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Abstract 1. Introduction

Biodiversity monitoring is essential to evaluate whether
restoration and conservation initiatives effectively mitigate
biodiversity loss driven by climate change and habitat
degradation. Given the complexity of ecological dynam-
ics at play, monitoring the different variables of interest
over time and at different spatial scales is challenging. In
this study, we present a cost-effective and scalable frame-
work to use multiple sensors for data collection and au-
tomate data processing with various computer vision and
deep learning methods to facilitate long-term, large-scale
monitoring of biodiversity. We illustrate the potential of
this approach through a case study, in which we monitor
a koa restoration project in the Pu'u Maka'ala Natural Area
Reserve, Hawai'i. We study the relationship between ma-
turity of restored patches and biodiversity variables by in-
tegrating information from camera traps, passive acoustic
microphones, LiDAR and drone flights. While we process
camera-trap and acoustic data semi-automatically with ex-
isting deep learning models, we also adapt active contour
methods to measure koa forest growth from LiDAR and
drone data. Specifically, we segment individual trees by first
estimating ground and top surfaces from the LiDAR point
clouds, and then by clustering elements from the top sur-
face based on height density using watershed. We find an
evidence of association between biodiversity from camera
traps and microphones and koa tree maturity and demon-
strate the effectiveness of using multi-sensor data and com-
puter vision for biodiversity monitoring.

“Equal contribution.

Given the widespread need for conservation action world-
wide, it is essential to monitor both past and ongoing con-
servation and restoration efforts to evaluate their effective-
ness [23, 28]. Insights from such monitoring can inform fu-
ture policies and strategies across various ecosystems, spa-
tial and temporal scales, and decision-making levels. Au-
tonomous data collection systems, including camera traps,
passive acoustic microphones (PAM), drones, and LiDAR,
enable large-scale, long-term, and multimodal (encompass-
ing multiple modalities, i.e. different data types) ecosystem
monitoring [2]. To leverage the large amount of data col-
lected by such systems, computational methods are increas-
ingly used to automate data processing [2, 22]. These sys-
tems significantly reduce the time and resources required to
collect and process large amounts of data compared to tra-
ditional methods, while allowing for different dimensions
of ecosystems to be monitored and the collection of new
sources of data [22]. These data can therefore be lever-
aged to offer novel insights and increased understanding
of ecosystems and their dynamics before, during, and after
conservation efforts.

In this study, we explore the potential of autonomous and
multi-sensor monitoring to evaluate conservation efforts of
koa restoration sites in Pu'u Maka'ala Natural Area Reserve
(PUUM). Located at an elevation of 1,600 meters, PUUM
serves as a vital refuge for native bird species whose popula-
tions are undergoing severe declines due to habitat loss, cli-
mate change, introduced predators, and diseases, especially
avian malaria spread by invasive mosquitoes [4, 7, 25, 32].
However, much of PUUM’s area was previously converted
to pasture. Introduced grasses dominate these areas and will
continue to do so without human intervention [26]. Recent



restoration efforts have focused on planting koa (Acacia
koa), an endemic keystone species, to restore the ecosys-
tem and provide habitat for endangered bird species [30].
Given the large area of the restored plot, we develop au-
tomated monitoring systems to record and process images
and sounds of animals across plots of varying developmen-
tal stages to scale up and facilitate the analysis of the com-
plex biodiversity dynamics associated with koa restoration
over time.

We use foundation models to obtain species occur-
rence from camera trap and acoustics data. We also pro-
pose a novel method to measure tree growth using LiDAR
and drone imagery. We then evaluate restoration success
by linking extracted biodiversity variables to sites at dif-
ferent restoration stages and conclude that bird biodiver-
sity increases as koa tree restoration plots mature in Pu'u
Maka'ala. Our findings demonstrate the potential of using
multimodal data along with automatic processing pipelines
to assess and inform conservation efforts.

