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Generalization and Validation of MACHI:
Minimal Atmospheric Compensation for Hyperspectral Images
EDVIN DANNÄS
Department of Space, Earth and Environment
Chalmers University of Technology

Abstract

Atmospheric correction (AC) is essential for deriving accurate surface re�ectance
from satellite imagery for ocean color studies. Previous attempts to apply AC to
satellite data from the Norwegian small-satellite mission HYPSO (HYPerspectral
Smallsat for Ocean observation) have been unsuccessful, with a problem of pro-
ducing negative blue-band re�ectance. To address this, the Minimal Atmospheric
Compensation for Hyperspectral Images (MACHI) algorithm was developed as a
fast, unsupervised alternative that requires no external atmospheric data or sensor-
speci�c tuning. MACHI estimates atmospheric parameters in a simpli�ed atmo-
spheric model by optimizing for spectral smoothness in the retrieved ground re-
�ectance under physical constraints.

This thesis generalizes the theoretical framework of MACHI to support arbitrary
smoothing kernels and introduces a new Python implementation capable of e�cient
batch processing. The algorithm was applied to a selection of scenes from HYPSO-2,
the second satellite of the HYPSO mission, and evaluated through a convergence
analysis and validation against ground-based measurements from the AERONET-
OC program, as well as a comparison to retrievals from POLYMER, an established
AC algorithm for water applications.

Convergence analysis shows fast and stable convergence of MACHI. Validation indi-
cates that MACHI retrieves physically plausible atmospheric parameters and surface
re�ectance spectra that are comparable to both ground measurements and estab-
lished AC methods. This while also avoiding the negative re�ectance artifacts ob-
served in previous attempts. However, the validation results also reveal a systematic
overestimation, particularly in the blue region, as well as a residual absorption fea-
ture near 760 nm, indicating a need for further development and testing of MACHI.

Overall, this work demonstrates the potential of smoothness-based optimization for
hyperspectral AC and provides a foundation for future enhancements, such as more
detailed atmospheric modeling, re�ned initialization, and testing on other sensors.

Keywords: atmospheric correction, hyperspectral imagery, earth observation, re-
mote sensing, surface re�ectance retrieval, regularization, optimization, MACHI
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List of Acronyms

Below is the list of acronyms that have been used throughout this thesis listed in
alphabetical order:

AC Atmospheric correction
BoA Bottom-of-atmosphere
DN Digital Number
DOS Dark object subtraction technique
HYPSO (name) Hyper-Spectral Small Satellite for Ocean Observation
HyVa (name) Hyperspectral remote sensing of water quality in Norwegian lakes

and coasts
MACHI (name) Minimal Atmospheric Correction for Hyperspectral Imagers
NIR Near-infrared
NTNU (name) Norwegian University of Science and Technology
RTS Radiative transfer simulation
SR Surface re�ectance
ToA Top-of-atmosphere
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Nomenclature

Below is the nomenclature of indices, sets, parameters, and variables that have been
used throughout this thesis.

Indices

i Index for pixels (spatial dimension)

n Index for bands (spectral dimension)

j Index for kernel responses

k Index for convolution

Sets

[0; N � 1] Full wavelength index range

[0; I � 1] Full pixel index range

[a; b] Support of the kernel functionh[k]

[l; u] Local window around bandn for optimization

Parameters

R(i )
ToA [n] Top-of-atmosphere re�ectance for pixeli and bandn

h[k] Smoothing kernel function with support[a; b]
~h[k] Flipped smoothing kernel function

N Total number of wavelength bands

I Total number of pixels

L Length of the smoothing kernel (L = b� a + 1)

� Convergence tolerance

maxIter Maximum number of iterations
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Variables

S[n] Estimated atmospheric scattering at bandn

T[n] Estimated atmospheric transmittance at bandn

� [n] Estimated normalized atmospheric transmittance at bandn

R(i )
BoA [n] Estimated bottom-of-atmosphere re�ectance for pixeli and bandn

Rrs Remote-sensing re�ectance

c(i )
j Kernel response at positionj for pixel i

p(i ) [n] Smoothness penalty at pixeli , band n

P Total smoothness penalty across all pixels and bands

Plocal [n] Localized penalty around bandn
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1
Introduction

This section introduces atmospheric correction for hyperspectral images, includ-
ing essential theory, concepts and techniques, with a focus on ocean color studies.
Additionally, it contains a brief overview of current algorithms - their status and
challenges. There is also a subsection on the HYPSO satellite mission and current
atmospheric correction e�orts for the HYPSO satellites. Finally, previous work on
MACHI and the original prototype is presented.

