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A N T H R O P O L O G Y

Island- wide characterization of agricultural production 
challenges the demographic collapse hypothesis for 
Rapa Nui (Easter Island)
Dylan S. Davis1,2,3*, Robert J. DiNapoli4,5, Gina Pakarati6, Terry L. Hunt7, Carl P. Lipo5,8

Communities in resource- poor areas face health, food production, sustainability, and overall survival challenges. 
Consequently, they are commonly featured in global debates surrounding societal collapse. Rapa Nui (Easter Is-
land) is often used as an example of how overexploitation of limited resources resulted in a catastrophic popula-
tion collapse. A vital component of this narrative is that the rapid rise and fall of pre- contact Rapanui population 
growth rates was driven by the construction and overexploitation of once extensive rock gardens. However, the 
extent of island- wide rock gardening, while key for understanding food systems and demography, must be better 
understood. Here, we use shortwave infrared (SWIR) satellite imagery and machine learning to generate an island- 
wide estimate of rock gardening and reevaluate previous population size models for Rapa Nui. We show that the 
extent of this agricultural infrastructure is substantially less than previously claimed and likely could not have 
supported the large population sizes that have been assumed.

INTRODUCTION
Rapa Nui is one of Earth’s most remote human- populated locations 
(Fig. 1). It is over 2000 km from the nearest inhabited island (Pitcairn) 
and over 3700 km from the South American mainland. The island is 
small (~164 km2) and has relatively limited soil productivity and 
freshwater sources (1–8). The physical constraints of the island lim-
ited opportunities for cultivation practices such as terraced irriga-
tion systems found elsewhere in Polynesia. Instead, past Rapanui 
communities initially mitigated problems of the island’s poor soil 
productivity by burning the native palm vegetation (9), a practice 
common in swidden cultivation. Over time, however, local commu-
nities also began to increasingly engage in a cultivation strategy 
known as “lithic mulching,” a form of rock gardening (1, 4, 10–14). 
These rock gardens enhanced plant productivity by increasing avail-
able soil nutrients and maintaining soil moisture (15). Yet, our un-
derstanding of the extent of rock gardening practices on Rapa Nui is 
limited, and current estimates are inaccurate (see more below). 
Here, we present an approach for mapping rock gardening features 
using high- resolution short- wave infrared (SWIR) satellite imagery 
and machine learning.

Rock gardening (sometimes referred to as lithic mulching) is a 
term for adding rocks to cultivation areas (Fig. 2). The practice of 
rock gardening can be found worldwide (16–19). On Rapa Nui, rock 
gardening practices take three different forms (15). First, “veneer gar-
dens” comprise a layer of fist- sized rocks placed directly on the sur-
face. Second, lithic mulching adds broken rock material into the first 
20 to 25 cm of soil. Third, boulder gardens include additional large 

stones on the surface. These forms can appear as a continuum with 
varying- sized rocks and a variable abundance of added material.

Overall, rock gardening increases productivity in a variety of ways 
(20). First, placing rocks on the surface can protect plants by gener-
ating more turbulent airflow over the garden surface. In this way, rock 
gardening can reduce the highest daytime temperatures and increase 
the lowest nighttime temperatures. Adding a layer of rocks to a gar-
den mediates temperature swings, producing a more stable environ-
ment for plant growth (21). Second, the disrupted airflow also limits 
the wind, which can desiccate foliage while providing shade to re-
duce soil moisture evaporation. Third, by mediating the climate, rock 
gardening can contribute to the enhancement of nutrient- poor soils 
by reducing nutrient leaching (15, 22). The soils of Rapa Nui are vol-
canic in origin but highly weathered. Consequently, they are relatively 
depleted in nutrients that are essential for plant growth, particularly 
nitrogen (N), phosphorus (P), and potassium (K), but also calcium 
(Ca), magnesium (Mg), and sulfur (S). As soil weathers, the avail-
ability of these nutrients—particularly N, P, and K—declines from 
soil moisture loss and rainfall- induced nutrient leaching of soils (4, 
11, 23). Abundant rain can exacerbate the situation, as the greater the 
rainfall, the quicker the depletion of mineral nutrients. The placement 
of freshly broken rocks can increase the productivity of the soil by 
exposing unweathered surfaces and sources of minerals. Given its high 
surface- to- volume ratio, Stevenson et al. (15) suggest that pulverized 
rock has the most potential to add nutrients. Pulverized rock might ac-
cumulate as byproducts of digging pits into rock- strewn surfaces or 
from debris collected at quarrying areas.

Given the benefits rock gardening has for increasing soil produc-
tivity and, thus, plant growth, its practice was a vital part of pre- 
contact Rapanui subsistence (1, 14, 15, 21). Nearly half of the Rapanui 
diet consisted of terrestrial foods (24, 25). In this regard, measuring 
the extent of rock gardens is critical for understanding the island’s 
pre- contact environmental carrying capacity. To date, the only island- 
wide estimate for ancient rock gardening activity comes from the 
work of Ladefoged et al. (26). Using near- infrared (NIR) bands from 
Worldview- 2 satellite images, they estimated that between 4.9 and 
21.1 km2 of the island’s total 163.6 km2 area was covered by rock 
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gardens. However, as Ladefoged et al. (26) report, the accuracy of 
this estimation is low (Table 1). Given that this dataset provides one 
of the critical parameters subsequently used to model population sizes 
on Rapa Nui (6), a re- assessment of the prevalence of rock garden-
ing activity is required.

In this paper, we reevaluate the extent of ancient rock gardening 
on Rapa Nui using new satellite imagery, including SWIR, near- 
infrared (NIR), and other visible spectra. The SWIR range is sensi-
tive to water and nitrogen levels, which helps it distinguish between 
different kinds of vegetation and soil compositions resulting from 
different absorption characteristics of minerals (27–30). Human im-
pacts on soil properties and vegetation are thus likely to be high-
lighted by SWIR due to its capacity to differentiate between subtle 
differences in environmental conditions. Despite this fact, SWIR data 
have historically been available only in low resolution (~20 to 60 m) 
and have limited use cases in archaeology [but see (31–35)]. Thus, 
these data offer great potential to improve our knowledge of rock 
gardening on Rapa Nui and, by extension, our understanding of pre- 
European contact population sizes. This study uses archaeological 
field identifications of rock garden features to train machine learning 
models to analyze island- wide SWIR data from the Worldview- 3 sat-
ellite. Our findings indicate that the prevalence of rock gardening is 
approximately one- fifth of the most conservative previous estimates 
(26) that Puleston et al. (6) used to estimate population sizes. This re-
sult challenges the arguments of several scholars for a larger terres-
trial carrying capacity. As such, we use these new estimates of rock 
gardening infrastructure to reevaluate previous population size mod-
els for Rapa Nui [e.g., (9)]. We demonstrate that the extent of rock 
gardening cultivation found in the occupied coastal areas comports 
with estimates of the population from observations made by early Euro-
pean visitors to the island in the 18th century, which is about 3000 (36).

