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Event Spectroscopy: Event-based Multispectral and
Depth Sensing using Structured Light

Christian Geckeler∗1,2, Niklas Neugebauer∗1,2,3, Manasi Muglikar3, Davide Scaramuzza3, and
Stefano Mintchev1,2

Abstract—Uncrewed aerial vehicles (UAVs) are increasingly
deployed in forest environments for tasks such as environmental
monitoring and search and rescue, which require safe navigation
through dense foliage and precise data collection. Traditional
sensing approaches, including passive multispectral and RGB
imaging, suffer from latency, poor depth resolution, and strong
dependence on ambient light—especially under forest canopies.
In this work, we present a novel event spectroscopy system
that simultaneously enables high-resolution, low-latency depth
reconstruction with integrated multispectral imaging using a
single sensor. Depth is reconstructed using structured light, and
by modulating the wavelength of the projected structured light,
our system captures spectral information in controlled bands
between 650 nm and 850 nm. We demonstrate up to 60%
improvement in RMSE over commercial depth sensors and vali-
date the spectral accuracy against a reference spectrometer and
commercial multispectral cameras, demonstrating comparable
performance. A portable version limited to RGB is used to collect
real-world depth and spectral data from a Masoala Rainfor-
est. We demonstrate color image reconstruction and material
differentiation between leaves and branches using this spectral
and depth data. Our results show that adding depth (available
at no extra effort with our setup) to material differentiation
improves the accuracy by over 30% compared to color-only
method. Our system, tested in both lab and real-world rainforest
environments, shows strong performance in depth estimation,
RGB reconstruction, and material differentiation—paving the
way for lightweight, integrated, and robust UAV perception and
data collection in complex natural environments.

Index Terms—RGB-D Perception; Computer Vision for Au-
tomation; Aerial Systems: Perception and Autonomy

I. INTRODUCTION

THERE is an increased demand for uncrewed aerial ve-
hicles (UAVs) flying in forests [1], [2], both for en-

vironmental monitoring [3], [4], and for search and rescue
applications [5]. Vision is essential for obstacle sensing and
data collection to enable these applications. For instance,
environmental monitoring tasks such as sensor deployment
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Fig. 1. Event Spectroscopy: We propose an all-in-one solution for depth
sensing, color image reconstruction and multispectral sensing. Usable for in-
stance, for an uncrewed aerial vehicle (UAV) navigating in forest environments
(C). A) Our portable setup consisting of an event camera and a projector as
an illumination source B) Generated depth of scene acquired using structured
light, D) spectral image reconstructed using events, E) material segmentation
of leaves using spectral and depth data.

[6], [7] or sample collection [4], [8], [9] require UAVs to
fly in close proximity to tree branches and foliage, where
fast-moving, thin structures must be detected under dynamic
and often challenging lighting conditions. Flying in close
proximity to trees makes interaction with foliage probable,
and while it has been shown that UAVs can push aside
flexible twigs and leaves while avoiding thicker branches [10],
proper sensing to differentiate between branches and foliage
is needed [11]. This requires not only low latency and high
resolution depth sensing of thin and fine structures, but also
accurate differentiation between woody branches and foliage,
for instance using multispectral sensing.

Vision is also used for data collection tasks, including multi-
spectral imagery for assessing tree health, physiological traits,
and species identification [12]. Current methods typically use
passive spectral sensors mounted on satellites, aircraft, or
UAVs operating far above the forest canopy [13]. To generate
more informative insights, higher spatial resolution data is
required, which can be achieved by capturing images closer
to or from within the canopy. However, these sensors are
highly dependent on ambient illumination, and the pronounced
variations in lighting intensity below the canopy make the
use of standard multispectral cameras extremely challenging.
Even setting aside this limitation, a UAV would currently still
need to carry multiple conventional sensors; a high resolution
depth camera for obstacle sensing, an RGB camera for scene
video and context, and a multispectral camera to capture
multispectral data.

In this work, we propose a single event-based structured

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.