2. Data collection

We selected three sites within PUUM where koa have been
replanted, named Open Grassland (OG), Park Land (PL)
and Closed Canopy (CC), respectively (see Fig. 1). Al-
though the exact planting dates of the restored koa stands
are unavailable, preliminary observations based on koa tree
size and grassland cover suggest that OG represents the
most recently established site, CC the oldest, and PL an in-
termediate stage.
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Figure 1. Overview of the study sites and sensor placement.
Top left: map of Hawai'i archipelago with location of PUUM on
Big Island Hawai’i (the white circle). Bottom left: visualization
of the camera trap (orange) and microphone placement (purple).
Right handed images obtained from one of the six camera traps
placed at each site. From top to bottom: Open Grassland (OG),
Park Land (PL), and Closed Canopy (CC).

We chose 6 focal koa trees with understory at each site.
One camera trap was set up to point towards each focal tree
with the intent to capture bird occurrences. All camera traps
are motion-triggered, and were set to capture images with a
burst of 3 images with a cool-down period of 5 seconds.
We also implemented PAM by deploying one microphone
at each site (CC, OG, PL, see figure 1). A tree close to
the camera trap deployments (but not with a camera trap
pointed at it) was selected and a microphone was fixed to
a branch. Microphones were set to record for 30 minutes
from 6:00 to 7:00 and 15 minutes every hour from 7:00 to
19:00. Finally, we flew a DJI Majic Mini drone over each
site to measure variables associated with the structure of
the koa stand. The drone was manually maneuvered, flying
at an elevation of 20m, a camera angle of 60 degrees, and
recording the scene at 30 frames per second.

3. Methods

3.1. Camera traps

We developed an automated pipeline to extract animal oc-
currence data using MegaDetector [ 1] and BioCLIP [29].
MegaDetector is a generalizable animal detector that can be
used to filter out empty camera trap images due to false trig-
gers. It has been widely applied to camera traps deployed
in various ecosystems with varying degrees of success (e.g.,
[8, 16, 20]). BioCLIP [29], a recent foundation model for
species recognition, leverages the potential of large vision-
language models to achieve zero-shot species recognition in
different geographic regions.

We first applied MegaDetector [1, 11] to all camera trap
images to detect animal occurrences and filter out empty
frames. MegaDetector contains three categories: animal,
person, and vehicle. All detections labeled as "animal" were
subsequently passed to BioCLIP [29] for species recogni-
tion. We compared the off-the-shelf performance of Bio-
CLIP with the performance of classifiers trained with fea-
tures extracted by BioCLIP.

We also developed a filtering algorithm to eliminate re-
dundant detections caused by: 1) the camera trap setting
(three images captured per trigger), 2) animals staying in
the same location for extended periods, and (3) leaves con-
sistently misclassified as birds over time by the species clas-
sifier. The algorithm groups detections classified as bird us-
ing their timestamps and bounding box coordinates. Specif-
ically, we compute the Intersection over Union (IoU) be-
tween bounding boxes, grouping those with an IoU greater
than 0.9. Within each group, we calculate the detection du-
ration based on timestamps. If the duration is longer than
10 minutes, we consider the detections as non-bird, as such
prolonged detections are likely to be misclassified leaves
instead of a bird.



3.2. Bioacoustics

Raw audio recordings were split into 5-second clips to stan-
dardize analysis. Each clip was processed using an unsu-
pervised sound source separation model based on Mixture
Invariant Training (MixIT) ( [5, 33]). Each extracted source
was passed through a detector and sources classified as pure
noise were discarded. The non-noise sources were passed
to Perch, a bird species classifier that assigns probabilities
to different bird species [9]. Along with classification labels
and probabilities, Perch also produces a vector representa-
tion, or embedding, of the audio input.