Previous approaches to identifying rock garden features 
using remote sensing
While many rock garden features have been recorded across the is-
land, a systematic surface survey of rock gardening features still 
needs to be completed. To date, the only attempt to rectify this issue 
comes from a comprehensive island- wide estimate of rock gardens 
produced from a remote sensing survey conducted by Ladefoged et al. 
(26). Using high- resolution visual and near- infrared (VNIR) imag-
ery from WorldView- 2 and a maximum likelihood classifier (MLC), 
the authors estimate that lithic mulching fields and gardens cover 
between 4.9 and 21.1 km2 of the island. This work has provided a 
systematic island- wide assessment of rock gardening. These datasets, 
however, attained low rates of precision, recall, and overall accuracy 
(Table 1).

Issues of low accuracy warrant the creation of new analyses that 
can improve estimates of rock gardening. Improving these estimates 
is especially important because these data have been used to esti-
mate population sizes at different points in the island’s human his-
tory as part of the ongoing debate over whether Rapa Nui represents 
an ecological success story or an example of a Malthusian trap where 
population exceeded the carrying capacity and fell into social and 
ecological collapse (6, 37, 38). Accurately determining the extent of 
rock gardening is one essential component in calculating likely pop-
ulation sizes and the island’s carrying capacity, along with better es-
timates of nonrock garden soil productivity and the longevity of 
other cultivation strategies on the island. Errors are present in exist-
ing estimates: The data produced by Ladefoged et al. (26) present 
numerous cases where areas identified as rock gardens are modern 
roads, natural lava flows, and vegetation (Fig. 3). Thus, their analysis 
likely greatly overestimates the amount of ancient rock gardening on 
Rapa Nui.

Fig. 1. Map of Rapa Nui and its location in the southeastern Pacific. Satellite data provided by Maxar. Service layer credits: nASA Shuttle Radar topography Mission 
(79).
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The misidentifications in Ladefoged et al.’s (26) analysis are likely 
due, in part, to the imagery data available at the time from the World-
view- 2 satellite. These images provide nine bands of spectral data 
with wavelengths between 0.45 to 1.04 μm. The NIR bands (0.77 to 
1.49 μm) are of particular value for measuring cultivation features as 
they tend to reflect differences in light absorption due to varying 
abundance of water. These bands, however, cover a relatively narrow 
range of the infrared spectrum (i.e., between 0.7 and 1000 μm). Ex-
panding the spectral range to larger wavelengths can significantly 
increase the ability, for example, to discriminate between mineral-
ogical and geological materials.

RESULTS
We trained a series of machine learning models to identify rock gar-
dening features in Worldview- 3 imagery using data collected dur-
ing ground surveys over the past 5 years. The results of our machine 

learning analyses are reported in Table 2. In all cases, SWIR data 
perform better than VNIR bands at identifying rock gardens and 
classifying the landscape of Rapa Nui. Combining VNIR with SWIR 
did not improve results. This finding suggests that the visual and NIR 
spectra lack the spectral discriminatory power to distinguish between 
rock gardens and other rocky landscape components on Rapa Nui.

The results of the maximum entropy model applied to the 3.7- m 
SWIR imagery were exported to ArcGIS for manual evaluation and 
cleaning, wherein we assessed the model output and removed any ob-
vious errors by hand to produce an estimate of rock garden distribu-
tion. This step required approximately 2 hours of analyst time. The 
resulting dataset contains a total of 0.76 km2 of rock gardens across Rapa 
Nui (Fig. 1).

In assessing the extent of rock gardening destruction that urban-
ization and modern agriculture may have caused, we estimate that 
~25 km2 of the island has been affected. This estimate excludes the 
Poike Peninsula on the island’s eastern side. While there is some 

Fig. 2. Rock gardening on Rapa Nui. (A) view from a low- altitude drone. (B) view from the ground.

Table 1. Accuracy and performance metrics from Ladefoged et al. (26). 

Model Recall Precision F1 Overall accuracy Kappa coefficient

Mlc (maximal) 0.337 0.671 0.449 0.588 0.17

Mlc (medial) 0.327 0.687 0.443 0.591 0.18

Mlc (minimal) 0.319 0.753 0.448 0.609 0.22
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evidence of cultivation on Poike Peninsula, the area displays no evi-
dence of rock gardening activities and is also excluded from previ-
ous analyses of rock garden distribution [see (26)]. Of this ~25 km2, 
>5 km2 of the cultivated areas are in zones where no rock gardens 
have been discovered during ground investigations or remote sens-
ing surveys (see Fig. 4). Most (~17 km2) fall within or adjacent to Hanga 
Roa, the principal modern settlement on Rapa Nui.

DISCUSSION
Our results show that SWIR offers an effective means for more ac-
curately identifying lithic cultivation practices across Rapa Nui’s land-
scape. Our estimates offer greater overall accuracy and reliability than 
earlier estimates (see Tables 1 and 3; also see "Data and materials 
availability"). Ladefoged et al.’s (26) mulching estimates ranged from 
4.3 to 21.1 km2. Our study estimates indicate that the total area of 
rock gardening is 0.76 km2, approximately one- fifth of the most con-
servative previous estimates, including many misclassified colluvium 
areas, lava flows, and roadways. Since rock gardening was significantly 

less prevalent than previously assumed, the island’s carrying capac-
ity would also be substantially less than previous claims, even under 
optimistic assumptions of high productivity.

This study also has important implications for the utility of remote 
sensing in archaeology more broadly. Many instances remain where 
detecting archaeological landscapes is difficult using traditional mul-
tispectral datasets (VNIR). Detecting subtle changes to vegetative 
health, moisture retention properties of soils and plants, and even dif-
ferentiating between soils and soil composition are crucial (39–43). This 
case study demonstrates that SWIR data can distinguish archaeologi-
cal landscape components that often blend in with their surround-
ings (like rock gardens) from their surroundings where other 
components of the electromagnetic spectrum do not have enough 
spectral discriminatory power to make accurate identifications. As 
technology advances, the spectral resolution offered by the SWIR 
spectrum will open important doors for archaeological discovery 
in many regions around the world, particularly in rocky, volcanic 
landscapes. While VNIR is useful for various tasks, high- resolution 
SWIR provides the spectral resolution needed to distinguish 

A B C D

HGFE

Fig. 3. Classifications of landscape features in Ladefoged et al. (26) compared with the results of this study. (A and E) SWiR images of two regions of Rapa nui, one 
near the north coast (A) and one near the west coast (e). Rock gardens are outlined in yellow, and nongarden features are indicated by arrows, including agricultural fields 
(white arrows), colluvial deposits (black arrows), and modern roadways (red arrows). (B to D and F to H) comparison of ladefoged et al. (26) maximal probability (B and F) 
and minimal probability (c and G) estimates and this study’s (D and h) estimates for rock gardening (in blue).

Table 2. Results of machine learning classifications tested using VNIR and SWIR imagery from Worldview- 3. SWiR outperformed all vniR applications and 
performed best using a maximum entropy classifier.

