cost-effective and portable 92 

remote sensing instrument into the pockets of people worldwide. iPhone lidar has a 93 

maximum range of 5 m and can attain accuracies of up to ± 1 cm (Treccani et al. 2024; 94 

Guenther et al. 2024); however, multiple comparisons have reported accuracies varying 95 

from 2 cm to 55 cm, depending on app choice and scanning settings (Chase et al. 2022; 96 

Teppati Losè et al. 2022; Askar and Sternberg 2023; Treccani et al. 2024; Guenther et 97 

al. 2024; Yanchuk et al. 2025). Building on methods developed for measuring tree 98 

parameters in forestry (Tatsumi et al. 2023; Howie and De Stefano 2024; Guenther et al. 99 

2024), but at a more range-applicable level, iPhone lidar could be applied to the 100 

measurement structural heterogeneity of fine-scale understorey vegetation. Current 101 

iPhone lidar applications for measuring ground vegetation have focused on validating 102 

Above-Ground Biomass (AGB) at scales smaller than 0.5 m2 (Atkins and Blackburn et 103 

al. 2025; Dietrich and Elias et al. 2025; Doyle and Raturi 2026). The few studies that 104 



 

 

included analysis of vertical heterogeneity of the understorey layer solely assessed 105 

maximum height (Atkins and Blackburn et al. 2025; Doyle and Raturi 2026). 106 

Furthermore, these studies utilized apps that apply a filter or mesh to the lidar points, 107 

which can influence results through the introduction of bias and inaccuracies (Teppati 108 

Losè et al. 2022, Erland and Gaulton 2026), particularly when scanning plots with low 109 

density vegetation (Dietrich and Elias et al. 2025). Studies otherwise indicate promising 110 

performance for measurement of vegetation properties. However, the small spatial scale 111 

of these existing studies (i.e., 0.25 m2 or 0.09 m2) does make them less applicable to 112 

most ecological research, which tends to use at least 1 x 1 m quadrats for vegetation 113 

assessments. Similarly, the focus of these applications on AGB neglects the important 114 

structural characteristics of fine-scale understorey vegetation, accurate measurement of 115 

which would present significant value to ecological researchers and practitioners across 116 

ecosystem types. 117 

In this study, efficacy of iPhone-based fine-scale understorey vegetation lidar 118 

scanning is demonstrated across agroforest types, highlighting its precision, accuracy 119 

and interoperability. The use of iPhone lidar could present a cost-effective portable tool 120 

to capture fine-scale understorey vegetation and provide access to researchers, 121 

practitioners, and citizens to whom alternatives are often inaccessible. This novel 122 

application of common technology is poised to expand our understanding of 123 

biodiversity by allowing previously unattainable detail to be incorporated into 124 

ecological modelling and monitoring.  125 

 126 

Methods 127 

Site locations  128 

Sample locations spanned five agroforest systems in the United Kingdom: silvoarable  129 



 

 

(52.360370° N, 1.357443° E,  Wakelyns Farm, Suffolk), silvopastoral ( 56.899667° N , 130 

-2.549422° W, Glensaugh Farm, James Hutton Institute, Laurencekirk), wood pasture 131 

and orchard (55.286586° N, -2.023177° W, Hepple Estate, Northumberland), wood 132 

meadow (53.848285° N, -1.048286° W, Three Hagges Woodmeadow Nature Reserve, 133 

PlantLife, Yorkshire), and a roadside biodiversity strip (55.045945° N, -1.477593° W, 134 

North Tyneside Council, Tyne and Wear). Wakelyns is a wheat-focused working 135 

silvoarable agroforestry farm established in 1994, from which three agroforestry areas 136 

of the site were sampled: the mature timber and fruit area and two intermediate fruit and 137 

nut tree areas planted in 2001. Glensaugh was established in 1988 as an experimental 138 

livestock-grazed agroforestry site with the sycamore and Scots pine areas sampled. 139 

Sample sites at Hepple included a wood pasture area dominated by mature ash trees 140 

originally planted as parkland with a successional scrub area bordering the diverse 141 

grassland, which was grazed by cattle and ponies, alongside the Estate’s heritage 142 

orchard with meadow strips between apple trees. The Three Hagges Woodmeadow was 143 

established in 2012 with lowland dry, wet meadows, and mixed woodland species. The 144 

roadside biodiversity strip ran parallel to a mature hedgerow, was broadleaf flowering 145 

dominant, and closely represents typical municipal biodiversity initiatives.   146 

Scanning equipment 147 

The Apple Inc. iPhone 15 Pro with Sony IMX591 lidar was used for this study and has 148 

been shown to have mean accuracies around 2 cm when scanning without a data filter 149 

(Erland and Gaulton 2026). The Veesus Ltd. ‘Zappcha’ app was used for scanning with 150 

the ‘filter off” option and all other settings otherwise set to default. Comparative Mobile 151 