1.1 Atmospheric correction for hyperspectral im-
ages

Hyperspectral satellite imaging enables the identi�cation and characterization of
Earth's surface from spectral signatures by providing data with high spectral reso-
lution over continuous spectral bands. However, the signal received by the sensor,
referred to as top-of-atmosphere (ToA) radiance is contaminated by interactions in
the atmosphere, primarily due to molecular (Rayleigh) scattering, aerosol (Mie) scat-
tering, and gas absorption by water vapor, ozone, and carbon dioxide [1]. In order to
study Earth's surface these atmospheric e�ects need to be estimated and removed to
retrieve a corrected spectral pro�le of the surface, or bottom-of-atmosphere (BoA)
re�ectance. This process is known as atmospheric correction.

1.1.1 Basic theory and concepts

Some essential concepts for this thesis are introduced and described. First, the
relation between radiance and re�ectance, and relevant conversion formulas, are de-
scribed. Then, a simple atmospheric model is presented, outlining the physical in-
teractions that are encoded in MACHI. Finally, a smoothness assumption for ground
spectra is formulated, followed by how this can be used in atmospheric correction,
with regularization methods as an example.

Radiance and re�ectance

Atmospheric correction (AC) is the process of retrieving surface parameters from
ToA radiance measurements. A radiance measurement can be converted tore-
�ectance by dividing with the incoming irradiance. In contrast to radiance, re-
�ectance is a material property and is therefore suitable for surface characterization
[2]. It is commonly expressed in[sr� 1], for re�ectance in a speci�c direction, or unit-

1



1. Introduction

less for the total re�ection in all directions. For a Lambertian surface the di�erence
between directional and total re�ectance is simply a scaling factor� .

So, a total ToA re�ectance (RToA ) can be calculated from ToA outgoing radiance
(LToA ) by dividing with the ToA solar irradiance (EToA ):

RToA (� ) = � �
LToA (� )

EToA
(1.1)

EToA (� ) =
E0(� ) � cos(� s)

d2
(1.2)

where E0 is the mean incident exoatmospheric solar irradiance,� s the solar zenith
angle and d the Sun-Earth distance in astronomical units. d can be estimated
according to the following formula [3]:

d = 1 � 0:01672� cos(0:9856° � (Julian Day � 4)) (1.3)

In a similar fashion a BoA re�ectance (RBoA ) can be calculated as the ratio of BoA
radiance to downwelling irradiance just above the surface (Ed). For ocean color
studies the BoA re�ectance is commonly divided into two components: one from
the interaction on the water surface (surface re�ectance, SR) and another from the
upwelling radiance from the ocean (remote-sensing re�ectance, Rrs), where the latter
is a more informative quantity regarding the inherent optical and biogeochemical
properties of the water body.

Let Lw be the water-leaving radiance. Then the remote-sensing re�ectance can be
expressed as

Rrs(� ) =
Lw(� )
Ed(� )

[sr� 1] (1.4)

and the (non-dimensional)normalized water-leaving re�ectance:

� w(� ) = � � Rrs(� ) [� ] (1.5)

If a ground measurement ofEd(� ) is not available, it can be estimated by propagat-
ing EToA through the atmosphere according to the Beer�Lambert law:

Ed(� ) = EToA � Td(� ) (1.6)

Td(� ) = exp

 

�
� (� )

cos(� 0)

!

(1.7)

where E0(� ) is the extraterrestrial solar irradiance [mW/(cm2 � � m)], � 0 the solar
zenith angle,Td(� ) the direct atmospheric transmittance of the atmosphere along
the solar path, and� (� ) the total optical depth of the atmosphere at wavelength� .

2



1. Introduction

Again assuming Lambertian re�ectance for simplicity1 we get the non-directional
unit-less � w(� ) as

� w(� ) =
� � Lw(� ) � d2

E0(� ) � cos(� 0)
� exp

 
� (� )

cos(� 0)

!

(1.8)

Figure 1.1: A graphical representation of the simple atmospheric model.