Imagery type Classifier Recall Precision F1 Overall accuracy Kappa coefficient

vniR Random forest 0.716 0.740 0.728 0.7091 0.6505

vniR Maximum entropy 0.701 0.697 0.699 0.695 0.6342

vniR Maximum likeli-
hood

0.592 0.619 0.605 0.584 0.5002

SWiR Random forest 0.753 0.715 0.734 0.7485 0.6915

SWiR Maximum entropy 0.834 0.827 0.830 0.8244 0.7865

SWiR Maximum likeli-
hood

0.743 0.744 0.743 0.7765 0.7248

vniR + SWiR Maximum entropy 0.779 0.799 0.789 0.7817 0.7378
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anthropogenic landscape components of materials similar to natural 
bedrock and outcrop features.

Reevaluating population estimates for Rapa Nui’s rock 
gardening infrastructure
Our results call for a reexamination of recent work by Puleston 
et al. (6) that uses previous estimates of rock gardening to model 
population sizes. One of the dominant staple crops frequently grown 
in rock gardens on Rapa Nui was sweet potato (Ipomoea batatas) (11, 

23). Puleston et al. (6) rely on estimates of sweet potato yields to ap-
proximate the pre- European contact population size of Rapa Nui and 
report that 1 ton/year of sweet potato produces a yield of 2809 kcal/
day. Using their reported values for caloric requirements for the 
population (maximum of 2785 kcal per day per person) and their 
calculated yields of sweet potato (tons per hectare per year), they 
conclude that population sizes on Rapa Nui could have exceeded 
16,000 [Table 3; also see (6)]. In contrast, baseline estimates of 
the population size using our new rock gardening data suggest 

Fig. 4. Map of urbanized and agriculturally disturbed areas in relation to calculated rock garden density. 

Table 3. Estimates of sweet potato yields and population sizes following mulching estimates of (6, 26) and this study. estimates of sweet potato yields 
and population sizes by cultivation frequency and soil nitrogen (n) availability following the methods of Puleston et al. (6) (table 1) and our revised estimates for 
rock garden areas. We use the same ratios as Puleston et al. (6) (100% for continuous, 50% for shifting 5 years off 5 years on, and 25% for shifting 15 years off 
3 years on). Sweet potato yields (tons/ha/year) were calculated by Puleston et al. (6).

Cultivation fre-
quency

N availability Sweet potato yield 
(tons/ha/year)

Rock garden area 
estimate

Land available for 
rock gardening 

(ha)

Sweet potato yield 
(kcal/day)

Number of individ-
uals supported

continuous low 1.46 (26) 3,133.9 12,852,562.6 4,614

continuous high 5.09 (26) 3,133.9 44,807,906.8 16,089

Shifting (5/5) low 2.38 (26) 1,566.9 10,475,384.6 3,761

Shifting (5/5) high 8.00 (26) 1,566.9 35,211,376.8 12,643

Shifting (15/3) low 5.61 (26) 522.3 8,230,659.3 2,955

Shifting (15/3) high 17.60 (26) 522.3 25,821,676.3 9,271

continuous low 1.46 this study 760 3,116,886.4 1,119

continuous high 5.09 this study 760 10,866,335.6 3,901

Shifting (5/5) low 2.38 this study 380 2,540,459.6 912

Shifting (5/5) high 8.00 this study 380 8,539,360.0 3,066

Shifting (15/3) low 5.61 this study 126.67 1,996,075.4 716

Shifting (15/3) high 17.60 this study 126.67 6,262,384.6 2,248
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that population sizes could not have exceeded 4000 (Table 3). It is 
essential to clarify that these estimates are based solely on sweet po-
tatoes and refer to the population that could, theoretically, have been 
supported by rock gardening infrastructure alone. However, addition-
al sources of subsistence (like marine foods and other terrestrial crops 
like bananas, yams, taro, and sugar cane) would have increased the 
island’s carrying capacity.

To explore the implications of additional food sources on popu-
lation estimates, we need to account from nonterrestrial sources and 
terrestrial foods grown in areas outside of rock gardening structures. 
Dietary estimates suggest that ~35 to 45% of the Rapanui diet was 
from marine sources (24). Because of low soil quality and other cli-
matic considerations, additional crops like banana, taro, and sugar 
cane were not optimal crops for maximizing caloric returns but did 
serve as a supplement to the Rapanui diet (11, 25). Thus, the impact 
of these crops on population sizes is likely to have been small, intro-
ducing dietary variety but limited increase to carrying capacity. The 
average carrying capacity of rock gardening calculated in this study 
is ~2000. If we add 50% to this estimate to account for marine and 
additional terrestrial foods from nonmulched areas, we arrive at an 
estimated carrying capacity of ~3000 people. This value matches his-
torical accounts of population size at the time of European arrival in 
the 18th century (44, 45). However, in addition to the impacts of crops 
grown outside of rock gardening and mulched areas, varied annual 
and seasonal growing conditions and changes to the amount of land 
used for cultivation over time are important considerations when 
estimating carrying capacity. Thus, further work is needed to model 
pre- European contact population sizes on Rapa Nui comprehensive-
ly and goes beyond this study’s scope.

Nevertheless, the arguments made by previous studies [e.g., (6)] 
rely on estimates of rock gardening features to model pre- European 
contact population sizes based on sweet potato cultivation. Our re-
vised rock gardening estimates use the same logic but conclude that 
the range of possible population sizes supported by rock gardening 
infrastructure on Rapa Nui is significantly lower than previous esti-
mates. Our estimates suggest that the maximum population supported 
by rock gardening is not ~17,000 as claimed through Ladefoged et al.’s 
(26) rock gardening calculations but just 3901 using our mea-
surements.

Overall, our results are more likely to underestimate small gar-
dens that cannot be seen in the 3.7- m SWIR imagery but are unlikely 

to have missed other rock gardening features. When examining MaxEnt 
results for rock gardening classes, specifically, the model attained a 
true positive rate of over 78% and a true negative rate of over 96%, 
meaning that there is a low rate of error both for excluding real rock 
gardening features and from misidentifying other landscape com-
ponents as rock gardens (see Supplemental Code). As such, our 
estimates likely come close to the total number of extant rock gar-
dening features on Rapa Nui. The density of rock gardens was com-
pared to Ladefoged and colleagues’ (26) most conservative estimates 
(minimal classification) by conducting a kernel density test of mulch 
locations using a 500 m × 500 m cell size [following (26)]. Kernel 
density calculates the density of features within a specified window 
(i.e., 500 m2). The overall location and density of gardens are similar 
to those of earlier studies, primarily clustered along coastal regions 
and largely absent further inland at higher altitudes (Fig. 5) (4, 26). 
Previous island- wide estimates of rock gardening distribution con-
tain numerous examples of false positives and negatives that were 
not replicated in this study using SWIR (Fig. 3). Additionally, the 
urban part of the island could have had rock mulch that has since 
been destroyed.