Total species richness from PAM was calculated by
counting the number of species detected at each site over
the whole time period for samples that had a prediction con-
fidence threshold above 0.95 and that occurred at least 50
times. We also computed a measure of diversity in the em-
bedding space by running a principal component analysis
(PCA) and the sourced embeddings for samples that had
a confidence prediction threshold above 0.01, and report-
ing the number of principal components required for cer-
tain percentage of explained variance. The advantage of this
method is that it is a measure of statistical diversity that is
not biased by the accuracy of the bird species classification
model while remaining related to a measure of biodiversity.

3.3. Analysis of biodiversity data

Results from camera traps and PAM were analyzed sepa-
rately. We ran a Chi-squared test on the occurrence counts
of species grouped per site to investigate whether a relation-
ship was present between sites and occurrences. We then
calculated the Shannon-Wiener Diversity Index (H), a met-
ric of species diversity that takes into account both species
richness and evenness [27]. From this metric, we calculated
evenness (e ) separately. Finally, we compared among-site
diversity using the Jaccard [13] and Bray-Curtis [3] dissim-
ilarity metrics, the first on presence-absence and the second
on occurrence data. All metrics were calculated in R using
the package vegan [18]. Evenness is defined as e H = %,
where H is the Shannon-Wiener index at a site and S is the
total number of species at that site [21].

3.4. LiDAR

In order to process LiDAR data of the selected plots of land,
the point cloud was first rotated such that x, y and z axes are
aligned with the first 3 PCA directions, eliminating natural
trends due to elevation and other possible factors. Then, a
modification of the classical active contour [15] algorithm
was used to estimate the surface of the ground and the top
surface. Active contours have been previously applied to Li-
DAR data for surface reconstruction [31] and forest terrain
modeling [24], typically using energy functions that balance
surface smoothness with point cloud fidelity. Our approach
adapts this framework by incorporating a specific RBF ker-

nel energy formulation that uses distance-weighted point at-
traction for both ground and canopy surface estimation. The
surface is represented as a grid of points with fixed x and y
coordinates, and the goal is to optimize z coordinates by us-
ing energy based on distance to the lidar points. The point
energy is defined as an RBF kernel function
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where s is the surface point, p is a LiDAR point from the
set KNN(s) of closest k points to the s, and € is the shape
parameter controlling the radius of attraction. This formula-
tion differs from traditional active contour approaches that
typically use Gaussian or polynomial energy functions. To
increase interpretability of the parameters, the range param-
eter € is defined as: Lt

o 2)
where ¢ is the threshold and r is the radius. With this e,
all points closer than r will have energy higher than ¢. The
optimization was done as usual by moving z coordinates
of surface points based on the gradient of the point energy.
Ground surface was initialized with the minimum z coor-
dinate from all points. Top surface was initialized with the
maximum 2 coordinate. Intuitively, the top surface can be
compared to dropping a blanket on top of the scene, where
its stretchability and stiffness are controlled by active sur-
face parameters « and 3 respectively.

With ground and top surfaces estimated, it is possible to
get normalized information about tree heights by subtract-
ing ground z from all points and top surface. By treating
top surface as an image with intensities corresponding to
heights, it is possible to apply watershed segmentation to
separate objects of different sizes. Watershed segmentation
is widely used for individual tree detection from LiDAR-
derived height models [34, 35], and we apply this standard
approach to our refined surface estimates. Since canopies
tend to be somewhat spherical, the valley between overlap-
ping canopies will get separated by the watershed segmen-
tation, resulting in a more granular result. To get final trees,
LiDAR points were thresholded based on the distance from
the ground and assigned an ID based on the segmentation
result.

€ =

4. Results

4.1. Camera traps

We first evaluated the off-the-shelf performance of Bio-
CLIP on the camera trap data. We manually annotated
3,358 image crops that were identified as "bird" by Bio-
CLIP. The resulting dataset includes seven bird species and
a "non-bird" category (see Appendix Table 9). Of the anno-
tated crops, 74% are non-bird. For the remaining 875 bird-
labeled crops, BioCLIP achieved a species-level accuracy



of 8.65%. Therefore, instead of directly using BioCLIP’s
predictions, we trained a classifier with features extracted
by the model.

