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ARTICLE INFO ABSTRACT

Keywords: Solar-induced chlorophyll fluorescence (SIF) is a rich source of information for understanding plant photosyn-
Remote sensing thetic processes, carbon assimilation, functional status, and early stress symptoms of plants. As plants assimilate
Photosynthesis sunlight, they do so across the spectral range of photosynthetically active radiation. Subsequently, during photo-
Mosaic

synthesis, the excess solar energy is radiated as heat and emitted as chlorophyll fluorescence in the red to far-red
spectral range. Recently, SIFcam, a novel drone-based snapshot and filter-based camera array tuned to retrieve
SIF at the centimeter scale has been introduced. The absence of transparency regarding methodologies and algo-

Solar-induced fluorescence
Uncrewed aerial vehicles

SIFcam
rithms in commercial map creation software complicates the investigation of the impacts of various parameter
configurations in the SIFcam processing chain. Consequently, we have engineered a Python toolbox that repli-
cates the primary features of commercial software in a transparent and adaptable fashion. To this end, we follow
a feature-based image mosaicking pipeline and present modifications to create SIF maps. Moreover, it provides
detailed and insightful information while being fully controllable by the user. The toolbox comprises different
primary functions, with each function corresponding to a specific stage within the map generation pipeline. The
modular design of the toolbox facilitates straightforward adjustments or substitutions of individual steps.
Metadata
Code metadata.
Nr.  Code metadata description Please fill in this column
Cl1 Current code version v2.0.0
Cc2 Permanent link to code/repository used for this code version https://github.com/IAS-8/SIFMap
Cc3 Permanent link to Reproducible Capsule None
C4 Legal Code License GPL 3.0 or later
C5 Code versioning system used git
Cc6 Software code languages, tools, and services used python, OpenCV
Cc7 Compilation requirements, operating environments & see requirements.txt in software package
dependencies
Cc8 If available Link to developer documentation/manual see README .md and CONFIGURATION.md in repository
Cc9 Support email for questions ias8-support@fz-juelich.de
1. Motivation and significance photosynthetically active spectrum. The fraction of absorbed energy

that is re-emitted as fluorescence is informative of a plant’s photo-

Solar-induced fluorescence (SIF) is a light flux emitted in the ; o .
synthetic activity [1,2]. In the last decade, many sensors on airborne

far-red spectral range by chlorophyll absorbing sunlight across the
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Fig. 1. Overall pipeline of SIFMap modules along with the main processing functionalities. DNs: digital numbers, Rad.: radiance, Refl.: reflectance, meas.:
measurements, all-v-all: all versus all, Sym.: symmetric, MST: minimum spanning tree.

and spaceborne platforms have been tested for SIF retrieval at local to
global scales [3,4]. Remote sensing of SIF from Uncrewed Aerial Vehicles
(UAVs) has so far been dominated by works on point spectrometers [5]
and mid-resolution imaging sensors for relative SIF retrieval [6].

In this contribution, we present SIFMap, a custom-tailored feature-
based preprocessing and mosaicking pipeline to generate SIF maps
at 760 nm from data collected by a new high-resolution imaging
sensor called SIFcam [7]. SIFcam carries two cameras fitted with ultra-
narrowband interference filters (central wavelengths: 757.9 nm and
760.7 nm) to allow for a Fraunhofer Line Discrimination (FLD) retrieval
[8]. Operating at a typical altitude of 25-30 meters, the SIFcam system
provides data to generate SIF images with high spatial resolution (in the
order of centimeters).

SIFcam is comparable to a multispectral camera array. Acquired
data can be processed in software other than SIFMap, such as Agisoft
Metashape [9], Pix4Dmapper, and WebODM [10] (see runtime compar-
ison in Table 1). However, the absence of transparency around core
algorithms in commercial software makes it challenging to investigate
the impacts of various parameter configurations on the radiometry in
the output product. Agisoft Metashape and Pix4Dmapper offer some
control over pixel blending options, interpolation methods and minor
corrections but do not allow insight into the final, proprietary seamline
generation algorithm. In comparison, WebODM provides some control
over blending options, allows customization of seamlines, and enables
control of cutline behaviors, but is not adapted to the large number
of images of a typical SIFcam flight resulting in unsustainable process-
ing times as it relies on the Structure-from-Motion (SfM) pipeline [11],
which is generally more complicated and computationally intensive than
dedicated 2D mosaicking approaches [12,13]. Furthermore, WebODM
does not recognize SIFcam as a multispectral camera array, allowing
only one spectral band to be processed at a time. As a result, we de-
veloped a fully customizable Python toolbox that replicates the core
functionalities of commercial software but with full transparency and
adaptability providing pixel-level statistics.