Laser Scanning was obtained via the dedicated GeoSlam Zeb Horizon scanner (Faro 152 

Technologies, Inc).   153 



 

 

Experimental design: nested scanning levels and reference data 154 

Prior to iPhone lidar scanning, larger sections of the site (~ max 100 m) were 155 

scanned using the Zeb Horizon, to allow for a comparison with a dedicated mobile 156 

scanning system and for carbon assessment at a later date. Within the Zeb Horizon 157 

scanned areas, iPhone lidar data were collected at two main nested levels: a 2 x 5 m plot 158 

scan, and a 1 x 1 m quadrat, each placed randomly within the wider plot scan (Figure 1). 159 

The 2 x 5 m plot was chosen to ensure all features were within the 5 m range of the 160 

iPhone to minimize drift (Bobrowski et al. 2023), and be scanned at a minimum of 1 m 161 

distance when walking the plot. In line with similar studies, all plots and quadrats were 162 

scanned three times to account for potential scanning issues (Dietrich and Elias et al. 163 

2025).  164 

 165 



 

 

 166 

Figure 1. Vegetation scanning workflow. The quadrat panel image (7.) was enhanced in 167 

Creately (Cinergix).  168 

Vegetation scanning procedures 169 

Sampling locations were randomized within the different site areas (i.e. mature 170 

silvoarable) using Google Earth Engine. Plot direction was randomly selected from the 171 

8 cardinal and intercardinal directions and marked out using 1 m tall orange targets. 172 

This was then scanned three times with the iPhone, with scan position initialized from 173 

approximately 1 m away from the middle of the 5 m plot edge. All sides were then 174 

scanned by walking around the plot, stopping to scan from above at each corner to 175 

reduce drift and improve capture of higher features. Quadrat placement was 176 

randomized, after which the plot was rescanned for alignment during processing. Scans 177 

of quadrats were initialized from 0.5 m away with a 45 degrees downward angle, 178 

scanned from all sides and then from above, and repeated three times.  179 



 

 

Vegetation field measurements  180 

To obtain the quadrat vegetation reference data, the location of a transect line 181 

defined by a string with marked positions every 10 cm, was randomized by side and 182 

distance along the side (ten evenly distributed marks), recording the start to end grid 183 

coordinates (Figure 2). If the randomization resulted in a length less than 50 cm, it was 184 

rerandomized to ensure a minimum of four points were recorded along the transect. The 185 

string was then threaded through the vegetation with care taken to minimize damage, 186 

and the start and end side and number were recorded (Figure 1.7). Plant functional types 187 

and component (e.g., stem, leaf, flower) were recorded alongside heights at every 10 cm 188 

mark along the transect string (1.8). The process was repeated so that a total of three 189 

transect strings were randomly measured across each quadrat.  All randomizations were 190 

run in the field using Google’s random number generator after each scanning step to 191 

minimize bias.  192 

 193 



 

 

Figure 2. Minimally complex vegetation and the collapsable quadrat designed to allow 194 

threading through dense vegetation using a clipped rope side. Holes were drilled every 195 

10 cm along polyvinyl chloride pipe and hooks inserted for threading the measurement 196 

string. 197 

Vegetation data categorization 198 

The recorded points were categorized into eight plant functional types: 199 

broadleaf, broadleaf flower, graminoid, graminoid flower, mixed (e.g. broadleaf and 200 

graminoid), moss, wood and visible ground. The plant component information was also 201 

used to categorize data by the likelihood of a return. Graminoid flowers, and 202 

graminoid/broadleaf stems were coded as “low” probability; graminoid blades, small 203 

broadleaf leaves (<0.5 cm wide) and flowers were coded to “medium”; and thick swards 204 

of graminoid plants, average to large broadleaf leaves (>0.5 cm wide), wood and moss 205 

were coded as “high”. Ground points were given the “ground” code. Mixed points were 206 

coded to the highest category recorded and increased for multiples at the same level 207 

(e.g., a graminoid blade and broadleaf stem were coded to “medium”, but a graminoid 208 

blade and broadleaf flower measured at the same point would be upgraded to “high”).  209 

Lidar data processing 210 

Using the Veesus Zappcha Xstream Engine CAD plugin, scans which were acquired in 211 

the Veesus proprietary. vpc format (Veesus Point Cloud) were loaded into 212 

CloudCompare (Version v2.13.2 Kharkiv) (CloudCompare, 2024). Where possible, the 213 

first scan was used in the analysis; however, if issues such as large drift or duplicates of 214 

a quadrat side occurred within a scan, the next ordered scan was used. Scans that had 215 

the “geo-location services” app option turned off were transformed using a Z-plane 216 

orientation matrix (Erland and Gaulton 2026). Scans were rotated to have the grey 217 



 