Method Training set Accuracy Macro F1
Crop 98.11 41.35
KNN Crop + iNaturalist 97.91 49.14
. Crop 96.52 26.84
Ridge o op 4+ iNaturalist 9642 60.21

Table 1. Ablation study on training data and methods. The
highest accuracy and Macro F1 scores are bold.

To assess the accuracy of this approach, we split the an-
notated dataset into training and testing, and further aug-
mented the training set with images downloaded from iNat-
uralist' (details in the Appendix B). We did an ablation
study to see whether using iNat images improve the perfor-
mance and whether K-Nearest Neighbors (KNN) [10, 19] or
Ridge Classifier [12, 19] perform better on this task. Since
our dataset is highly imbalanced, we used both accuracy and
Macro F1 score as evaluation metrics. As shown in Table 1,
all methods achieve high accuracy and the Ridge classifier
trained with both iNat and camera trap images achieve the
highest macro F1 score. Hence, we used the Ridge Clas-
sifier trained with both camera trap and iNaturalist data to
process camera trap data.

We applied the processing pipeline to data collected by
18 camera traps from January 23rd to May 28th, 2025 (125
days) to obtain species occurrence in the three sites. We
summarize the results in Table 2. Scientific names of the
species can be found in the Appendix (Table 8).

We performed Pearson’s Chi-squared test on the results
presented in Table 2 to test whether species occurrences are
independent of site. The p-value is < 0.01, suggesting a re-
lationship between species occurrences and sites. More in-
troduced species are observed in OG compared to PL or CC.
In contrast, more native birds are detected in PL and CC,
where they are seen perching or feeding on native Hawaiian
plants such as koa, pilo, and 'ohelo 'ai (see Fig. 2). Num-
ber of times recorded for each species also varies widely
between species and sites.

Further analysis using the Shannon Diversity metric
shows that PL has a higher diversity, followed by CC (see
Table 2.). OG has a much lower biodiversity, in part ex-
plained by its very low evenness, driven by the néne, the
most frequently detected species overall and in OG. Com-
paring sites to each other using dissimilarity metrics (see
Table 3) shows that CC-PL are more similar to each other
than CC-OG and PL-OG. Bray-Curtis dissimilarity further
shows a higher dissimilarity between OG-PL than OG-CC.

Uhttps://www.inaturalist.org/

Common Name oG PL CC
Néne 566 6 19
Hawai'i 'amakihi 0 0 2
Common waxbill* 1 0 0
'Apapane 0 3 6
Kalij pheasant™ 4 17 5
'Oma'o 0 6 0
American barn owl* 2 0 0
Species Richness 4 4 4
Shannon Diversity 0.08 1.19 1.09
Evenness 0.06 0.86 0.78

Table 2. Predicted species observed by camera traps in three
restoration sites (Open Grassland (OG), Parkland (PL), and
Closed Canopy (CC)). Values indicate the number of detections
per species at each site from Jan. 23rd to May 28th, 2025 (125
days). Asterisks (*) denote non-native species. Species richness,
Shannon-Weiner index and Shannon Evenness metrics for camera
trap data at each site.

Jaccard | OG PL CC

OG - - -

PL | 0.67 - -

CC | 0.67 040 -
Bray-Curtis | OG PL CC
OG - - -

PL | 0.97 - -

CC | 092 0.56 -

Table 3. Dissimilarity metrics (Jaccard and Bray-Curtis) be-
tween the three sites for the camera trap data. Jaccard dissim-
ilarity is based on presence-absence data, while Bray-Curtis dis-
similarity is based on occurrence data.