Simple atmospheric model

The atmospheric e�ects can be modeled as two components: a spectral o�set re-
sulting from back-scattered light from the atmosphere, and a spectral gain factor
accounting for attenuation of the surface signal through the atmosphere. The o�set
is referred to as thescattering, or path re�ectance, of the atmosphere, and the gain
factor as thetransmittance of the atmosphere. The ToA re�ectance can then be ex-
pressed as the sum of an attenuated BoA re�ectance2 and an atmospheric scattering
term [4]. In its simplest form (without any partitioning into di�erent atmospheric
contributions or surface e�ects) it can be written as follows:

RToA (� ) = RBoA (� ) � T(� ) + S(� ) (1.9)

where RToA is the ToA re�ectance, RBoA the BoA re�ectance, S the fraction of
solar irradiance back-scattered by the atmosphere toward the satellite andT the

1The Lambertian assumption is an idealization; in reality, water-leaving radiance exhibits
anisotropy. However, the simpli�cation is widely adopted in satellite ocean color processing to
allow consistent de�nitions of re�ectance.

2Note that speaking of an attenuated re�ectance does not make much physical sense, since re-
�ectance is a surface property and does not travel through the atmosphere, as opposed to radiance,
and is thereby not attenuated in itself. However, we here mean �attenuated re�ectance� in the
sense �re�ectance based on attenuated radiance and incident irradiation�. This terminology is well
established and is therefore used further on in this report [2].

3



1. Introduction

transmittance of the atmosphere, as a fraction of incident light; all functions of
wavelength� (see Figure 1.1). The physical boundaries are naturally incorporated
as the constraints

RToA (� ) � S(� ) � 0 (1.10)

T(� ) 2 (0; 1] (1.11)

where (1.10) is interpreted as that the atmospheric scattering is bounded by the
total signal, or that there is a non-negative BoA contribution, and (1.11) restricts
the transmittance to its physical range. The inclusion/exclusion of zero here is a
technical detail given that it is more convenient programmatically to enforce con-
straints on closed sets as compared to open sets.

Over the ocean around 90% of the ToA signal is atmospheric contribution,S, and
in coastal waters this can be even higher, especially in the green and blue bands [5].
Since only a smaller part of the measured radiance is transmitted surface radiance,
small uncertainties in the correction can give a large impact on the results. For
example, if propagating a 1% uncertainty in AC (using our simple atmospheric
model) for a capture over dark water assuming atmospheric contribution being 95%
of the measured ToA signal, we get a~20% uncertainty of the BoA retrieval. Now,
for a capture over desert assuming an atmospheric contribution of 20% of the total
signal, the same AC and uncertainty propagation gives an uncertainty of only 0.25%
in the retrieved product. This simple example speci�cally highlights the importance
of an accurate atmospheric correction for ocean color studies.

Spectral smoothness and regularization

Especially relevant to this work is the concept of spectral smoothness and its appli-
cation to atmospheric correction, for example usingregularization. While ToA re-
�ectance often contains sharp spectral features due to gaseous absorption in speci�c
and narrow bands in the atmosphere, the corresponding surface re�ectance can be
assumed to vary more smoothly with wavelength. This means that high-frequency
components observed in the ToA measurement would be caused by atmospheric
e�ects rather than an attribute of the surface re�ectance, assuming an accurate cal-
ibration of the sensor. It follows that a poor atmospheric correction, in the sense of
a poor estimation of gaseous and particle volumes in the atmosphere, would result
in sharp features in the retrieved BoA re�ectance [6]. This property is frequently ex-
ploited in AC methods by in some way optimizing for, or regularizing, smoothness in
the retrieved BoA spectra. Examples of algorithms making use of this are HATCH
and STEAC (see section 1.1.2 for overview of existing algorithms). Smoothness can
also be applied as a spatial constraint/regularizer, given that optical properties also
tend to change slowly in the spatial domain [7].

Retrieval of surface re�ectance is an inverse problem where atmospheric parame-
ters are inferred from measured ToA radiance or re�ectance. The radiative transfer
model cannot be solved analytically, but can instead be solved by an optimization
procedure, where the atmospheric parameters are updated in an altering manner

4



1. Introduction

to minimize an objective function. Due to this problem usually being ill-posed
additional information on the desired solution is required for stabilization of the
optimization procedure, and enforcing the uniqueness of the solution. Tikhonov
regularization (TR) and the optimal estimation method (OEM) are common ways
of doing this.