 

quadrat side parallel with the X plane, segmentation aligned to the quadrat sides using 218 

the ‘Cross Section’ tool, then expanded to a 1.2 m by 1.2 m area for export as .las files 219 

and imported into R version 4.4.1 (R Core Team, 2024) using the lidR package (Roussel 220 

et al. 2020). Zeb Horizon scans were first processed in GeoSlam Connect (FARO 221 

Technologies, Inc.) using the closed loop option and default settings for the “Process-222 

SLAM” workflow (GeoSlam Ltd. 2023), after which the .las files were also imported 223 

into CloudCompare.  224 

Once scans were loaded into R, ground points were classified using the cloth 225 

simulation filter (Zang et al. 2016) which has previously been applied to data obtained 226 

using the Zappcha App (Guenther et al. 2024; Yadav et al. 2023) and outperformed 227 

other ground filter methods when applied to high density lidar scans of ground 228 

vegetation (Bailey et al. 2022). Given that the focal area is the 1 m by 1 m quadrat, the 229 

class threshold was set at 0.01, cloth resolution to 0.250, and the time step, emphasized 230 

by Bailey et al. (2022) as a key parameter to reduce when processing dense point 231 

clouds, was set to 0.5. Scans were then normalized to the digital terrain model built 232 

from the ground classification.  233 

Following the grid coordinates of the quadrat transects were clipped and 234 

reorientated to fit the XZ plane using lidR’s clip function. As the quadrat had one side 235 

with a rope to allow placement through thick vegetation (Figure 2), the quadrat was not 236 

always perfectly square (i.e., “normal”), but instead at times a trapezoid with either 237 

obtuse (i.e., “wide”), or acute (i.e., “narrow”) angles on the opposite rope corners. 238 

Coordinates for quadrats that were categorized as “wide” or “narrow” versus “normal” 239 

were offset by a shift in (x,y) of (0.1, 0.01) for wide quadrats and (-0.2, -0.02) for 240 

narrow quadrats, with differences in shift amounts due to pressure on corners for “wide” 241 

quadrats decreasing the angle change. Transects were clipped to a width of 3 cm based 242 



 

 

on a breakpoint analysis of the influence of clipping width on the percentage of returns 243 

and error, along with in-field decisions which had an approximate 1.5 cm inclusion 244 

criteria for the distance of an object from each side of the transect string. 245 

Scales of scanning 246 

The nested design of acquiring lidar data allows for comparisons of the same 1 x 247 

1 m quadrat area across devices at different scanning scales (Figure 3). The additional 248 

plot scan with the placed quadrat was used to locate the quadrat area in the untouched 249 

plot scans. The quadrat from the 2 x 5 m plot was aligned to the 1 x 1 m quadrat using 250 

the iterative closest point (ICP) algorithm, a method of registering one point cloud to 251 

another using Root Mean Squared Difference computations (Rusinkiewicz and Levoy 252 

2001). Only GeoSlam Zeb Horizon data that could be confidently associated with a 253 

specific plot using corresponding targets and/or recognizable features of the sites were 254 

used for the analysis. In contrast to the general scanned area, one Zeb Horizon scan was 255 

specifically collected by walking the 2 x 5 m plot to directly compare with the iPhone 256 

scanning scale.  257 

 258 

 259 

Figure 3. The point cloud and height affects of the different scales of scanning for the 260 

same quadrat area in the biodiversity strip using iPhone lidar and the Zeb Horizon. 261 



 

 

Height scale ramp was dervied from the 1 x 1 m iPhone quadrat scan scale. The 262 

physical quadrat (Figure 2) can be seen in the iPhone quadrat scan. 263 

 264 

Lidar metrics 265 

A digital surface model (DSM) with 10 cm resolution was calculated from the 266 

maximum lidar points along the transect and compared to the DSM derived from the 267 

maximum field-measured reference values and smoothed using locally estimated 268 

scatterplot smoothing (LOESS) to minimize bias from the discrete measurements. As 269 

values were normalized to the ground DSM estimates represent the vegetation canopy 270 

height. To assess the lidar point vertical distribution, the 100th, 95th, 75th, 50th, 25th and 271 

5th percentiles were derived for the lidar and reference transect data. A Kruskal-Wallis 272 

non-parametric statistical test was used to assess differences between the lidar and 273 

reference data distributions. Transects were further clipped to 1.5 cm radius circles 274 

centered around the location of the reference data to assess whether any returns 275 

occurred at the expected vegetation point. The percentage of lidar returns, or detection 276 

rate, of vegetation measurements was calculated from the number of 1.5 cm radius 277 

circles containing at least one point (Figure 4).  Return densities (cm3) were calculated 278 

using the number of points within the clipped 1.5 cm radius circles. 279 

 280 



 

 

 281 

Figure 4. An example of the vertical profile of lidar points (RGB attributed vegetation 282 

points), with the digital surface model (black), and field measurements (diamonds, not 283 

to scale) for both the transect (top) and 1.5 cm radius clipped circle (bottom).  284 