©2026 IEEE



2 IEEE ROBOTICS AND AUTOMATION LETTERS. PREPRINT VERSION. 01, 2026

light solution which can simultaneously deliver high-resolution
and low latency depth reconstruction with integrated mul-
tispectral sensing. Based on previous work, the integrated
system utilizes an event camera with structured light to re-
construct high-fidelity depth with low latency. By changing
the wavelength of the light used for structured light we can
not only reconstruct RGB images, but also perform multi-
spectral sensing by projecting the desired wavelength - with
lower latency than available multispectral sensors, using our
novel method. To the best of our knowledge, this is the first
integrated event-based system which provides both depth as
well as multispectral sensing. First, we validate the quality of
our depth reconstruction by demonstrating up to 60% average
improvement in the RMSE over other commercial off-the-shelf
depth sensors. Next, we demonstrate event-based multispectral
sensing using wavelengths between 650 nm to 850 nm in a lab
setting and compare our results to a commercial multispectral
sensor and a ground truth spectrometer. Furthermore, we
demonstrate RGB color image reconstruction using a portable
version limited to RGB light projection, as well as material
differentiation utilizing both the depth and spectral data on
real-world data from a Masoala Rainforest.

II. RELATED WORKS

Our solution provides event-based multispectral and depth
sensing. This requires both spectral imaging as well as event-
based luminance recovery and geometry estimation. The fol-
lowing sections present current solutions to these problems as
well as our methods.

A. Spectral Imaging

Spectral imaging captures images in multiple wavelength
bands, with established, widespread applications. The resulting
(X,Y, λ) data cube contains both spatial (X,Y ) information
and spectral information, λ, per wavelength. Data capture
methods can be divided into two main groups: scanning and
snapshot methods. Snapshot methods capture the full data cube
during a single integration period of the sensor, whereas scan-
ning methods achieve the same over multiple periods. Among
scanning methods, tuned filters represent a popular option.
These include a rotating filter wheel, an electro-mechanical
Fabry-Ferot filter [14], liquid-crystals [15], or acousto-optic
tunable filters [16].
Multiplexing techniques such as Fourier Transform Spec-
troscopy [17] and Computed Tomography Multi-Spectral-
Imaging [18] allow for the reconstruction of multiple wave-
lengths from fewer images than the number of wavelengths at
the expense of some artifacts.
Classic snapshot methods make use of multiple sensors in the
form of Bayer Pattern filter layouts, beam-splitters, or simply
by using multiple full camera sensors.
Recent developments in compressive sensing like CASSI [19]
use a two-dimensional patterned grating to reconstruct all
images of all wavelengths in a single shot. While the com-
putational complexity required to decode the image presents
a major bottleneck, improvements have made this method
viable for high-resolution imaging in both spatial and spectral

dimensions [20].
In this work, we employ an inverse variant of a tuned filter.
Instead of filtering the light entering the imaging sensor, we
illuminate the scene with light of a specific wavelength band,
and measure the resulting change in reflected light off the
scene with respect to ambient illumination. While this active
approach requires more power and additional components
compared to passive alternatives such as color filter arrays
or learned methods, it enables simultaneous capture of both
high fidelity spectral and depth information, and is more
robust in variable and low-light conditions. Particularly for
UAV applications, having an integrated system capable of
providing depth, multispectral and RGB sensing as opposed
to separate devices for each, compensates the increased power
consumption of the active approach when considering payload
restrictions.

B. Event Luminance Recovery and Geometry Estimation

As events naturally compress visual information, estimating
the absolute intensity solely from events is a challenging task.
Prior methods demonstrate reconstruction of a grayscale image
up to an unknown intensity value through the use of data-
driven priors [21]. Color intensity can also be recovered by
using color event cameras [22], or through setups with mul-
tiple cameras and appropriate color filters [23]. Multispectral
sensing for face recognition through the addition of a single
infrared filter was shown in [24]. In [25], the illumination-
dependent noise characteristics of event cameras are used to
reconstruct the intensity, however, mainly for static scenes
where there is no relative motion between the camera and
the scene.

Recent progress in combining active illumination with event
cameras [26]–[28], has resulted in accurate and high-speed
geometry estimation. The setup consists of a laser scanning
projector with an event camera in a stereo camera configura-
tion. The projector illuminates the scene with a known pattern
and the event camera observes the reflection of this pattern,
which is then used to triangulate the depth of the scene. While
it was shown [26] that the events generated by this reflection
are independent of scene reflectivity, this is only true for an
ideal sensor. The second order noise characteristics of an event
camera, however, are illumination dependent thus creating
non-idealities. This principle was used in [29] to reconstruct
the absolute intensity by observing how many events were
generated through the reflected light. For darker objects, the
event count would be lower as the incoming light has a lower
intensity, whereas brighter materials reflect more light and thus
trigger more events.