Such preservation issues present substantial challenges to ar-
chaeologists, and this study is no exception. Using modern (2015 to 
2017) satellite observations means that features that have been de-
stroyed are no longer identifiable using these approaches alone, and 
ground- based analysis is required to verify further or to challenge 
our conclusions. On the basis of our assessment of surface distur-
bances, there is little doubt that some rock gardening infrastructure 
has been destroyed. Still, we suspect that the destruction is limited 
as most developed areas would not have had rock gardening infra-
structure due to their location on the island (Fig. 4). Most rock gar-
dens are clustered near the coast, and over 5 km2 of the cultivated 
areas are in zones where no rock gardens have been discovered dur-
ing ground investigations or remote sensing surveys.

Nonetheless, our results require careful interpretation, as the to-
tal amount of rock gardening features may have been higher than 
what is reported but have since been destroyed. Furthermore, it is im-
portant to emphasize that not all of the rock gardens identified here 
were necessarily contemporaneous; some of these fields may be older 
than others, and the total amount of rock gardening infrastructure 
may have been significantly different or was more limited in ex-
tent at different points in the island’s history. Prior estimates of rock 

Fig. 5. Comparison of rock gardening density distribution of Ladefoged et al. (26) and this study. (A) Minimal estimates from ladefoged et al. (26). (B) estimates from 
this study. 
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gardening infrastructure relied on satellite imagery from 2010 (26), 
and as such, our results are comparable despite the possible bias 
caused by the destruction of archaeological features. Furthermore, 
previous estimates of rock gardening excluded 45 km2 of land area 
from analysis due to cloud coverage and urban and agricultural in-
frastructure. Therefore, we investigated a greater proportion of the 
island’s land mass (due to SWIR’s ability to penetrate cloud cover) 
and greatly improved the accuracy of rock gardening estimates.

Ultimately, the absolute population size on Rapa Nui before Eu-
ropean contact is currently unknown, as additional sources of food 
from nonmulched cultivation areas and other crops like banana and 
taro would have affected the overall carrying capacity. To accom-
plish this task, more extensive studies of contemporary cultivation 
areas could be carried out to determine how long certain areas have 
been used for food production. Additionally, the calculation of ca-
loric returns from other staple crops on Rapa Nui would enhance 
estimates of likely food production and population sizes that could 
have been supported by these efforts. While a comprehensive evalu-
ation of past population sizes goes beyond the scope of this investi-
gation, our results will help to contribute to this area of ongoing 
research.

Revisiting the Malthusian narrative and lessons 
for sustainability
Our estimates of rock garden prevalence on Rapa Nui are essential 
not only in the context of the ongoing debate about population size 
but also in the overall concept of “collapse” and “ecocide” on the is-
land (46–53). Malthusian assumptions are prevalent in a wide range 
of studies that point to the pre- European contact population size of 
the island, drawing on previous rock gardening estimates that inflate 
the land area used for cultivation (6, 46, 49, 54). Recent research has 
attempted to estimate the pre- European population size on the is-
land using previous evaluations of lithic mulching, with estimates 
varying widely from ~3000 to more than 17,000 people (6). While 
an argument for a population size of 17,000 is problematic (5, 55), 
the overestimation of lithic mulching, as demonstrated by our new 
estimates, warrants revisiting environmental carrying capacity and 
population estimates for Rapa Nui (Table 3).

Despite recent archaeological literature debunking ideas about 
Malthusian population overshoot, the premise that Rapanui society 
caused its own demise from unsustainable resource use and uncon-
trolled population increases has been widely popularized. While 
many researchers working on the island have shifted their narratives 
away from the assumptions of a pre- European collapse, the story 
remains prominent in disciplines such as ecology, paleoecology, and 
mathematics (49, 54). Archaeology has much to offer other disci-
plines focused on contemporary conservation and resource man-
agement issues, but only when the archaeological record is accurately 
measured and interpreted [see (56)].

Our results add to a growing body of empirical research showing 
that Rapa Nui represents a prime example of how an isolated popu-
lation with limited natural resources created a sustainable subsis-
tence system, maintaining their numbers within the limitations of 
environmental carrying capacity (55). Contrary to popularized nar-
ratives about a runaway population size that overexploited natural 
resources (37, 46), our results suggest that significant demographic 
increases (“overshoot”) did not occur in the past, given the limited 
extent of agricultural infrastructure. Using high- resolution SWIR 
imagery and machine learning, we detect rock gardens across Rapa 

Nui’s landscape with an accuracy of >80%. On Rapa Nui, our results 
help refine estimates of agricultural productivity, suggesting that 
previous estimates were between 5 and 20 times too high. This finding 
holds significant implications for estimates of population size and 
subsistence strategies of the Rapanui people before European con-
tact. Future research will use the data generated here to model and 
estimate historical population sizes on the island comprehensively.

MATERIALS AND METHODS
To generate an island- wide estimate for rock gardening distribution, 
we use a combination of high- resolution multispectral imagery from 
Worldview 3,archaeological survey data, and machine learning.

High- resolution multispectral imagery
We obtained Worldview 3 imagery of the entire island with minimal 
cloud cover from DigitalGlobe (now Maxar) (Table 4). Images were 
acquired between July 2015 and July 2017. Data were delivered in 
16- bit format for VNIR and 8- bit for SWIR. We converted the VNIR 
data to an 8- bit format to enhance processing capabilities and com-
patibility with the SWIR imagery.

SWIR imagery has not been extensively used in archaeological 
research despite its substantial potential, largely due to the histori-
cally low spatial resolution of commercial SWIR sensors [but see (35)]. 
While lower spatial resolution SWIR has been incorporated into a 
few landscape archaeological studies (57–59), its precise role and im-
portance for archaeological prospection and feature identification have 
not been well explored.

With the launch of DigitalGlobe’s (now Maxar’s) Worldview- 3 sat-
ellite in 2014, high- resolution SWIR became available for the first time 
in eight distinct bands (see Table 4). While data are captured in 3.7- m 
spatial resolution, images provided by Maxar were restricted to 7.5- m 
resolution for public use until 2019. Even with these lower resolu-
tions, these data have proven useful in various studies (60–62) and 
even showed promise in an archaeological pilot study (63). Since 
2019, however, we know of only one archaeological study that has 
made use of the SWIR data now available at the original spatial reso-
lution of 3.7 m per pixel, demonstrating that SWIR can aid in de-
tecting archaeological features in the Middle East (39).

Multispectral imagery records light reflected from the Earth’s sur-
face in different wavelengths across the electromagnetic spectrum. 
Different landscape elements will reflect or absorb light in different 
ratios, and multispectral data can thus be used to classify land cover 
and specific environmental variables based on their geophysical 
profiles. Water, for example, is absorbed in the NIR (0.76 to 1.04 μm), 
but reflected in the blue (0.45 to 0.51 μm), while plants tend to ab-
sorb blue and red light but reflect more green (0.51 to 0.58 μm) and 
NIR light. The SWIR range (1.195 to 2.365 μm) is particularly useful 
for geologic applications because of its ability to distinguish between 
dry and wet soils, as water is absorbed in the SWIR spectrum, and 
their reflectance or absorption characteristics can distinguish differ-
ent minerals.