 285 

To estimate scanning error based on the reference measurement locations, a k 286 

nearest neighbours’ (kNN) analysis was applied to the number of lidar points near each 287 

reference point. A breakpoint analysis on overall effect of the choice of k number of 288 

neighbours from k = 4 to k = 50 was run using the transect level RMSE values for the 289 

whole set of data and by return type (see SI for reasoning behind k value choices).  290 



 

 

Relationships between field reference and lidar-derived metrics for the 291 

individual quadrats were assessed using a linear mixed effects model in the following 292 

form: 293 

Lidar Metric ~ Reference Metric + (Transect | Quadrat Number) + (1 | Site) 294 

The model was also weighted by the inverse number of reference points per transect 295 

length to minimize sampling bias due to variations in the number of reference 296 

measurements. For low occurrences, such as moss and broadleaf flowers, the site term 297 

and, if necessary, the transect line term, were dropped from the model until the number 298 

of observations were sufficient for the model. Marginal R2 and p-values were extracted 299 

directly from the model, and the RMSE and MAE were calculated using the residuals 300 

from the model outputs. Range relative (rr) values were estimated from the transect-301 

level lidar-derived metrics divided by the range of the reference measurements by 302 

transect, then run through the model. Range was used rather than the mean as a relative 303 

metric due to the occurrence of multiple near-zero mean values, the variability in the 304 

number of reference measurements which biased the mean, and to improve robustness 305 

of comparisons across scanning area and devices given the variable vegetation 306 

complexity. Parametric bootstrap using 1000 simulations were run to estimate standard 307 

error and bias of overall metrics, and semiparametric bootstrap for RMSE standard error 308 

estimates. 309 

Comparison of field measurements to random lidar transects  310 

As the three transects for each quadrat were determined using randomization of start to 311 

end side and number, the experimental design could be extended to contextualize results 312 

and examine metric performance if different lidar transects were randomly extracted for 313 

each quadrat compared to the actual lidar transect accuracy for the vegetation reference 314 

data. For each 1 x 1 m quadrat, comparisons were run for B = 999 bootstrap 315 



 

 

randomizations. Transect start-to-end quadrat coordinates were randomized, re-316 

randomizing for lengths less than 50 cm to parallel field methods. Data were analyzed 317 

following previous metric methods aside from RMSE standard error estimates which 318 

had inherent bias due to the considerably larger sample size of the transects derived 319 

from the randomized data (T = 39294), compared to the actual data set (T = 118). As 320 

such, bootstraps were run on a subset of 118 transects randomly drawn from the 321 

randomized data set (T = 39294), and outputs averaged across 99 different runs of the 322 

analysis to determine the standard error.  323 

Results 324 

In total, 40 quadrats were scanned with iPhone 15 Pro lidar and 118 transects 325 

analyzed with 2965 measurement points (Table 1; Figure 5). Two transects had to be 326 

removed due to the transect coordinates not being recorded. The full process of setting 327 

up a plot, scanning at the plot and quadrat level, then measuring vegetation (Figure 1) 328 

took, on average, 3 hours per plot largely due to the laborious vegetation measurement 329 

process. Five areas that were scanned by the Zeb Horizon were able to be aligned with 330 

plot locations using targets and recognizable features to extract the quadrat-level data. 331 

Zeb Horizon data were not collected in tandem with the iPhone data at the wood pasture 332 

nor wood meadow sites. Growing season varied by site.  333 



 

 

 334 

Table 1. The number of scanning scales sampled per site given the month along with the 335 

percentage of broadleaf (B), broadleaf flower (BF), graminoid (G), graminoid flower 336 

(GF), and mixed (M) vegetation types. The wood pasture site was revisited in July and 337 

an additional plot with quadrat sampled.  338 

 339 

Site 

Month in 

2024  

Number 

of 

Quadrats 

Number  

of  

Plots 

Number  

of  

Zeb  

Percentage of 

B, BF, G, GF, M 

% 

Silvoarable June 12 12 2 28, 1, 49, 12, 6 

Silvopastoral August 5 5 1 12, 0,57, 12, 7 

Wood pasture 

May & 

July  

13 5 NA 11, 1, 48, 21, 11 

Wood meadow August 4 4 NA 33, 12, 33, 6, 12 

Heritage 

Orchard 

May 5 3 1 39, 15, 28, 14, 2 

Biodiversity 

Strip 

September 1 1 1 49, 21, 23, 1, 1 



 

 