The toolbox comprises distinct functions, each aligned with a specific
stage in the map generation pipeline. This design facilitates adjustments
or substitutions of individual steps. The toolbox’s key features include:

« Full implementation in Python using numpy, SciPy, scikit-image,
and OpenCV

« Object-oriented architecture with parallel processing enabled by
numba and joblib

+ A modular design for easy modification based on specific needs
(e.g., generating maps from RGB images)

Automatic removal of isolated or corrupted images/data

Initial image-to-map estimates derived from graph theory method-
ologies

Comprehensive error minimization, including analytical Jacobian
computations, sparsity pattern analysis and interactive outlier
analysis

Direct access to pixel-level SIF values and statistics

2. Software description

We follow a feature-based mosaicking pipeline as outlined in pre-
vious studies [14-16] and present modifications to create SIF maps
computed according to the FLD method [7]. The software is written in
Python utilizing the numpy, SciPy, scikit-image, and OpenCV libraries.
The main modules, data flow, and connections between modules are
detailed in Fig. 1.

2.1. Software architecture

SIFMap implements an adaptable, open-source processing solution
for SIFcam imagery by performing (i) FLD SIF retrieval as in [7], (ii)
image registration, (iii) global alignment and (iv) the provision of re-
flectance and SIF mosaics that can be geo-registered with third-party
software for further downstream analysis. To this end, the SIFMap tool-
box is composed of three main modules (SIFcam, match, align). A fourth
module (data) defines the basic data structures that interface with the
preprocessing and mapping logic of SIFMap. SIFMap is formulated in a
generalized fashion such that the alignment and registration functional-
ities can easily be applied to any image data type organized into classes
derived from data.

Preprocessing In this step, raw images of each channel are converted
into radiometrically calibrated at-sensor radiance and subsequently
atmospherically corrected to reflectance products at 757 and
760 nm (Ref;5; and Refy4,). Flat field correction files, pre-flight
dark-field acquisitions, radiometric gains as well as in-flight mea-
surements of Lambertian reflectance panels are needed as input
for this module. The radiance is calculated by applying a dark field
subtraction, flat field correction, and scalar radiometric calibration
(assuming a perfectly linear response). The reflectance is obtained



J. Buffat, A. Elibol, H. Scharr et al.

Table 1
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Execution time (s) and peak RAM usage (GB) of the processing pipelines Agisoft [9], SIFMap and WebODM [10] applied to
the datasets published along with this contribution [19] on a 32-core machine. For WebODM we only report a global run time
due to a lack of software reporting. N: number of SIFcam image pairs, Preproc.: Preprocessing, Registr.: Registration, Align.:
Alignment, Vis.: Visualization, Total map.: Total time for mapping (excluding preprocessing). The visualization step in the case
of SIFMap refers to the run time for reflectance and SIF products renormalized to the time for a single product (divided by
three), in the case of Agisoft and WebODM it reports the run time for a single raw image orthomosaic. The 21/06/13 dataset
consists of 1024 x 1024 pixel images, and the 24/06/08 dataset of 512 x 512 pixel images.

Dataset Method N Preproc. Registr. Align. Vis. Total map.
[s] [GB] [s] [GB] [s] [GB] [s] [GB] [s] [GB]
21/06/13 SIFMap 342 167 18 77 0.35 170 0.65 240 146 487 146
Agisoft - - 190 1.25 130 1.52 140 2.41 460 2.41
WebODM - - - - - - - - 7213 -
24/06/08 SIFMap 931 131 13 418 0.91 336 0.26 158 100 912 100
Agisoft - - 311 0.63 497 1.37 96 0.59 904 1.37
WebODM - - - - - - - - 7728 -

by linear interpolation of the radiance over the panel measure-
ments. Equally, we compute the irradiance by extrapolating the
reflectance panel measurements to a perfectly reflective surface.