Several approaches for recovering only spectral information
or only depth using event cameras have been proposed. For
spectral information these include using the chromatic aber-
rations from a ball lens while physically adjusting the focal
length of the event camera [30], to using a diffraction grating
and rotating sweeping mirror to capture spectral information
[31]. Looking only at depth, previous work has shown this can
be reconstructed using point-spread function engineering [32]
or coded apertures [33], but is missing spectral information.
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The utility of event cameras for downstream tasks such as
semantic segmentation [34] have also been demonstrated.
While non-event based, conventional systems can capture
hyperspectral and depth data with a single camera using
learned methods [35], the resulting depth has low resolution
and fidelity.

In this letter, we expand on previous work [36], utilizing
the structured light projector not only for depth reconstruction,
but also for multispectral sensing. In contrast to previous ap-
proaches, by extracting both depth and the spectral properties
of scenes in conjunction with the event camera, a unified, high-
resolution, low-latency system is created, providing rich scene
data for downstream tasks.

III. EVENT-BASED MULTISPECTRAL AND DEPTH SENSING

This section provides an overview of the system and in-
troduces the basics of an event camera (Section III-B) and
multispectral imaging with an event camera (Section III-D).

A. System Overview

Our system captures both high-resolution depth and mul-
tispectral reflectivity using an event camera and a projector
as a stereo pair. Depth is reconstructed using an event-based
structured light method [28]. To generate depth, a point
scanning laser projector shortly illuminates one pixel at a time,
scanning the full projected image in the process. Due to the
microsecond temporal resolution of event cameras, every pixel
illumination generates an event and is matched to the origin
in the projected image. From this, the depth of all illuminated
pixels is then computed using standard stereo geometry. To
estimate spectral reflectivity, we observe the repeated light
flashes of the projector while progressively increasing the
contrast threshold of the camera (reducing sensitivity). For
every pixel, the minimum sensitivity at which an event still
occurs indicates its relative reflectivity at that wavelength.
Repeating this procedure for each spectral channel yields a
multispectral image that is aligned with the depth map.

B. Event Camera

Event-cameras are bio-inspired sensors that asynchronously
measure changes (i.e., temporal contrast) in illumination at
every pixel, at the time they occur [37]–[40]. In particular,
an event camera generates an event ek = (xk, tk, pk) at time
tk when the difference of logarithmic brightness at the same
pixel xk = (xk, yk)

⊤ reaches a contrast threshold C:

L(xk, tk)− L(xk, tk −∆tk) = pkC, (1)

where pk ∈ {−1,+1} is the sign (or polarity) of the brightness
change, and ∆tk is the time since the last event at the pixel
xk. The result is a sparse sequence of events which are
asynchronously triggered by illumination changes.

C. Active Illumination with Event Cameras

Significant literature on event-based vision has assumed
constant brightness, where events are only generated by rela-
tive motion between the camera and the scene [41]. However,

the presence of an active illumination source changes the event
generation model.

In [26], it was shown that the change in illumination (δI)
measured by an event camera, when a projector with intensity
Ip illuminates a point of reflectivity T under uniform ambient
light Ia, is given by:

δI = log(
Ip + Ia

Ia
) = log((Ip + Ia)× T )− log(Ia × T ) (2)

As evident from this equation, event generation is indepen-
dent of the scene reflectivity T . This allows for improved
depth reconstruction for scenes with varying reflectivity [36].
However, this equation also suggests that it is infeasible to
recover scene illumination from these sensor measurements.
In the next section, we show how it is nonetheless possible to
recover relative scene reflectivity in this setup.

D. Event-based Spectral Imaging

In an ideal sensor, the measured change in intensity due to
projector illumination is independent of the scene reflectivity
[26], [36]. However, the noise and sensor characteristics of
the event camera have an illumination dependence which we
exploit to capture the scene reflectivity.