 340 

Figure 5. Examples from silvoarable mature and intermediate samples, and a mature 341 

silvopastoral site illustrate some of the range in vegetation types and complexity 342 

scanned. Pictures and quadrat scale point clouds along with the transect-extracted data 343 

are presented at the quadrat and plot scales.  344 
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The overall percentage of returns of one or more points occurring within 1.5 cm 346 

of a vegetation measurement, hereafter ‘detection rate’, when excluding graminoid 347 

flowers from the analysis was 82.5% ± 1.4 for the quad scan scale, and 68.8% ± 2.5 for 348 

plot scan scale (Table 2). Expectedly, due to the low density and movement when 349 

measuring, graminoid flowers had low detection rates and low accuracy for both scales 350 

of scanning. Error estimates are most appropriate for return types where the number of 351 

nearest neighbours (k) is less than the mean density. Ground measurements consistently 352 

had the highest detection rate across both the quadrat (95%) and plot (81%) scan scale, 353 

which provides additional confidence in iPhone lidar scanning methods. Measurements 354 

with mixed vegetation types recorded had a high detection rate and accuracy. 355 

Table 2. For each measured return, the return type, scanning scale, mean detection rates 356 

and mean point densities from a lidar return within 1.5 cm of a vegetation measurement 357 

are given. Upper and lower bounds of the calculated RMSE and MAE are given for 4 358 

and 50 nearest neighbours (k).  359 

Return Type 
Scan 

Scale 

Detection 

Rate within 

1.5 cm 

Mean Points 

within 1.5 cm  

RMSE (cm) 

(k = 4 – k = 50) 

MAE (cm) 

(k = 4 – k = 50) 

Overall:  
Quad 79 % 39 (2.41 – 3.29) (1.36 – 2.06) 

Plot 72 % 18 (3.09 – 4.23) (1.69 – 2.61) 

High 
Quad 91 % 48 (1.10 – 1.63) (0.56 – 1.03) 

Plot 82 % 19 (1.41 – 2.24) (0.80 – 1.42) 

Medium 
Quad 80 % 38 (1.55 – 2.38) (0.89 – 1.49) 

Plot 67 % 18 (2.66 – 3.25) (1.58 – 2.26) 

Low 
Quad 56 % 14 (3.67 – 4.50) (2.47 – 3.24) 

Plot 51 % 11 (4.97 – 6.09) (3.16 – 4.33) 

Ground 
Quad 96% 127 (0.59 – 0.78) (0.31 – 0.53) 

Plot 74 % 43 (1.23 – 1.68) (0.69 – 1.03) 

Broadleaf Quad 91 % 50 (0.99 – 1.53) (0.50 – 0.95) 



 

 

 360 

The change point k value was on average 15, which performs with high 361 

accuracy (Table 3, Table S1). Even for graminoid flowers, which performs best given 362 

lower k values, the RMSE was still 4.47 cm ± 0.04 for k = 15.  363 

Table 3. Overall average scanning accuracy at the quadrat (1 x 1 m) and plot (2 x 5 m) 364 

scanning scales given the use of k = 15 nearest neighbours in analysis.   365 

 366 

 367 

 368 

 369 

 370 

 371 

At the quadrat scan scale, the effect of site was marginally insignificant for the k 372 

= 15 RMSE derived error (p = 0.05) and detection rate significantly varied across sites 373 

Plot 85 % 19 (1.33 – 2.18) (0.80 – 1.38) 

Broadleaf 

Flower 

Quad 84 % 19 (2.35 – 2.93) (1.35 – 1.80) 

Plot 74 % 7 (1.91 – 2.29) (1.38 – 1.67) 

Graminoid 
Quad 75 % 32 (1.91 – 2.56) (1.13 – 1.72) 

Plot 67 % 17 (2.91 – 3.55) (1.74 – 2.45) 

Graminoid 

Flower 

Quad 48 % 10 (4.17 – 5.22) (2.91– 3.79) 

Plot 35 % 7 (5.13 – 6.31) (3.24 – 4.41) 

Mix 
Quad 93 % 56 (1.00 - 1.45) (0.62 – 0.91) 

Plot 87 % 27 (1.01 – 1.48) (0.62 – 0.93) 

Moss 
Quad 100 % 120 (0.08 – 0.14) (0.06 – 0.11) 

Plot 78 % 60 (0.18 – 1.28) (0.12 – 0.65) 

Wood 
Quad 85 % 79 (0.99 – 1.89) (0.55 – 1.07) 

Plot 50 % 9 (2.98 – 5.54) (2.16 – 4.34) 

Return 

Type 

Scan 

Scale 

RMSE (cm) 

(rrRMSE %) 

MAE (cm) 

(rrMAE %) 

Overall:  

Quadrat 
2.68 ± 0.01 

(7.00 ± 0.01) 

1.61 ± 0.01 

(3.78 ± 0.06) 

Plot 
3.36 ± 0.01 

(9.80 ± 0.12) 

2.00 ± 0.01 

(5.65 ± 0.09) 



 

 