Within the context of rock gardening on Rapa Nui, the use of 
SWIR data permits for a greater degree of discrimination be-
tween rock gardens, vegetation, natural rock outcrops, and bare 
soils due to its high sensitivity to moisture variations and min-
eral composition, as has been demonstrated by a variety of litho-
logical and agricultural studies [e.g., (28, 64, 65)]. For landscape 
archaeological investigations, SWIR can aid in identifying rock 
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and soil- based features that may otherwise blend into the sur-
rounding landscape when viewed through other types of multi-
spectral imagery.

Training data collection
To train machine learning classifiers to recognize lithic mulch, we 
compiled a training dataset consisting of known lithic mulch and 
other surrounding environmental contexts recorded during ground 
surveys conducted in 2019 and 2023 (Table 5). For this analysis, all 
lithic mulching and rock gardening forms are grouped into a single 
land- cover class. The training samples contain data points through-
out the island to ensure that we captured a wide range of land- cover 
variability. We then exported these data as shapefiles and analyzed 
them in R (66).

Machine learning classification
To identify lithic mulch gardens, we trained three machine learning 
algorithms: (i) maximum entropy (MaxEnt), (ii) random forest (RF), 
and (iii) maximum likelihood classification (MLC). These analy-
ses were conducted in R v. 4.0.2 (66) using the RSToolbox, caret, 
MIAMaxEnt, and randomForest packages (67–70). All three algorithms 
are well established for landscape classification, and we specifically 
chose to test MaxEnt and RF algorithms because they are known to 
work well with incomplete datasets and smaller sample sizes. 
We assess MLC because it was previously used to identify rock garden-
ing structures on Rapa Nui (26). We ran these algorithms on the 
VNIR and SWIR datasets to compare the ability of the two datasets 
to identify rock gardening features.

MaxEnt has been shown to produce highly accurate results while 
minimizing overfitting issues of some other machine learning 
models (71). MaxEnt works well with incomplete datasets by as-
suming that decisions have uniform distributions of choices based 
on training datasets, therefore making assumptions exclusively 
about known data and not requiring the absence of information 
(72, 73). RF is a nonparametric method that classifies data using a 
bootstrapped decision tree approach and performs well with small 
amounts of training information (74). Decision trees operate using 
recursion to classify data into specific subsets. In RF, each decision 
tree reaches a conclusion, and the greatest number of trees in the 
agreement is selected as the “true” classification. Finally, MLC is a 
widely used parametric classification approach that is derived from 
Bayes’ theorem (75, 76). It considers variance and covariance of 
data when making classification decisions but usually requires 
greater amounts of training data to work effectively (77). MLC can 
be used with non- normal datasets, but the more skewed the distri-
bution, the poorer the algorithm performs (78). In their analysis of 
WorldView- 2 imagery, Ladefoged et al. (26) used MLC to identify 
rock gardens.

For each machine learning model, we used an 80- 20 split of our 
training samples for training and validation, respectively. We tuned 
each model (to alleviate overfitting or other performance issues) au-
tomatically using the “tune_length” parameter in the caret package in 
R (see supplemental code in "Data and materials availability"). We set 
the tune_length to 1 for all models. Our model tested other tune_
lengths, but these values did not alter performance and increased com-
putational time.

Table 4. Worldview- 3 imagery delivery specifications. 

Image dates Sensor Wavelengths (μm) Data processing

Resolution: 3.70 m (SWiR),

coastal blue 0.400–0.450 1.2 m (vniR), 0.3

Blue 0.450–0.510 (panchromatic)

Green 0.510–0.580

Yellow 0.585–0.625 Products: Orthos, mosaic

Red 0.630–0.690

2015- 07- 28 Red edge 0.705–0.745

2015- 09- 09 Ortho control: rational polynomial 
coefficients (RPcs), tie

2015- 12- 13 Points

2016- 08- 03 niR1 0.770–0.850

2016- 08- 03 niR2 0.860–1.040

2017- 02- 11 Ortho surface: SRtM30m

2017- 07- 22 SWiR- 1 1.195–1.225

2017- 07- 22 SWiR- 2 1.550–1.590 Resampling: cubic

2017- 07- 29 SWiR- 3 1.640–1.680

SWiR- 4 1.710–1.750

SWiR- 5 2.145–2.185 Projection/datum: UtM

SWiR- 6 2.185–2.225 12Sth WGS84

SWiR- 7 2.235–2.285

SWiR- 8 2.295–2.365

european Petroleum Survey Group 
(ePSG) code: 32712
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Assessment of rock gardening distribution on Rapa Nui
Next, to determine whether combining SWIR with VNIR provided 
additional improvements to rock garden identification, we pan- 
sharpened the SWIR imagery to the same 1.2- m resolution as the 
VNIR data with a principal components analysis (PCA) method using 
the RSToolbox package in R (66, 68). For our analysis, we excluded the 
area covered by the town of Hanga Roa, where modern developments 
have replaced the archaeological landscape, including rock garden 
areas. We use the same area as (26) in their analysis. We combined the 
pan- sharpened SWIR data with the VNIR images and applied the best- 
performing machine learning algorithm from our previous tests. We 
exported the best- performing classification results as raster files af-
ter evaluating the performance metrics from the combined, pan- 
sharpened imagery results with the separate SWIR and VNIR tests.

We then converted the classified raster to a shapefile using the 
“Raster to Polygon” tool in ArcMap 10.8.1. We manually checked the 
resulting polygon file of rock garden locations for errors. We re-
moved features in areas influenced by cloud coverage and those pro-
duced by the shadow effect often occurring in modern urban areas. 
We checked for misclassified polygons in previously misidentified 
areas, such as roadways, soil patches, and natural lava flows. Addi-
tionally, we removed all polygons less than 10 m2 in total area. Most 
polygons of this size were artifacts introduced from the raster- 
polygon conversion and represent single pixels that do not align with 
garden features, given the resolution of the available data. While 
some of these 10- m2 polygons might represent small garden features, 
we removed them because they are not visible in 3.7- m imagery.

Assessing potential rock gardening infrastructure destroyed 
by modern land use
One limitation of using modern remote sensing observations to 
identify ancient structures is that modern agricultural activities, 
urbanization efforts, and environmental factors like erosion can de-
stroy or damage surface deposits. To account for the possibility that 
some ancient rock gardening is missing from our final results, we 
manually analyzed the VNIR Worldview- 3 imagery (with 1.2- m res-
olution) to identify obvious signs of surface disturbance (i.e., plow 
marks, field boundaries, urban development). We digitized polygons 
around plowed field boundaries and urbanized areas and quantified 
the land area affected by these modern land- use practices.

REFERENCES AND NOTES
 1. h.- R. Bork, A. Mieth, B. tschochner, nothing but stones? A review of the extent and 

technical efforts of prehistoric stone mulching on Rapa nui. Rapa Nui J. 18, 10–14 (2004).