In a typical event camera pixel, the photocurrent generated
by the photodiode is amplified and then processed by a source
follower circuit, which attempts to match its output voltage to
the incoming signal. The speed at which the source follower
can track changes in the signal depends on both its bias
current and the amount of incoming light. Consequently, pixels
exposed to brighter light respond more quickly, while those in
darker regions respond more slowly [42]. Fig. 2 showcases the
effect of the source follower bandwidth on the amplitude of the
measured signal. This relationship between the light intensity
and the source-follower voltage introduces a dependence on
the scene reflectivity. Our method uses the fact that the
bandwidth of the source follower in each pixel depends on the
absolute intensity that its photoreceptor receives. As a result,
when the illumination changes rapidly, pixels corresponding
to darker or less reflective regions may not respond quickly
enough to reach the event-generation threshold, even if the
relative change in light intensity is significant. This means
that only pixels with reflectivity above a certain threshold
will generate events, while those below this threshold will
not. By carefully varying the threshold and observing which
pixels generate events, we can estimate a lower bound for the
reflectivity at each pixel. This method allows us to exploit the
sensor’s non-idealities to recover information about the relative
reflectivity of the scene.

IV. CHARACTERIZATION

This section evaluates the performance of our event-based
depth and multispectral imaging system. We begin by de-
scribing the hardware setup and the evaluation baselines and
performance metrics. We evaluate the performance of our
system for depth estimation, comparing both qualitative and
quantitative results to other depth sensors. We then evaluate
the performance of our system for multispectral imaging, com-
paring both qualitative and quantitative results with those of
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Fig. 2. The simulation demonstrates how a change in the source follower
bandwidth can regulate the observed signal amplitude downstream. Responses
for different follower gains are shown as dotted lines.
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Fig. 3. The full spectrum lab illumination setup with our event-camera setup.

other multispectral imaging systems. Finally, we evaluate the
capability of our system for two tasks: material differentiation
using a full-spectrum light source and material segmentation
using a limited-spectrum projector and depth. To the best of
our knowledge, there exists no dataset on which the proposed
approach can be evaluated. Therefore, we collect our own
dataset by first building our prototype system using an event
camera and a projector (Fig. 1A).

A. Hardware Setup

We use a Prophesee Gen3 event camera [40] with a res-
olution of 640 × 480 pixels. This sensor provides regular
events without exposure measurements; these events are then
used for depth estimation and spectral imaging. A lens with a
field of view of 60◦ is used throughout all experiments. The
camera offers two parameters to adjust: the contrast threshold
and the source follower gain. Both have the same (though
inverted) downstream effect on event generation. Empirically,
the working range was determined to lie between 1550 and
1800 for the contrast threshold and 415 to 600 for the source
follower gain. Thus, we have a slightly higher resolution
stepping of 185 for the source follow vs. 150 for the contrast
threshold.

Two projector setups are used in the experiments, a full-
spectrum illumination setup and a portable setup.

The portable setup employs a Sony MP-CL1A projector
with a resolution of 1920× 720 pixels, capable of projecting

three distinct wavelengths (red, green, blue). This setup is
used for data capture for color image reconstruction and the
outdoor experiments. The generation of a full depth image
takes slightly less than 16 ms, and around one second to
capture spectral information across the full image for one
wavelength. The quality and maximum range of the depth
and spectral sensing depend on the power and resolution of
the projector. Most of the following scenes were captured
within 1 m of the camera. For multispectral analysis, a custom
multispectral projector is built (Fig. 3). This setup is used
to compare the spectral response of our setup to a ground-
truth spectrometer and a commercial multispectral camera.
It consists of a full spectrum light source and six filters
corresponding to wavelength bands of 10 nm each. It is
combined with an optical chopper that flickers the illumination
at a frequency of 100Hz. Although highly accurate and fully
customizable to any desired wavelength, this setup is too large
to be used outside of the lab setting.

B. Evaluation

The performance of the system is evaluated for depth
estimation and color image reconstruction, using the portable
setup (Fig. 1A).