(Figure 6, p = 0.004). Vegetation type produces a bimodal distribution of detection rate 374 

by site (Figure 6), with the broadleaf-dominated biodiversity strip exhibiting small 375 

variation and a unimodal distribution for higher detection rates.  376 

 377 

 378 

Figure 6. Vegetation type produces a bimodal distribution of detection rates by site. The 379 

broadleaf-dominated biodiversity strip exhibited little variation, with a unimodal 380 

distribution for a higher detection rate. Mean detection rates by site are represented by a 381 

black long dashed vertical line.  382 

 383 

Alongside assessing scanning performance of the iPhone lidar at the quadrat and 384 

plot scanning levels, performance was also compared to a Zeb Horizon scan of the same 385 

plot level, and a Zeb Horizon scan based on a more traditionally representative scanning 386 

area. Scanning densities decreased between point clouds for the broadleaf-dominated 387 

biodiversity strip given the different devices and scanning scales (Figure 7).  388 

 389 



 

 

Figure 7. Lidar-derived point cloud data overlaid with the vegetation measurements for 390 

the biodiversity strip sample at the scanning scales of iPhone quadrat (1 x 1 m), iPhone 391 

plot (2 x 5 m), Zeb Horizon plot (2 x 5 m) and Zeb Horizon area (34 x 130 m). iPhone 392 

lidar scans are shown with the associated RGB values and Zeb Horizon with height 393 

ramp.  394 

 395 

The detection rates when laser scanning fine-scale vegetation using iPhone lidar 396 

are markedly higher than those using Zeb Horizon areas scans, as are the point counts, 397 

respectively (Table 4). There are no significant distributional differences between the 398 

lidar and reference data across all devices and scanning scales (Table 4). The iPhone 399 

lidar performed with high accuracy with range relative errors less than 12.5% across 400 

scanning scales, and as low as 2.8% for the 1 x 1 m iPhone scans. The quadrat 1 x 1 m 401 

scan scale has continued significant and relatively high R2 values compared to the other 402 

devices and scales which taper off as percentiles decrease and vegetation approaches the 403 

ground (Table 4). The poor performance of the randomized transect R2, in contrast to 404 

the actual transect estimates, provides further confidence in the accuracy of estimates 405 

and the methods used for the validation.  406 

Table 4: Metrics calculated from the transect data given the different devices and 407 

scanning scales. For the scanning scales, N = number of quadrats, T = number of 408 



 

 

transects, n = number of measurement reference points, and B = number of bootstrap 409 

samples. Percentile values in bold are significant at a p-value < 0.05. 410 

 411 

Metric 

iPhone  

1 x 1 m 

 

N = 40 

T = 118 

n = 2965 

iPhone  

2 x 5 m 

 

N = 30 

T = 89 

n = 2589 

Zeb  

2 x 5 m 

 

N = 1 

T = 3 

n = 199 

Zeb 

~50 x 100 m 

 

N = 5 

T = 15 

n = 535 

Randomized 

1 x 1 m 

 

B = 999 

N = 40 

T = 39294 

n = 987012 

Average Transect 

Point Count 
65110 19508 2314 390 59445 

Detection Rate 79% ± 2.6 72 % ± 2.0 69 % 26 % ± 5.5 60 % ± 3.0 

Kruskal-Wallis 

Test p-value 
0.127 ± 0.06 0.144 ± 0.03 0.878 0.498 ± 0.02 0.131 ± 0.04 

Canopy Height 

rrRMSE 
28.8 % ± 1.0 35.9 % ± 2.7 17.9 % 37.7 % ± 9.2 42.2 % ± 6.2 

Canopy Height 

rrMAE 
23.5 % ± 0.9 29.4 % ± 2.5 15.0 % 30.3 % ± 7.6 35.6 % ± 5.2 

KNN rrRMSE % (5.6 – 9.2) (7.9 –12.5) (15.9–25.1) (12.5 – 20.0) (10.8 – 14.5) 

KNN rrMAE % (2.8 – 5.4) (4.2 –7.7) (10.3–18.7) (8.0 – 14.3) (6.0 – 8.9) 

100th Percentile: 

R2 (rRMSE %) 

0.980± 0.007 

(28.7 ± 6.7) 

0.969± 0.013 

(39.4 ± 5.3) 

0.998 

(4.1) 

0.795± 0.154 

(40.0 ± 13.3) 

~ 0 ± 0.493 

(32.5 ± 6.2) 

95th Percentile: R2 

(rRMSE %) 

0.983 ± 0.005 

(27.2 ± 6.4) 

0.909 ± 0.044 

(27.0 ± 4.8) 

0.380 

(24.0) 

0.760 ± 0.160 

(52.2 ± 23.8) 

0.002 ±0.487 

(36.8 ± 5.9) 

75th Percentile: R2 

(rRMSE %) 

0.861 ± 0.069 

(29.4 ± 5.3) 

0.921 ± 0.036 

(35.4 ± 5.0) 

0.817 

(10.4) 

0.877 ± 0.196 

(41.4 ± 20.1) 

~ 0 ± 0.488 

41.7 ± 7.0) 

50th Percentile: R2 

(rRMSE %) 

0.664 ± 0.168 

(24.7 ± 4.2) 