 2. t. Brosnan, M. W. Becker, c. P. lipo, coastal groundwater discharge and the ancient 
inhabitants of Rapa nui (easter island), chile. Hydrogeol. J. 27, 7 (2018).

 3. R. J. Dinapoli, c. P. lipo, t. Brosnan, t. l. hunt, S. hixon, A. e. Morrison, M. Becker, Rapa nui 
(easter island) monument (ahu) locations explained by freshwater sources. PLOS ONE 14, 
e0210409 (2019).

 4. t. n. ladefoged, c. M. Stevenson, S. haoa, M. Mulrooney, c. Puleston, P. M. vitousek,  
O. A. chadwick, Soil nutrient analysis of Rapa nui gardening. Archaeol. Ocean. 45, 80–85 
(2010).

 5. c. P. lipo, R. J. Dinapoli, t. l. hunt, commentary: Rain, sun, soil, and sweat: A 
consideration of population limits on Rapa nui (easter island) before european contact. 
Front. Ecol. Evol. 6, 25 (2018).

 6. c. O. Puleston, t. n. ladefoged, S. haoa, O. A. chadwick, P. M. vitousek, c. M. Stevenson, 
Rain, sun, soil, and sweat: A consideration of population limits on Rapa nui (easter island) 
before european contact. Front. Ecol. Evol. 5, 69 (2017).

 7. c. M. Stevenson, t. n. ladefoged, S. haoa, Productive strategies in an uncertain 
environment: Prehistoric agriculture on easter island. Rapa Nui J. 6, 17–22 (2002).

 8. t. l. Zeferjahn, “Submarine groundwater discharge as a freshwater resource for the 
ancient inhabitants of Rapa nui,” thesis, california State University, long Beach, cA 
(2016).

 9. D. Mann, J. edwards, J. chase, W. Beck, R. Reanier, M. Mass, B. Finney, J. loret, Drought, 
vegetation change, and human history on Rapa nui (isla de Pascua, easter island). Quat. 
Res. 69, 16–28 (2008).

 10. t. l. hunt, c. P. lipo, the human transformation of Rapa nui (easter island, Pacific Ocean), 
in Biodiversity and Societies in the Pacific Islands, S. larrue, ed. (Universitaires de Provence, 
2013), pp. 167–84.

 11. G. louwagie, c. M. Stevenson, R. langohr, the impact of moderate to marginal land 
suitability on prehistoric agricultural production and models of adaptive strategies for 
easter island (Rapa nui, chile). J. Anthropol. Archaeol. 25, 290–317 (2006).

 12. c. M. Stevenson, J. Wozniak, S. haoa, Prehistoric agricultural production on easter island 
(Rapa nui), chile. Antiquity 73, 801–812 (1999).

 13. c. M. Stevenson, S. haoa, Prehistoric gardening systems and agricultural intensification in 
the la Perouse area of easter island, in Easter Island in Pacific Context (easter island 
Foundation, 1998), pp. 205–213.

 14. J. A. Wozniak, Prehistoric horticultural practices on easter island: lithic mulched gardens 
and field systems. Rapa Nui J. 13, 95–99 (1999).

 15. c. M. Stevenson, e. S. v. Burns, S. haoa, e. carpenter, c. S. M. hunt, O. A. chadwick,  
t. n. ladefoged, Rapa Nui (Easter Island) Rock Gardens (Yale Univ. Press, 2022).

 16. B. G. McFadgen, Maori Plaggen soils in new Zealand, their origin and properties. J. R. Soc. 
N. Z. 10, 3–18 (1980).

 17. D. R. lightfoot, the nature, history, and distribution of lithic mulch agriculture: An ancient 
technique of dryland agriculture. Agric. Hist. Rev. 44, 206–222 (1996).

 18. D. lightfoot, Morphology and ecology of lithic- mulch agriculture. Geogr. Rev. 84, 172–185 
(1994).

 19. W. Doolittle, innovation and diffusion of sand-  and gravel- mulch agriculture in the 
American southwest: A product of the eruption of Sunset crater. Quaternaire 9, 61–69 
(1998).

 20. J. Poesen, h. lavee, Rock fragments in top soils: Significance and processes. CATENA 23, 
1–28 (1994).

 21. t. hunt, c. lipo, The Statues that Walked: Unraveling the Mystery of Easter Island 
(counterpoint, 2011).

 22. t. ladefoged, c. Stevenson, P. vitousek, O. chadwick, Soil nutrient depletion and the 
collapse of Rapa nui society. Rapa Nui J. 22, 102–109 (2005).

 23. G. louwagie, R. langohr, Perspectives on traditional agriculture from Rapa nui, in 
Rethinking Agriculture (Routledge, 2007).

Table 5. Training dataset used for machine learning. 

Class Number of features Total area (km2)

Bare soil 27 0.101

Bedrock/colluvium 66 0.090

Forest/trees 25 0.235

Grass 36 0.090

Mulch 40 0.031

Urban/developed 30 0.053

D
ow

nloaded from
 https://w

w
w

.science.org on June 21, 2024



Davis et al., Sci. Adv. 10, eado1459 (2024)     21 June 2024

S c i e n c e  A D v A n c e S  |  R e S e A R c h  A R t i c l e

10 of 11

 24. A. S. commendador, B. P. Finney, B. t. Fuller, M. tromp, J. v. Dudgeon, Multiproxy 
isotopic analyses of human skeletal material from Rapa nui: evaluating the evidence 
from carbonates, bulk collagen, and amino acids. Am. J. Phys. Anthropol. 169, 714–729 
(2019).

 25. c. l. Jarman, t. larsen, t. hunt, c. lipo, R. Solsvik, n. Wallsgrove, c. Ka’apu- lyons,  
h. G. close, B. n. Popp, Diet of the prehistoric population of Rapa nui (easter island, chile) 
shows environmental adaptation and resilience. Am. J. Phys. Anthropol. 164, 343–361 
(2017).

 26. t. n. ladefoged, A. Flaws, c. M. Stevenson, the distribution of rock gardens on Rapa nui 
(easter island) as determined from satellite imagery. J. Archaeol. Sci. 40, 1203–1212 
(2013).

 27. W. D. hively, B. t. lamb, c. S. Daughtry, J. Shermeyer, G. W. Mccarty, M. Quemada, 
Mapping crop residue and tillage intensity using Worldview- 3 satellite shortwave 
infrared residue indices. Remote Sens. 10, 1657 (2018).

 28. S. Karimzadeh, M. h. tangestani, evaluating the vniR- SWiR datasets of Worldview- 3 for 
lithological mapping of a metamorphic- igneous terrain using support vector machine 
algorithm; a case study of central iran. Adv. Space Res. 68, 2421–2440 (2021).

 29. P. Sidike, v. Sagan, M. Maimaitijiang, M. Maimaitiyiming, n. Shakoor, J. Burken, t. Mockler, 
F. B. Fritschi, dPen: Deep progressively expanded network for mapping heterogeneous 
agricultural landscape using Worldview- 3 satellite imagery. Remote Sens. Environ. 221, 
756–772 (2019).