1) Depth estimation: For depth estimation, we compare
the performance of our system to the existing depth sensors
Microsoft Kinect V2 (Kinect), PMD Pico-Flexx 2 (Pico) [43],
and Intel RealSense D435 [44]. We evaluate the RealSense
camera in both the Structured Light (RealSense) and Direct
Stereo mode (RS Stereo). The ground truth point-cloud is
collected using a FARO Focus 3D S 120 laser scanner at a
resolution of 58 points per degree horizontally and 33 points
per degree vertically. The point-clouds generated by these
depth sensors are aligned to the ground truth point-cloud using
ICP. We compare the sensor point-clouds and the ground-truth
point-cloud using the root-mean square error (RMSE) and the
Chamfer distance. RMSE computes the distance between cor-
responding points in the point-cloud and ground-truth point-
cloud. The Chamfer distance, instead, compares each point
in the point-cloud to the nearest neighbor in the ground-
truth point-cloud. Thus, when there are large discrepancies
between the point clouds, the Chamfer distance provides a
more informative metric.

We show qualitative results on depth reconstruction of
all depth sensors in Fig. 4. The RealSense depth camera
(RealSense) uses active stereo depth estimation, which projects
a sparse random dot pattern. The sparse depth is filled using
a hole filling approach, resulting in an overestimation of the
depth and missing structural details. The Kinect, on the other
hand, uses time-of-flight based depth sensing, where each pixel
has a pulsed light emitter and detector. This makes the pixel
size much larger; therefore, despite the densely illuminated
scene, the sensor fails to capture thin structures such as the
wire frame (Fig. 4, Column III). Moreover, due to inherent
limitations with time-of-flight sensors, it cannot capture the
depth of face of statue of David (Fig. 4, Column II) due to
strong inter-reflections. Similarly for the time-of-flight Pico
camera. Our method, on the other hand, achieves a better
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scene Ours Kinect Pico RealSense RS Stereo
Metrics RMSE ↓ Chamfer ↓ RMSE ↓ Chamfer ↓ RMSE ↓ Chamfer ↓ RMSE ↓ Chamfer ↓ RMSE ↓ Chamfer ↓
Branch 0.544 0.819 0.751 0.885 0.947 1.121 0.903 1.848 1.203 1.722
Buddha 0.335 0.363 1.254 0.902 1.370 0.979 0.226 0.381 0.325 0.434

David 0.295 0.525 1.669 1.357 1.453 1.257 0.422 0.789 0.635 0.820
Globe 0.269 0.591 0.807 0.713 0.771 1.282 0.26 0.797 0.331 0.823
Lamp 0.817 0.982 1.480 1.519 0.929 1.494 0.481 1.01 1.073 1.203

TABLE I
COMPARISON OF DEPTH SENSORS OVER ALL RECONSTRUCTED SCENES USING CHAMFER DISTANCE (CMS) AND RMSE (CMS). LOWER IS BETTER

O
u
rs

Im
a
g
e

III III IV

R
e
a
lS

e
n
se

P
ic

o
K

in
e
ct

R
S

 S
te

re
o

Fig. 4. Comparing depth accuracy of different sensors when imaging
challenging scenes such as thin and hollow structures or strong reflections.

Illumination Ours Kinect Pico RealSense RS Stereo

Low Lux 0.656 1.075 1.227 0.965 1.000
Bright Lux 0.691 1.142 1.195 1.728 2.253

TABLE II
EFFECT OF ILLUMINATION ON RECONSTRUCTED ERROR IN CMS. LOWER

IS BETTER

balance by capturing the intricate details of the wireframe
and the globe structure because of its dense projected pattern.
Quantitative comparisons for the standard illumination show
up to 125% improvement in the Chamfer distance for our
event-based depth sensor when compared to state-of-the-art
depth sensors for the same framerate, Table I.

a) Effect of Illumination: The effect of scene illumina-
tion on depth reconstruction can be seen in Table II. First,
depth is captured in a low-light scene, then bright external
lighting is introduced. In general, performance is greatly re-
duced, with RS Stereo having a 56% increase in error, and the
RealSense a 44% increase in error. Our method exhibits only a
negligible performance drop of 5%, resulting from overexpo-

sure of event frames. While the time-of-flight methods (Kinect,
Pico) exhibit similar performance across both low and bright
illumination (with the error of the Pico actually decreasing),
the absolute error of our method is still by far the lowest,
almost half of the Pico. This demonstrates that our method can
produce high quality depth, maintaining performance across
different lighting conditions, with improvements of at least
39% and up to 226% compared to other state-of-the-art frame-
based depth sensors.