0.850 ± 0.069 

(53.8 ± 8.5) 

0.840 

(10.0) 

0.724 ± 0.283 

(55.6 ± 20.2) 

~ 0 ± 0.486 

(45.4 ± 8.0) 

25th Percentile: R2 

(rRMSE %) 

0.746 ± 0.122 

(35.9 ± 6.1) 

0.282 ± 0.352 

(82.1 ± 13.9) 

0.612 

(21.6) 

0.128 ± 0.247 

(68.7 ± 25.2) 

0.002 ± 0.477 

(58.0 ± 8.6) 

5th Percentile: R2 

(rRMSE %) 

0.639 ± 0.169 

(64.1 ± 10.4) 

0.080 ± 0.456 

(116.1± 18.4) 

0.981 

(40.2) 

0.001 ± 0.226 

(139.6± 60.2) 

~ 0 ± 0.458 

(82.7 ± 10.4) 



 

 

Discussion 412 

iPhone lidar can accurately scan understorey vegetation with similar, or better, 413 

performance compared to traditional commercial grade lidar methods such as the Zeb 414 

Horizon scanner. Analysis of 118 transects from 40 quadrats across 5 different 415 

agroforest systems generated highly accurate vegetation structural data across different 416 

spatial scales. The accuracy of results was similar to previous forestry applications (i.e., 417 

diameter at breast height of large trees; Gollob et al. 2021; Guenther et al. 2024; Howie 418 

and De Stefano 2024), with higher accuracy than other comparison studies that used 419 

apps with filtering features for point clouds (Chase et al. 2022; Teppati Losè et al. 2022; 420 

Askar and Sternberg 2023; Guenther et al. 2024; Treccani et al. 2024; Yanchuk et al. 421 

2025). The relative canopy height error was comparable to Atkins and Blackburn’s 422 

AGB estimates from scanning 0.25 x 0.25 m quadrats across rangelands (29.3% ± 6.2, 423 

and 26.6 ± 3.5 for iPad lidar and Zeb Horizon respectively). The maximum height R2 424 

across a range of vegetation types were 0.980 ± 0.007 and 0.969 ± 0.013 for the 1 x 1 m 425 

and 2 x 5 m lidar scanning scales, respectively, and were better than previous studies 426 

with R2 ranging from 0.583 for grass vegetation to 0.95 for an individual broadleaf plant 427 

(Doyle and Raturi 2026; Oikawa et al. 2025; Dietrich and Elias et al. 2025). The 428 

validation methods of using randomized transects and measuring vegetation layers 429 

across a broad range of agroforests, rather than singular sites, experimental plots or 430 

pots, surpassed previous studies to show iPhone lidar can accurately capture the full 431 

vertical profile of understorey vegetation across ecosystem types.  432 

While minimized wherever possible, the analysis included inevitable sources of 433 

measurement error. The reference points themselves, which were collected using 434 

adapted point intercept methods, are subject to common human measurement error 435 

alongside environmental interference (e.g., movement from wind). Error was estimated 436 

to be approximately 10% of the recorded vegetation height (Caratti 2006). For this 437 



 

 

study, the mean precision error calculated from all measured points is ± 0.3 cm. 438 

Scanning in windy conditions was avoided where possible, and vegetation location, 439 

particularly for graminoid flowers, was approximated, but locations such as the 440 

silvopastoral site on a hillside in Scotland inevitably encountered wind, which affected 441 

vegetation position. Parameter tuning also affected error. The transect and circle clip 442 

width impacts metrics; for example, increasing the radius from 1.5 cm inevitably 443 

increases detection rate. However, some percentile comparisons performed less 444 

accurately after the 3 cm breakpoint due to the inclusion of extraneous vegetation and 445 

eventually overlap between measurement points would occur. The smaller clipping 446 

widths were chosen to increase the precision accompanying the accuracy estimates. The 447 

randomization analysis was chosen to sample within the same 1 x 1 m quadrat to 448 

illustrate the precision of estimates using the actual transect location compared to the 449 

range in estimates from incorrect transect locations. Randomizations comparing to 450 

entirely different quadrats with different vegetation types would inevitably have larger 451 

accuracy ranges.  452 

Standardizing fitting procedures is a natural next step for iPhone lidar, 453 

particularly when applied to understorey vegetation, as there is variability in the choice 454 

of apps used, app settings and downstream processing, all of which can greatly impact 455 

the accuracy of capturing fine-scale vegetation structure (Trecanni et al. 2024; Erland 456 

and Gaulton 2026). For example, Atkins and Blackburn et al. (2025) scanned vegetation 457 

with the 3D Scanner App using a 2 m scan depth and 0.5 cm voxel size, then voxelized 458 

scans to 1 p/0.5 cm3 in CloudCompare and additionally applied a segmentation 459 

algorithm to reduce noise and statistical outliers further. Applying a filter or mesh to 460 

iPhone lidar will most likely cause finer details that are attributed to the variation in 461 

vegetation to be lost rather than reduce scanning noise. Ground normalizing procedures 462 