 30. Y. Sun, S. tian, B. Di, extracting mineral alteration information using Worldview- 3 data. 
Geosci. Front. 8, 1051–1062 (2017).

 31. c. Borie, c. Parcero- Oubiña, Y. Kwon, D. Salazar, c. Flores, l. Olguín, P. Andrade, Beyond 
site detection: the role of satellite remote sensing in analysing archaeological problems. 
A case study in lithic resource procurement in the Atacama Desert, northern chile. 
Remote Sens. 11, 869 (2019).

 32. t. Kalayci, R. lasaponara, J. Wainwright, n. Masini, Multispectral contrast of archaeological 
features: A quantitative evaluation. Remote Sens. 11, 913 (2019).

 33. B. h. Menze, J. A. Ur, Mapping patterns of long- term settlement in northern 
Mesopotamia at a large scale. Proc. Natl. Acad. Sci. U.S.A. 109, e778–e787 (2012).

 34. A. M. Bauer, impacts of mid-  to late- holocene land use on residual hill geomorphology: A 
remote sensing and archaeological evaluation of human- related soil erosion in central 
Karnataka, South india. Holocene 24, 3–14 (2014).

 35. B. vining, Reconstructions of local resource procurement networks at cerro Baúl, Peru 
using multispectral ASteR satellite imagery and geospatial modeling. J. Archaeol. Sci. Rep. 
2, 492–506 (2015).

 36. c. P. lipo, R. J. Dinapoli, t. l. hunt, claims and evidence in the population history of Rapa 
nui (easter island), in The Prehistory of Rapa Nui (Easter Island), v. Rull, c. Stevenson, eds. 
(Springer international Publishing, 2022), pp. 565–585.

 37. J. Diamond, Collapse: How Societies Choose to Fall or Succeed (viking, 2005).
 38. R. J. Dinapoli, c. P. lipo, t. l. hunt, triumph of the commons: Sustainable community 

practices on Rapa nui (easter island). Sustainability 13, 12118 (2021).
 39. J. casana, c. Ferwerda, Archaeological prospection using Worldview- 3 short- wave 

infrared (SWiR) satellite imagery: case studies from the Fertile crescent. Archaeol. 
Prospect. 30, 327–340 (2023).

 40. D. S. Davis, K. Douglass, Remote sensing reveals lasting legacies of land- use by 
small- scale communities in the southwestern indian Ocean. Front. Ecol. Evol. 9, 689399 
(2021).

 41. R. Bennett, K. Welham, R. A. hill, A. l. J. Ford, the application of vegetation indices for the 
prospection of archaeological features in grass- dominated environments. Archaeol. 
Prospect. 19, 209–218 (2012).

 42. R. lasaponara, n. Masini, Detection of archaeological crop marks by using satellite 
QuickBird multispectral imagery. J. Archaeol. Sci. 34, 214–221 (2007).

 43. O. l. thabeng, e. Adam, S. Merlo, Spectral discrimination of archaeological sites 
previously occupied by farming communities using in situ hyperspectral data. 
 J. Spectrosc. 2019, 1–21 (2019).

 44. J. J. Boersema, R. huele, Pondering the population numbers of easter island’s past, in 
Cultural and Environmental Dynamics. Proceedings of the 9th International Conference on 
Easter Island and the Pacific, Held in the Ethnological Museum, Berlin, Germany, B. vogt,  
A. Kühlem, A. Mieth, h.- R. Bork, eds. (Rapa nui Press, 2019), pp. 83–92.

 45. J. J. Boersema, The Survival of Easter Island (cambridge Univ. Press, 2015).
 46. P. G. Bahn, J. R. Flenley, Easter Island, Earth Island (thames and hudson, 1992).
 47. R. J. Dinapoli, t. M. Rieth, c. P. lipo, t. l. hunt, A model- based approach to the tempo of 

“collapse”: the case of Rapa nui (easter island). J. Archaeol. Sci. 116, 105094 (2020).
 48. P. v. Kirch, On the Road of the Winds: An Archaeological History of the Pacific Islands before 

European Contact (University of california Press, 2017).
 49. M. lima, e. M. Gayo, c. latorre, c. M. Santoro, S. A. estay, n. cañellas- Boltà, O. Margalef,  

S. Giralt, A. Sáez, S. Pla- Rabes, n. chr, Stenseth, ecology of the collapse of Rapa nui 
society. Proc. R. Soc. B Biol. Sci. 287, 20200662 (2020).

 50. v. Rull, natural and anthropogenic drivers of cultural change on easter island: Review and 
new insights. Quat. Sci. Rev. 150, 31–41 (2016).

 51. v. Rull, Strong fuzzy ehlFS: A general conceptual framework to address past  
records of environmental, ecological and cultural change. Quaternary 1, 10  
(2018).

 52. v. Rull, e. Montoya, i. Seco, n. cañellas- Boltà, S. Giralt, O. Margalef, S. Pla- Rabes,  
W. D’Andrea, R. Bradley, A. Sáez, clAFS, a holistic climatic- ecological- anthropogenic 
hypothesis on easter island’s deforestation and cultural change: Proposals and testing 
prospects. Front. Ecol. Evol. 6, 32 (2018).

 53. M. Scheffer, Anticipating societal collapse; hints from the Stone Age. Proc. Natl. Acad. Sci. 
U.S.A. 113, 10733–10735 (2016).

 54. W. F. Basener, W. J. Basener, ecological collapse of easter island and the role of price fixing. 
Eur. J. Math. 5, 646–655 (2019).

 55. R. J. Dinapoli, e. R. crema, c. P. lipo, t. M. Rieth, t. l. hunt, Approximate Bayesian 
computation of radiocarbon and paleoenvironmental record shows population 
resilience on Rapa nui (easter island). Nat. Commun. 12, 3939 (2021).

 56. S. M. Fitzpatrick, J. M. erlandson, K. M. Gill, eds., Sustainability in Ancient Island Societies: An 
Archaeology of Human Resilience (University Press of Florida, 2024).

 57. A. Agapiou, Optimal spatial resolution for the detection and discrimination of 
archaeological proxies in areas with spectral heterogeneity. Remote Sens. 12, 136 
(2020).

 58. i. Berganzo- Besga, h. A. Orengo, F. lumbreras, M. carrero- Pazos, J. Fonte, B. vilas- estévez, 
hybrid MSRM- based deep learning and multitemporal sentinel 2- based machine 
learning algorithm detects near 10k archaeological tumuli in north- western iberia. 
Remote Sens. 13, 4181 (2021).

 59. h. A. Orengo, F. c. conesa, A. Garcia- Molsosa, A. lobo, A. S. Green, M. Madella, c. A. Petrie, 
Automated detection of archaeological mounds using machine- learning classification of 
multisensor and multitemporal satellite data. Proc. Natl. Acad. Sci. U.S.A. 177, 18240–
18250 (2020).

 60. A. collin, n. lambert, S. etienne, Satellite- based salt marsh elevation, vegetation height, 
and species composition mapping using the superspectral Worldview- 3 imagery. Int. 
J. Remote Sens. 39, 5619–5637 (2018).