The functionalities of this preprocessing step are organized in the
file located at SIFcam/data.py.

Band alignment A scene can be approximated as planar when the dis-

tance between the camera and the scene is significantly greater
than the depth variations of the scene. In this case, dense cor-
respondence mapping can be achieved through estimation of a
homography between the two channels (see Appendix A). The pla-
narity assumption is sufficiently fulfilled in SIFcam flight heights
larger than 25 m over typical crops forming closed canopies (e.g.,
wheat). As highlighted below, SIF is computed by combining indi-
vidual pixels in both image channels, requiring subpixel matching
accuracy. As a consequence, the homography is estimated for each
image pair even though the SIFcam camera system is fixed. This
allows adjusting for vibration and speed variations. The latter af-
fects the matching differently across image pairs due to different
integration times in the two channels. The homography estimation
is implemented as a Random Sample Consensus (RANSAC) [17]
based matching of Scale Invariant Feature Transform (SIFT) [18]
keypoints. Finally, to compute SIF from the aligned reflectance
channels and the estimated irradiance at 757 and 760 nm, we use
FLD in its most basic formulation [8]

(Refsp — Refysy) - Irrysy - Irrsgg

(€Y

Fre0 =
70 Irrys7 — Irraqg

Image Registration Module In this step, spatial relationships between

images are detected. First, a list of possibly overlapping image
pairs is generated by comparing a randomly selected set of feature
descriptors in an all-against-all manner with a nearest-neighbour
approach. These coarsely identified matches are verified by ac-
curately matching the image pairs using projective descriptor
matching and RANSAC. Filtering the coarse matches provides us
with a graph of connected images. Finally, we remove isolated
images from the topology.

The functionalities of this module are organized in the files lo-
cated in the match module. register.py contains the algorithms
necessary to obtain and register possibly overlapping image pairs.

Global Alignment In this step, transformations for each image are es-

tablished in order to map them onto a single common coordinate
frame. This is done by minimizing the non-linear symmetric trans-
fer error [20] with a least-squares optimization. To gain an initial
estimate we find the image using the minimum spanning tree in
the matching graph. This image is selected as the global frame. The

shortest paths from this image to all other images are computed and
pairwise motions along the path are accumulated. Once this step
is finalized, map-to-image (and image-to-map) transformations are
derived as minima of the transfer error.

In order to address noisy SIFT feature matches from the registra-
tion step, the alignment is run in several least squares optimizations
with iterative outlier removal. Before each new optimization run,
the quality of feature pairs under the current motion model is
compared and outlier correspondences are rejected.

The functionalities of this module are organized within the align
module. align.py includes functions that compute image-to-map
transformations taking into account the user-selected parameters.
jacobians.py contains functions to compute Jacobian matrices de-
rived using analytic computations and functions to compute their
sparsity patterns.

Visualization This step visualizes stitched maps of SIF and reflectance.

Since image-to-map transformations are now known for every pixel
of the map, different products can be generated depending on vari-
able aggregation strategies of overlapping images. The aggregation
reduces the distributions of overlapping images (see Fig. 2) to
single estimates. Our module currently provides minimum, max-
imum and mean values of these distributions. Furthermore, we
provide products taking into account the distance from a pixel
to the center of individual images: with the closest aggregation
method the image with the shortest distance to a pixel is se-
lected. With the distance-weighted aggregation method different
image contributions are weighted according to d~2, with d being
the pixel-center distance. This produces smoothed products reduc-
ing the impact of changing lighting as a consequence of variable
sun-observer-geometry. At the moment, no further analysis is ap-
plied in this step, such as a radiometric normalization or artefact
characterization.

The functionalities of this module are organized in the file
SIFcam/visual.py. It includes the function draw which encom-
passes the parallelized aggregation of all images in a global map.