 

 

could also be refined to handle the range in point cloud density produced from the 463 

scanning scale (e.g., quadrat scale scans averaged 96% ground returns compared to 74% 464 

for plot scale scans). 465 

Given that the point cloud data from the iPhone lidar has associated RGB-D 466 

values, the natural extension of this work is to study RGB-derived indices. In a 467 

controlled laboratory environment, 15 RGB-derived spectral indices were calculated 468 

from iPhone lidar RGB-D data and used to estimate leaf nitrogen content with relative 469 

root mean square errors as low as 6-15% (Harikumar et al. 2025). Atkins and Blackburn 470 

et al. (2025) used multiple regression techniques to explore the link with spectral data 471 

when predicting AGB but found a weak relationship (R2 = 0.19). It is hypothesized that 472 

improved scanning methods and platforms may improve these results. Additionally, the 473 

intensity of return strength associated with each 3-dimensional measurement collected 474 

from iPhone lidar has also yet to be explored when scanning vegetation, and the fusion 475 

of it with other structural metrics may provide additional novel insights from scans.  476 

Along with expanding metrics from methods, new applications for estimating 477 

fine-scale vegetation structural complexity using iPhone lidar could improve 478 

governmental biodiversity regulations globally. For example, given the mandated 479 

Biodiversity Net Gain regulations across the United Kingdom (DEFRA 2022; DEFRA 480 

2025), there has been criticism of the use of metrics biasing action-based outcomes 481 

towards improvement that benefits agriculture rather than overall biodiversity increase 482 

(Elmiger et al. 2023; Marshall et al. 2024). Habitat heterogeneity is not well represented 483 

in the current metrics used to assess change. This is likely due to the difficulty in 484 

capturing the vegetation complexity that increases overall biodiversity, particularly for 485 

grassland and woodland (Marshall et al. 2024). Structural complexity is a foundational 486 

fixture of ecological complexity (Russo et al. 2023), and having several metrics, with 487 



 

 

minimal time lags between measurements, to feed into a multifaced framework may be 488 

the best approach to assess biodiversity (Waddell et al. 2026). iPhone lidar in the hands 489 

of researchers, farmers, and citizen science supporters, could help aid continuous 490 

monitoring and improve estimates of habitat heterogeneity while better reflecting 491 

ecosystem complexity.  492 

Crucially, the use of iPhone lidar increases the accessibility to remote sensing 493 

methods to measure fine-scale understorey vegetation across woodland, grassland, 494 

cropland and other ecosystems. Those with limited funds can use previously cost-495 

prohibitive technology which often also requires specialised software to process the data 496 

that is collected. Given its lightweight portability, iPhone lidar also increases 497 

accessibility to those with disabilities where the weight of commercial equipment tends 498 

to create barriers. By introducing cost effective methods for improving diversity 499 

assessments, already limited specialized equipment and expert resources could be 500 

reallocated to target measurements where the scale of iPhone lidar is restrictive, further 501 

increasing the quality of the data that is being collected and used to inform policy. 502 

Furthermore, it is easily deployed in landscapes where terrain can constrain the amount 503 

of equipment brought by researchers, facilitating remote applications. iPhone lidar 504 

provides pocket-sized laser scanning technology to accurately obtain understorey 505 

vegetation structure at scales previously inaccessible to many researchers, practitioners 506 

and the general population. 507 
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Supplemental Material 738 

 739 

Various k values were tested: k = 4 as a minimum k value and average point density 740 

from graminoid flowers; k = 5 as the most commonly used value in forestry analysis 741 

(Chirici et al. 2016), k = 6 as the average square root value derived from the log 742 

distribution of the point densities within a circle; k = 10 as the maximum value reported 743 

in forestry literature (Chirici et al. 2016) and the in-field intuitive value from processing 744 

the circle data; k = 15 as the average square root of the point densities within each 745 

circle; k = 30 as a classic central limit theory value; and k = 50 given that iPhone lidar 746 

point count is 10-fold denser than typical terrestrial scanning lidar data (Erland et al., in 747 

revision; Chirici et al. 2016). 748 

Table S1. Root Mean Squared Error (RMSE) slope and the breakpoint estimated value 749 

for each vegetation category and lidar return likelihood.  750 

 751 

 
Slope: RMSE Increase  

Per added Neighbour (cm) 

k Breakpoint 

Estimate  

Overall 0.028 18.7 

High 0.014 18.3 

Medium 0.026 19.4 

Low 0.047 17.2 

Ground 0.008 21.8 

Broadleaf 0.015 13.7 

Broadleaf Flower 0.021 12.3 

Graminoid 0.025 21.8 

Graminoid Flower 0.061 16.6 

Moss 0.009 6.0 

Wood 0.026 17.5 

Average Across Vegetation 0.024 15.7 