4.2. Bioacoustics

We first filtered detections by prediction confidence, includ-
ing only those with confidence scores greater than or equal
to 0.95. For each site, we then summed the detections per
species. Species with at least 10 detections at any site are
reported in Table 4 (see Table 8 in the Appendix for scien-
tific names). We performed a similar Chi-squared test as
for the camera traps and obtained a Chi-squared value of
8567 (p <« 0.01), also indicating that there is a relation-
ship between sites and species occurrences. The Shannon
Diversity Index further shows that higher biodiversity was
observed at CC, closely followed by PL. Evenness reflects
the same trend, with OG being the most uneven site, fol-
lowed by PL and CC.

Both dissimilarity metrics show that CC-OG are the most
dissimilar sites (see Table 5). However, the choice of using
presence—absence or occurrence data to compute dissimi-
larity affects how dissimilar OG-PL are. OG-PL appear
the most similar under Bray—Curtis dissimilarity, whereas



SR
k|

i
f

(c) 'Ohelo 'ai (Vaccinium reticulatum)

Figure 2. Examples of native forest birds interacting with koa trees or plants (e.g. Pilo and 'Ohelo 'ai) in their understory. Solid
bounding boxes represent detections by MegaDetector: red for 'Apapane, yellow for 'Amakihi, and blue for 'Oma'o. The dashed red box

shows an 'Apapane missed by MegaDetector due to occlusion.

Species oG PL CC
'Akiapola‘au 0 21 233
'Apapane 280 1964 4748
Cackling Goose™ 105 10 4
Common Waxbill* 55 60 35
Hawai'i 'amakihi 2 24 44
Hawai'i Creeper 0 10 6
Neéne 19 1 1
Japanese Bush Warbler™ 499 868 3125
Northern Cardinal* 40 91 15
'Oma'o 6142 5104 3183
Short-eared Owl 152 0 2
Spotted Dove* 67 2 0
Warbling White-eye”* 424 1036 749
Wild Turkey™ 2 78 43
Yellow-fronted Canary™ 24 155 86
Species Richness 13 14 14
Shannon Diversity 092 135 142
Evenness 036 051 054

Table 4. Predicted species observed across three koa sites
(Open Grassland (OG), Parkland (PL), and Closed Canopy
(CC)) derived from passive acoustic monitoring. Values indi-
cate the number of detections per species at each site from Jan.
23rd to July 9th, 2025. Asterisks (*) denote introduced species.
Species richness, Shannon-Weiner index and Shannon Evenness
metrics for Acoustic data (threshold 0.95) at each site.

CC-PL are the most similar according to the Jaccard index.

Embedding diversity from PCA measures are visualized
in Figure 3 and described in Table 6. We observe that pro-
gressively more principal components are required to ex-
plain the same level of bird vocalization embeddings vari-
ance as the koa plots mature. Alternatively, a fixed number
of principal components explains less vocalization embed-
dings variance in more mature sites. For example, principal
components 1 to 5 explain 32.6 %, 37.6 % and 40.0 % of
the variance for CC, PL and OG, respectively. This result

Jaccard oG PL CC

oG -
PL | 0.20 -
CC | 020 0.13 -

Bray-Curtis | OG PL CC

oG -
PL | 0.25 - -
CC | 056 0.36 -

Table 5. Dissimilarity metrics (Jaccard and Bray-Curtis) be-
tween the three sites for the Passive Acoustic Monitoring data
(threshold 0.95). Jaccard dissimilarity is based on presence-
absence data, while Bray-Curtis dissimilarity is based on occur-
rence data.

site
—— PL
—&— 0G
- cC

o o o
kS o ®

Cumulative Explained Variance

o
~

20 30
Number of Principal Components

Figure 3. Explained source separated vocalization embeddings
variance per principal component for each site. A site exhibit-
ing a higher level of explained variance for a given number of prin-
cipal components suggests that the vocalization variations at this
site are less diverse than for other sites (Best viewed in colors).

suggests greater vocalization diversity in more mature sites,
and overall greater total variance in more mature sites.