2) Color Image Reconstruction: In this section, we evaluate
the spectral imaging capability of our setup. We compare our
method against the event counting baseline proposed in [45]
both for color accuracy and image reconstruction accuracy.

a) Color Accuracy: We compare the color accuracy on a
printed version of an ISO 1233 : 2017 conforming chart. The
chart features 16 color blocks which are distributed over the
sRGB spectrum. We measure the mean color for each block
and compare it with the ground-truth using L2 distance in
the CIE 1976. This CIE is based on human perception of
colors and serves as a standard reference for understanding
and quantifying color.

We reconstruct color images by individually projecting only
red, green, and blue light and capturing their images separately.

Method RMSE RMSE (wb) RMSE (curve)
Ours (PR Bias, 5100 ms) 21.4938 19.8148 16.6109

Event Counting [45] (6000 ms) 33.1656 31.6368 26.0675
TABLE III

MEAN ERROR BETWEEN CAPTURED COLOR VALUES AND THEIR
GROUND-TRUTH ON THE TEST CHART. LOWER IS BETTER.

Table III shows the RMSE over all 16 color blocks for
different image correction techniques. We use the information
from the grayscale blocks on the chart to apply these cor-
rections. After white-balancing (wb) and linearization of the
images (curve), the color accuracy is greatly improved. This
can be attributed mainly to the higher dynamic range that our
method exhibits. For our method, we utilize the photoreceptor
gain (PR Bias) to change the threshold for event generation.
In all scenarios, our method greatly outperforms the Event
Counting method, with improvements in RMSE above 50%.

b) Image Reconstruction Accuracy: We also evaluate our
approach to reconstruct more complex images, such as from
the MSCOCO dataset [46]. The results in Table IV show
a clear quantitative improvement in the RMSE between the
reconstructed image pixels and ground-truth over the baseline
method [45] by more than 24%. In this case, we change the
contrast threshold for event generation directly using the ON
Bias (DIFF ON). Qualitative results can be seen in Fig. 5.
This improvement can mainly be traced to two improvements:
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Fig. 5. Samples of reconstructed color-corrected images with ground-truth
(left), ours (center), and using Event Counting (right) [29],

(i) Our method achieves a better dynamic range than the
baseline, allowing it to resolve bright and dark regions more
accurately. (e.g. Fig. 5 V) (ii) We are less affected by buffer
overflow artifacts of the event camera because of its inherent
redundancy and lower event-rate when capturing bright parts
of the image.

Ours (ON Bias) Event Counting [45]
raw wb curve raw wb curve

red 77.97 77.97 39.52 65.84 65.84 51.90
green 34.06 45.48 33.22 43.01 46.57 45.28
blue 41.12 39.63 36.56 57.25 45.62 46.29

mean 56.18 57.51 36.88 58.11 54.28 48.51
TABLE IV

ROOT MEAN SQUARED ERROR BETWEEN THE CAPTURED IMAGES AND
THEIR GROUND TRUTH. COLORS ARE IN RGB COLOR SPACE.

V. MULTISPECTRAL SEGMENTATION

In this section, we show the application of our setup for
material segmentation. We deploy our method using two
setups : using the full spectrum light source for lab material
identification (Section V-A), and using our portable setup for
outdoor scenes (Section V-B).

channels IoU
leaves branches mean

depth 0.534 0.045 0.365
RGB 0.681 0.200 0.441
RGBD 0.706 0.288 0.497

TABLE V
IOU RESULTS FOR EACH OF THE CLASSIFICATION LABELS WHEN THE

PIPELINE IS USING ONLY RGB, ONLY DEPTH, OR BOTH.

A. Full Spectrum Indoor Scenes
The material samples are illuminated using the full spectrum

light source (Fig. 3), and the response is captured by the
respective sensor. Fig. 6 shows the response curves for each
sample as captured by the ground truth spectrometer, a com-
mercial multispectral sensor, and our system. The materials
are: a 99% reflective reference panel (used for calibration),
a branch, a leaf, foam, plaster, wood, cork, and plastic. The
commercial 10-band multispectral camera is the MicaSense
RedEdge-MX Dual camera system, which serves as our base-
line. For all of the samples, the ground truth is collected
using a spectrometer which most accurately measures the
reflected light. Qualitatively, the reflectance measured by the
event camera follows the ground truth curves well. Beyond
this, we see that there is comparable performance between the
commercial multispectral MicaSense sensor, and our system,
whereas our system tends to be closer to the ground-truth.
The normalized measurements are quite sensitive to outliers,
which can cause particularly high errors, for instance for the
branch, in which the reflectance for 850nm is far too high. In
general, we see that our performance can deliver comparable
or even more accurate multispectral data when compared to a
commercial multispectral sensor across a variety of different
materials.