 61. F. A. Kruse, S. l. Perry, Mineral mapping using simulated Worldview- 3 short- wave- infrared 
imagery. Remote Sens. 5, 2688–2703 (2013).

 62. t. A. Warner, n. S. Skowronski, M. R. Gallagher, high spatial resolution burn severity 
mapping of the new Jersey Pine Barrens with Worldview- 3 near- infrared and shortwave 
infrared imagery. Int. J. Remote Sens. 38, 598–616 (2017).

 63. D. S. Davis, the applicability of short- wave infrared (SWiR) imagery for archaeological 
landscape classification on Rapa nui (easter island), chile. Alpenglow Binghamt. Univ. 
Undergrad. J. Res. Creat. Act. 3, 7 (2017).

 64. G. P. Asner, D. B. lobell, A biogeophysical approach for automated SWiR unmixing of soils 
and vegetation. Remote Sens. Environ. 74, 99–112 (2000).

 65. n. A. Drake, S. Mackin, J. J. Settle, Mapping vegetation, soils, and geology in semiarid 
shrublands using spectral matching and mixture modeling of SWiR AviRiS imagery. 
Remote Sens. Environ. 68, 12–25 (1999).

 66. R core team, R: A language and environment for statistical computing, version 4.0.2, R 
Foundation for Statistical computing (2020); http://www.R- project.org/.

 67. M. Kuhn, J. Wing, S. Weston, A. Williams, c. Keefer, A. engelhardt, t. cooper, Z. Mayer,  
B. Kenkel, caret: classification and regression training. R package version 6.0- 86  
(2020).

 68. B. leutner, n. horning, J. Schwalb- Willmann, RStoolbox: tools for remote sensing data 
analysis, version 0.2.6 (2019); https://cRAn.R- project.org/package=RStoolbox.

 69. A. liaw, M. Wiener, classification and regression by randomForest. R News 2, 18–22 
(2002).

 70. J. vollering, R. halvorsen, S. Mazzoni, the MiAmaxent R package: variable 
transformation and model selection for species distribution models. Ecol. Evol. 9, 
12051–12068 (2019).

 71. P. M. Yaworsky, K. B. vernon, J. D. Spangler, S. c. Brewer, B. F. codding, Advancing 
predictive modeling in archaeology: An evaluation of regression and machine learning 
methods on the Grand Staircase- escalante national Monument. PLOS ONE 15, e0239424 
(2020).

 72. S. J. Phillips, M. Dudík, R. e. Schapire, A maximum entropy approach to species 
distribution modeling, in Proceedings of the Twenty- First International Conference on 
Machine Learning (Association for computing Machinery, 2004), p. 83.

 73. S. J. Phillips, R. P. Anderson, R. e. Schapire, Maximum entropy modeling of species 
geographic distributions. Ecol. Model. 190, 231–259 (2006).

 74. l. Breiman, Random forests. Mach. Learn. 45, 5–32 (2001).
 75. A. Ahmad, S. Quegan, Analysis of maximum likelihood classification on multispectral 

data. Appl. Math. Sci. 6, 6425–6436 (2012).
 76. X. chen, t. A. Warner, D. J. campagna, integrating visible, near- infrared and short- wave 

infrared hyperspectral and multispectral thermal imagery for geological mapping at 
cuprite, nevada. Remote Sens. Environ. 110, 344–356 (2007).

 77. P. h. Swain, S. M. Davis, Remote sensing: the quantitative approach. IEEE Trans. Pattern 
Anal. Mach. Intell. 3, 713–714 (1981).

D
ow

nloaded from
 https://w

w
w

.science.org on June 21, 2024

http://www.R-project.org/
https://CRAN.R-project.org/package=RStoolbox


Davis et al., Sci. Adv. 10, eado1459 (2024)     21 June 2024

S c i e n c e  A D v A n c e S  |  R e S e A R c h  A R t i c l e

11 of 11

 78. J. R. Otukei, t. Blaschke, land cover change assessment using decision trees, support 
vector machines and maximum likelihood classification algorithms. Int. J. Appl. Earth Obs. 
Geoinf. 12, S27–S31 (2010).

 79. Opentopography, Shuttle Radar topography Mission (SRtM) Global (2013). https://doi.
org/10.5069/G9445JDF.

Acknowledgments: We thank la comunidad indígena Ma'u henua Rapa nui for their support 
and permission to conduct this work. We thank our island collaborator h. huki for his support 
and contribution to this project. Funding: Funding for the Worldview- 3 imagery and fieldwork 
for this project was supported by the national Science Foundation (BcS- 1841420 and 
BcS- 2218602) and the national Geographic Society’s enduring impacts: Archaeology of 
Sustainability Program (nGS- 85450R- 21). D.S.D. is supported by a national Science Foundation 
SBe Fellowship (SMA- 2203789). Author contributions: conceptualization: D.S.D. and c.P.l. 
Methodology: D.S.D. investigation: D.S.D., R.J.D., t.l.h., G.P., and c.P.l. visualization: D.S.D. and 

R.J.D. Writing—original draft: D.S.D., R.J.D., t.l.h., and c.P.l. Writing—review and editing: D.S.D., 
R.J.D., t.l.h., and c.P.l. Competing interests: the authors declare that they have no competing 
interests. Data and materials availability: All code and datasets produced in this study are 
available from Dryad (https://doi.org/10.5061/dryad.gqnk98swd) and Github (https://github.
com/d- davis/rapanui_mulching). Worldview 3 imagery was purchased by land info Worldwide 
Mapping llc and provided by Maxar under an internal Use license (https://www.maxar.com/
legal/internal- use- license). All other data needed to evaluate the conclusions in the paper are 
present in the paper.

Submitted 19 January 2024 
Accepted 16 May 2024 
Published 21 June 2024 
10.1126/sciadv.ado1459

D
ow

nloaded from
 https://w

w
w

.science.org on June 21, 2024

https://doi.org/10.5069/G9445JDF
https://doi.org/10.5069/G9445JDF
https://doi.org/10.5061/dryad.gqnk98swd
https://github.com/d-davis/rapanui_mulching
https://github.com/d-davis/rapanui_mulching
https://www.maxar.com/legal/internal-use-license
https://www.maxar.com/legal/internal-use-license

	Island-wide characterization of agricultural production challenges the demographic collapse hypothesis for Rapa Nui (Easter Island)
	INTRODUCTION
	Previous approaches to identifying rock garden features using remote sensing

	RESULTS
	DISCUSSION
	Reevaluating population estimates for Rapa Nui’s rock gardening infrastructure
	Revisiting the Malthusian narrative and lessons for sustainability

	MATERIALS AND METHODS
	High-resolution multispectral imagery
	Training data collection
	Machine learning classification
	Assessment of rock gardening distribution on Rapa Nui
	Assessing potential rock gardening infrastructure destroyed by modern land use

	REFERENCES AND NOTES
	Acknowledgments