2.2. Software functionalities

2.2.1. Code performance

SIFcam datasets are typically acquired at flight heights of 25-30

meters (with 80 % forward overlap and 70 % sidelap consisting of
300-1000 image pairs) [7,16]. For a detailed validation study of SIFcam
products we refer the reader to [16]. In the following, we report stage-
wise SIFMap code execution time scales (see Table 1) for two datasets
made available alongside this code publication [19].
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Fig. 2. Sample quick looks generated by SIFMap of the 21/06/13 data set [19]. Upper row: Shown are the reflectance at 757 nm and SIF at 760 nm aggregated with
closest_distance_weighted and a detailed view of SIF. The white rectangle highlights its position. Lower row: Shown are the image coverage by the closest image,

the distance to the closest image and the number of covering images per pixel.

2.2.2. User configuration

We provide detailed instructions on the correct usage of SIFMap in
the code package. To guide the user, we provide (i) a small example data
set in the code package (see Section 3) and (ii) two data sets consisting
of complete SIFcam flights [19]. SIFMap’s preprocessing step features
a limited set of hyperparameters with limited impact on the matching
and alignment of SIFcam images acquired at > 25 m. The registration
and alignment steps exhibit a larger number of hyperparameters. While
the default configuration has been observed to yield consistently accept-
able results in comparable SIFcam datasets, data set dependent changes
might be necessary on occasion. In the following, we highlight the most
important user configuration choices regarding these steps making use of
the naming convention defined in the code package. CONFIGURATION.md
in the code package provides a more complete parameter description.

registration.ransac_residual_threshold: This value determines
the quality of feature matches returned by the registration step. It is
given as the allowed pixel mismatch for a correspondence under a
RANSAC optimized projective transform. A lower threshold leads
to a smaller number of accepted correspondences. A larger value
is suitable for datasets with changing lighting, but introduces more
low quality correspondences.

registration.ransac_residual_threshold: This value determines
the quality of feature matches returned by the registration step. It is
given as the allowed pixel mismatch for a correspondence under a
RANSAC optimized projective transform. A lower threshold leads
to a smaller number of accepted correspondences. A larger value
is suitable for datasets with changing lighting, but introduces more
low quality correspondences.

registration.min_n_correspondences: This value determines the
minimum number of correspondences between two images in or-
der to consider them connected. Remaining correspondences are
eliminated once their number drops below this value.

alignment.manual_outlier_mode: Setting this parameter to true al-
lows dynamically continuing/stopping the optimization.

alignment.n_outlier_removal: This parameter determines the num-
ber of least squares optimizations and outlier removals to be run
iteratively.

alignment.n_points: This value determines the maximum num-
ber of correspondences in image pairs considered during the
loss computation. If this value is chosen much larger than
registration.min_n_correspondences the chance of dropping a
connection between images decreases.

alignment.outlier_removal: This value determines which quality of
correspondence is considered to be insufficient (i.e., an outlier) after
each least squares optimization. It is given in terms of the standard
deviation of the feature residual distribution. Higher values lead to
less outlier detection, while smaller values lead to more aggressive
correspondence pruning.

alignment.optim_params: The parameters provided in this dictionary
structure guide the least-squares optimization.

3. Illustrative example

We provide a small testing dataset consisting of 24 image pairs
in example_data.01_mixed_crops_13062021 and two data sets fea-
turing complete SIFcam flights with 342 and 931 image pairs
[19]. The data sets include the configuration files config.yaml and
sensor_calib.yaml as example parameterizations of the preprocessing,
the matching, the alignment optimization and the visualization.

The full SIFMap pipeline is executed by starting the main script as
detailed in the software package. To run the testing data set, follow the
installation steps to set up your Python and user environment and call

bash docker/run_wo_docker.sh
-c .../user_env.sh
example_data/01_mixed_crops_13062021/calib.yaml

Listing 1. The most basic command to call SIFMap on the test case. See
README.md in the software package for more detailed explanations of
proper SIFMap usage.