Site N samples Total variance PCsgyy, PCsgqy;, PCsgs;, EVPC1  EVPC1-5 EVPC1-10 EVPC1-20
oG 256470 5.287 42 66 81 24.11% 39.95% 51.85% 64.89%
PL 510747 5.330 46 68 83  20.76% 37.62% 48.17% 61.59%
CC 516497 5.688 48 70 84  16.68% 32.60% 45.67% 59.95%

Table 6. Description of explained variance from PCA for the source separated sounds of each site. EV: Explained Variance; PCs:
Number of Principal Components. PCs,,5; means the number of principal components to explain n% of variance. EV PC1-k means the
percentage of variance that can be explained by the first k principal components.

4.3. LiDAR

The output of the koa trees segmentation algorithm from the
LiDAR data are shown in Figure 4. We visually observe an
increase in the number of individual koa trees at each site
between 2019 and 2025 as well as an overall expansion of
the canopy. These results are supported by the quantitative
analysis of the segmentation output in Table 7. For all sites,
we observe an increase in median koa tree height and num-
ber of individual trees over the 6 years period, representative
of the restoration process.

While we also observe an increase in crown area and vol-
ume in PL and CC as expected for a growing forest, this is
not observed for OG. Since the metrics are aggregated over
the number of trees and many small koa trees were planted
in OG between 2019 and 2025, the median crown diame-
ter and volume is likely to be dominated by the dimensions
of the new planted trees. This intuition is supported by the
visualization of the segmentation results where the initial
segmented elements (potentially not koa trees) were charac-
terized by a relatively large area in comparison to the other
elements detected in 2025.

When comparing sites among themselves, we observe
that OG has the lowest statistics overall, followed by PL
while CC exhibits the largest median height and crown vol-
ume. The quantitative metrics derived from the segmen-
tation process are as expected and in line with the visual
examination of each site (Figure 4) and field observations.

5. Discussion

5.1. Integrating multi-sensory information

The measures of plot maturity from our LiDAR process-
ing approach confirm our intuitions about the maturity of
each stand. CC and PL have a higher tree crown volume
and height in comparison to OG, indicating more mature
trees. Visual examination of the segmentation results from
the 2019 and 2025 LiDAR surveys also confirms this result
and aligns with our field observations.

The derived biodiversity measures from camera traps
and passive acoustic microphones are consistent with each
other. While species richness measured from camera traps
are equal between sites (all sites recorded 4 species), we ob-

serve more evenness and diversity in more mature sites (CC
and PL) than in presumably younger plots (OG). Similarly,
the Jaccard index shows the strongest measure of dissim-
ilarity between OG and the two other sites for both cam-
era trap and acoustic data. While this result also holds for
the Bray-Curtis index in camera traps, OG and PL show
a strong similarity in biodiversity when compared with the
Bray-Curtis index derived from acoustic data, likely driven
by the large occurrences and relatively small differences be-
tween sites for those (e.g., 'Oma'o ). Finally, the statistical
measure of diversity from the PCA analysis continue to sup-
port our hypothesis, where CC has the highest total variance
of vocalization embeddings from Perch, while OG has the
lowest. Moreover, more principal components are required
to explain a fixed level of variance in more mature sites.
Taken together, the results derived by integrating infor-
mation from all sensors (LiDAR, camera traps, PAM) indi-
cate that we observe an increase in the associated bird biodi-
versity as koa tree restoration plots mature in Pu'u Maka'ala.
As shown in this study, combining multiple sensors has the
potential to derive novel site-level information at relatively
little cost. With such sensors, data here-to-for widely inac-
cessible, such as acoustic or visual, can be integrated with
other data to provide a picture of a landscape at a larger
spatial and temporal scale. Furthermore these sensors are
promising for monitoring in remote and vulnerable areas,
as they are less disruptive than other monitoring methods.