B. Real Forest Material Differentiation Demonstration
Here, we demonstrate material segmentation of branches

and leaves from real-world data, captured from the forested
areas of the Masoala Rainforest in Zurich Zoo using the
portable, 3-wavelength illumination system (Fig. 1A). A semi-
supervised segmentation pipeline is used. First, segments are
generated using a min-cut algorithm, where neighboring pixels
are separated if they have low similarity, based on their RGB-D
vector. The segments are then classified with a shallow VGG-
inspired Convolutional Neural Network with two convolutional
and three fully connected layers. For classifier training, 31
RGB-D scenes are divided into 21 training sequences and 10
test sequences. At the end, the pipeline predicts one of three
labels for each pixel: leaves, branches or background.

We compare the performance of segmentation using only
RGB images, only depth, and RGB-D fusion using the
intersection-over-union (IoU) score for leaves and branches,
these results are summarized in Table V. Qualitative results for
the combined approach can be seen in Fig. 7. Since leaves are
both more present and individually larger in most images, their
class is generally easier to detect. Inter-class variation is also
lower for leaves, and many errors are due to misclassification
of brown or overexposed leaves as branches.

Overall, the results suggest that RGB information is more
important for the semantic segmentation task than only using
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Fig. 6. Material classification: spectral responses for different materials from a ground truth spectrometer (Ground-truth, blue), our proposed event-based
system (Ours, green), and a commercial multispectral camera (MicaSense; MicaSense RedEdge MX Dual, pink).

DepthRGB Segmentation Mask
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Fig. 7. Three (I-III) sample segmentation results, with reconstructed RGB
(A), depth (B), and computed segmentation mask (C), in red (branches) and
blue (foliage).

depth images. The combination of the two, however, improves
the segmentation results by 30% (Table V) and yields the best
results. This showcases the importance of diverse multi-modal
data (both spectral data and depth) for downstream tasks, such
as material differentiation.

VI. CONCLUSION

This paper demonstrates the potential of event spectroscopy,
generating high-resolution and low-latency depth reconstruc-
tions as well as multispectral sensing through an integrated
event-based structured light system. We validate in lab condi-
tions that, by varying the projected wavelength for structured
light depth sensing, the event camera can effectively operate
as a multispectral sensor, achieving performance comparable
to that of conventional commercial off-the-shelf multispectral
sensors. This also enables accurate RGB color image recon-
struction from events. Finally, we demonstrate material differ-
entiation in real-world forest data by leveraging both depth

and spectral information, further highlighting the versatility
and practical utility of our approach.

Our current prototype still suffers from two main limita-
tions: the portable prototype is limited to RGB multispectral
sensing due to the availability of commercial projectors.
Extending the system to support true multispectral sensing
will require either a full-spectrum light source with appro-
priate wavelength filters or separate light sources, such as
multispectral LEDs, for each desired wavelength. Since every
wavelength is captured separately, capture time increases in
proportion to the number of wavelengths. Reducing the spatial
resolution and alternating wavelengths per pixel, or projecting
complimentary, non-overlapping patterns to capture multiple
wavelengths simultaneously could alleviate these issues. Sec-
ond, the projected illumination may be insufficient under
strong ambient light or if the sensor is far away from the
sample, particularly for outdoor applications. Addressing this
limitation will require higher output power or more efficient
light sources to ensure reliable detection. Additional inputs,
for instance, polarization cues, could also improve the material
classification. Lastly, the current system is still a prototype; for
proper integration into a UAV-mountable platform, the system
should be redesigned as a more robust and compact sensing
system.

Enabling integrated depth, multispectral, and color sensing
is essential for UAVs flying in forests. Our system replaces
and improves on the data currently collected from the multiple
conventional imaging sensors needed for robot navigation and
perception. This can enable flying robots to access more
environments, fly faster, safer, and collect more useful data.
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