The program first prints the configuration parameters and continu-
ously logs the optimization. If the user runs with outlier removal (i.e.,
with alignment.n_outlier_removal > 0) the optimization statistics are
printed for multiple iterations. Finally, quick looks of SIF, reflectance
and mapping information (examples are provided in Fig. 2) as well as
the full data are saved in the output folder.
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4. Impact

Remote sensing of SIF is a rapidly evolving technique for quanti-
fying photosynthetic activity and associated stress in vegetation. This
approach enables the assessment of physiological processes at various
scales, from individual leaves to entire ecosystems, leveraging both in-
situ measurements and satellite-derived products. Given the relevance
of chlorophyll fluorescence, it is of great interest to develop technolo-
gies to obtain high-resolution SIF maps in a low-cost fashion and with
minimal manual intervention. The SIFMap processing software provides
a versatile code base for preprocessing, SIF estimation and mosaicking
of SIFcam [7] acquisitions. Currently, the SIFMap software is restricted
to SIFcam data sets from flights at heights > 25 m over crop-like veg-
etation canopies. This is due to the homography-based matching of
the two channels which assumes planar features. Possible solutions to
address matching in data sets with closer, more complex targets are be-
ing outlined by the development team and will be published in future
versions.

5. Conclusions

Existing airborne and ground-based sensors for measuring and ob-
taining SIF data come with different limitations (e.g., resolution, op-
erational costs, deployment, and similar factors). UAVs equipped with
relatively low-cost sensor setups enable flexible, high spatial resolution
data acquisition. To enrich their usability, adapted software solutions
(such as mapping) are beneficial and needed. With this software package
we provide a flexible end-to-end mapping toolbox in Python to create
2D SIF maps from SIFcam imaging data tested for flat terrain applica-
tions. Extensions for additional SIF retrieval and mosaicking methods
are possible in future feature implementations. Thanks to its modular
design, SIFMap is customizable and profits from parallel programming
paradigms to reduce the processing time.
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Appendix A. Homography-based image matching and alignment

Planarity Assumption A scene can be approximated as planar when
the camera undergoes translation, rotation, and/or scaling, provided
that the distance between the camera and the scene is significantly
greater than the depth variations of the scene. Under these conditions,
surfaces that are not oriented toward the camera’s optical axis become
scarcely visible and, in extreme cases, may degenerate into thin line-like
structures across different views. Consequently, interest points detected
on such surfaces are typically identified as inconsistent correspondences
and rejected during the outlier filtering stage.

A.1. Planar homography

Motion between two different views of the same flat scene can be de-
scribed by means of a planar homography matrix [20,21]. Let us consider
a point p, belonging to a 2D plane II in 3D space. Then, the projec-
tions of p in two different images I, and I, are given by (x;,X;). Let the
coordinate transformation between the two frames also be
X, =RX, +T (A1)
where X, X, are the coordinates of p relative to the camera frames of
the images I, and I, respectively. The two projections x,,x, of p satisfy
the epipolar constraint
szExl = szf"Rxl =0 (A.2)

However, for points on the same plane II, their images will share
an extra constraint that makes the epipolar constraint alone no longer
sufficient. Let N = [nl,nz,n3]T € S? be the unit normal vector of the
plane IT with respect to the first camera frame, and let d > 0 denote the

distance from the plane IT to the optical center of the first camera. Then
we have

1

NTX, = X +x%Y+n,Z=d o ENTX, =1, VX,eP (A3
Substituting Eq. (A.3) into Eq. (A.2) gives

X, = RX, + T = RX, +T%NTX1 = (R+%TNT)X1 (A.4)
We define the matrix H as follows

H=R+ TN eRe <3 (A.5)

It is referred to as the (planar) homography matrix, since it denotes a
linear transformation from X; € R3 to X, € R as
X, = HX, (A.6)

Note that the matrix H depends on the motion parameters R, T as
well as the structure parameters N, d of the plane P. Due to the inherent

scale ambiguity in the term %T in Eq. (A.5), one can at most recover from
H the ratio of the translation T scaled by the distance d. From

Axp =Xp, bx =X, Xy = HX (A7)
We have
Mx,=HAX, & X, ~ Hx (A.8)
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Fig. A.3. Outline of homography matching adopted for SIFmap channel alignment assuming planar geometry.
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