5.2. Limitations

Despite the fact that our observations align with our hypoth-
esis, however, our conclusions must be taken with care. Fur-
ther ecological inference is not possible as our data collec-
tion protocol and processing pipelines contain a number of
limitations and biases, outlined below, which prevent eco-
logical conclusions from being drawn from the data.
Sensor placement. First, our data would be less biased
given more sensors, but limited availability led to six cam-
eras being placed in three different sites. While cameras at
all sites where pointed at a "focal tree", bird species detected
and the respective number of detections can still be affected
by the choice of focal tree, the associated understory, the
camera-view angle, and several other variables affecting
detection probability. Furthermore, equipment limitations
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(e) CC 2019

(f) CC 2025

Figure 4. LiDAR segmentation results comparing forest restoration progress across three study areas between 2019 and 2025. Top row:
Closed Canopy (CC), Middle row: Park Land (PL), Bottom row: Open Grassland (OG). Left column shows 2019 baseline conditions, right
column shows 2025 restoration outcomes. LiDAR points are colored using reconstruction created from the drone surveys.

such as small infrared range (reducing motion sensing sen-
sitivity) and low image quality (producing coarser images
which can affect classification and identification) may af-
fect both the data collected and data processing. [6, 17].
We recommend careful consideration of experimental set
up and biases (e.g., camera traps pointing at the ground will
capture fewer birds) when placing sensors for a study. Ad-
ditionally, we recommend tests to ascertain camera trap im-
age quality, detection range, detection rates, battery life, and
suitability of SD cards such that they match intended use.

Similarly, the limited amount of acoustic sensors avail-
able may affect our information at each site and may bias in-
formation recorded in Table 4. In addition, bird occurrence
can be influenced by various factors such as food availabil-
ity, seasonality, or the presence of water sources nearby. We
also note the presence of more mature patches of forest in
the vicinity of PL and CC (Figures 1, 4d and 4f) which may
strengthen the dissimilarity of these sites with OG where
the native forest is further away from our sensors.

Data processing. Regarding data processing, our mea-
sures of richness, occurrence, evenness and Shannon di-
versity are directly derived from predictions of pre-trained
models (BioCLIP for camera traps, and Perch for acous-
tics). While machine learning models are typically less per-
formant for less represented areas such as Hawai'i [14], we
may assume that any systematic prediction errors remain
consistent across sites. For example, no cackling goose has
ever been observed by field technicians in any of the sites,
so cackling geese recorded by PAM are most likely to be
nénés. However, sites with more cackling geese also have
more nénés. Hence, our absolute numbers of occurrences
may not be reliable, but the difference of diversity measured
across sites are more representative of the true relative dif-
ferences in the field.

Misclassifications also justify the use of soundscape
variance to approximate biodiversity as it is robust to poten-
tial prediction errors. By combining measures directly de-
rived from species predictions (e.g., species richness, even-



Table 7. Forest restoration statistics for Closed Canopy (CC), Open Grassland (OG), and Park Land (PL) areas comparing 2019
and 2025 LiDAR data using robust statistics. We report median and 5%-95% percentile ranges for tree height, diameter, crown area,

and crown volume.

. 2019 2025
Area Metric
Trees Median 5%-95% Range Trees Median 5%-95% Range
Height (m) 1.90 1.55-3.94 2.68 1.17 - 4.09
0G Diameter (m) 7 2.85 1.99 — 3.96 64 2.09 1.48 —3.57
(9052.6 m?) Crown Area (m?) 6.39 3.13-12.46 3.44 1.73 - 10.03
) Crown Volume (m3) 9.91 476 -16.31 6.95 1.9 -20.29
Height (m) 3.12 1.73 -13.35 5.31 2.31-13.77
PL Diameter (m) 97 3.69 1.7-84 16 4.58 1.8-8.72
(13523.3 m2) Crown Area (m?) 10.69 2.27-55.44 16.50 2.55-59.73
’ Crown Volume (m3) 23.50 3.64 —316.35 56.66 5.02 — 288.86
Height (m) 8.02 2.98 - 13.38 8.53 3.18-13.1
cC Diameter (m) 73 6.31 3.26-9.18 170 6.76 4.0-9.23
(9698.6 m?) Crown Area (m?) 31.31 8.33 -66.27 35.88 12.54 - 66.94
' Crown Volume (m3) 123.49 19.84 — 381.55 195.32 31.74 —438.8

ness and Shannon diversity) and soundscape variance, we
aim to achieve a reliable estimate of true biodiversity. This
automatic processing approach can easily scale up to more
sensors, ultimately strengthening the robustness of biodi-
versity estimate.

Missing information. Finally, to draw ecological con-
clusions regarding the effects of koa tree restoration, we
would need comparisons with both undisturbed native
forests and non-restored plots of land. Additionally, records
of tree planting events would enable us to link tree planting
to the recovering understory and biodiversity, as well as suc-
cess of tree planting, thus allowing us to properly evaluate
the effects of such undertakings.

6. Conclusion

In this study, we propose a methodology that integrates
multi-sensory information in order to monitor the varia-
tions in biodiversity and forest maturity across three differ-
ent sites undergoing active koa tree restoration in Hawai'i.
We show evidences that as planted areas exhibit higher tree
heights and larger crowns, they also exhibit a higher bird
species evenness and Shannon diversity. These results sup-
port our hypothesis that the ongoing restoration efforts are
successful at sustaining the associated biodiversity of these
ecosystems, an essential process for their long term stabil-
ity.

Importantly, our data processing pipeline uses off-the-
shelf foundation models to predict species labels from cam-
era trap and passive acoustic monitoring data, along with a
simple yet effective unsupervised algorithm to segment in-

dividual trees from LiDAR point clouds. With this fully au-
tomatic process, we illustrate how computer vision may be
used to drastically scale up the monitoring of forest restora-
tion progress. While we acknowledge the limitations of
foundation models and discuss the impact of misclassifica-
tions on the derived metrics, we expect that model perfor-
mance will continue to improve, making our methodology
increasingly suitable to larger areas and longer time spans.
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A. Species list

Common Name Scientific Name Status
'Akiapola'au Hemignathus munroi Native
'Apapane Himatione sanguinea Native
Cackling Goose Branta hutchinsii Non-Native
Common Waxbill Estrilda astrild Non-Native
Hawai'i 'amakihi Chlorodrepanis virens Native
Hawai'i creeper Loxops mana Native
Néné Branta sandvicensis Native
Japanese Bush Warbler  Horornis diphone Non-Native
Northern Cardinal Cardinalis cardinalis Non-Native
'Oma'o Mpyadestes obscurus Native
Pueo* Asio flammeus sandwichensis ~ Native
Spotted Dove Spilopelia chinensis Non-Native
Warbling White-eye Zosterops japonicus Non-Native
Wild Turkey Meleagris gallopavo Non-Native
Yellow-fronted Canary  Serinus mozambicus Non-Native
Kalij pheasant Lophura leucomelanos Non-Native
American barn owl Tyto furcata Non-Native

Table 8. Common and scientific names of bird species in cam-
era trap or bioacoustic data. *Pueo is a subspecies of the short-

eared owl.

B. iNaturalist Dataset

We downloaded images of the 7 bird species and 5 plant
species: Acacia koa (Koa), Metrosideros polymorpha
('Ohi'a), Coprosma ernodeoides (Kikaenéng), Coprosma
montana (Pilo), and Cibotium glaucum (Hapu'u) from iNat-
uralist >. We ran MegaDetector on these images and ob-
tained 1330 ‘animal’ crops.

C. Annotated data set
Category Total Train Test
Nénée 832 582 250
Hawai'i 'amakihi 3 2 1
Common waxbill 2 1 1
'Apapane 5 4 1
Kalij pheasant 28 20 8
'Oma'o 9 6 3
American barn owl 2 1 1
Non-bird 2477 1734 743

Table 9. Train test split of the annotated camera trap dataset.

Zhttps://www.inaturalist.org/
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