While OEM require prior statistical information of natural variability of the ex-
pected signal, TR enforces smoothness and/or magnitude of the solution through
a regularization (penalty) term [8]. If we have the state to retrieve asx 2 Rm ,
observed ToA re�ectance asb 2 Rn , and let A 2 Rn� m be the coe�cient matrix for
the forward model of radiative transfer, we can express the optimization problem
for TR as

min
x

n
kAx � bk2

2 + � 2kLx k2
2

o
(1.12)

where L is a regularization matrix (e.g., derivative operator to enforce spectral
smoothness) and� the regularization parameter balancing data �delity and penalty
(e.g. smoothness).

1.1.2 Overview of existing algorithms

Having a reliable atmospheric correction algorithm is essential for remote sensing
applications, such as ocean color studies and land cover classi�cation, since it directly
in�uences the quality of derived surface parameters. Therefore many approaches
have been developed for this purpose, tailored to di�erent platforms, sensors, and
atmospheric conditions, some of which are presented in this section.

Method classes

Current methods can be divided in two main categories: empirical approaches and
models based on radiative transfer simulations.
The �rst category of methods require a-priori information on the ground target,
such as in situ measurements, or to make assumptions on the spectral pro�le or
distribution in the image. Examples are the �at �eld correction approach, the
empirical line approach, and the dark object subtraction technique (DOS) [9][10].
The other main category of atmospheric correction methods do not require ground
truth data but instead rely on complex simulations, or similar tabular values, as
well as ancillary inputs in the form of atmospheric pro�les or parameters. They are
based on radiative transfer simulations (RTS) using software such as MODTRAN
(MODerate resolution atmospheric TRANsmission) [11] or 6S (Second Simulation
of the Satellite Signal in the Solar Spectrum) [12]. Notable examples of atmospheric
correction methods using RTS include ATREM (ATmosphere REMoval program)
[4], based on 6S; FLAASH (Fast Line-of-sight Atmospheric Analysis of Spectral
Hypercubes) [13], based on MODTRAN, and HATCH (High-accuracy ATmospheric
Correction for Hyperspectral data) [14]. ATREM was for a long time after its
release the industry standard but later models such as FLAASH and HATCH have
incorporated more accurate and sophisticated RTS [15]. The complexity of these

5



1. Introduction

models can be a disadvantage, as well as the fact that many are designed for a
speci�c set of conditions, such as a speci�c satellite system, or spectral and/or spatial
resolution [16]. Many of these algorithms have historically focused primarily on land
imagery, but there are also algorithms developed speci�cally for water applications,
such as C2RCC (Case 2 Regional Coast Color) [17], POLYMER [18] or ACOLITE
[19].

Status and challenges

There exists a wide range of commonly used atmospheric correction algorithms.
However, many of these pose high uncertainties, or require pre-de�ned averaged at-
mospheric parameters or a certain atmospheric pro�le, which gives a limited adapt-
ability for spatial and temporal variations [20]. Many have noted the potential and
need of improvement in current atmospheric correction algorithms. Among these are
Warren et al. (2019), that evaluated six common algorithms for retrieval of water
leaving re�ectance (ACOLITE, C2RCC, iCOR, l2gen, POLYMER and Sen2Cor).
In this work all methods displayed extremely high uncertainties in the red and near-
infrared (NIR) bands when applied to ESA Sentinel-2 Multi Spectral Imager (MSI)
[21].

Several approaches have been proposed for the improvement of atmospheric cor-
rection algorithms. Yang et al. (2022) suggest establishing a relationship between
satellite imagery and UAV (Unmanned Aerial Vehicle) image re�ectance as a way
to create a universal atmospheric correction model [20]. Others emphasizes the
capabilities and potential of machine learning in atmospheric correction, one exam-
ple being OC-SMART, a data analysis platform for ocean color based on machine
learning algorithms [22]. There has also been interest for the development of unsu-
pervised algorithms, that apart from many other methods would not need ground
measurements or atmospheric pro�les. The QUAC (QUick Atmospheric Correction)
method [23] is oneweakly supervisedalgorithm that �nds a BoA spectra based on a
predetermined dictionary of ground spectral pro�les. QUAC needs to establish this
reference dictionary as a prior, which can be seen as a simpler sort of �ground truth�,
but importantly it does not require explicit in-situ measurements for the observed
scene. Building on the QUAC algorithm, Cubero-Castan et al. (2015) presented a
new method, STEAC (Smoothing Technique for Empirical Atmospheric Correction),
making use of a smoothing function, similar in sense to the topic of this work [24].
However, unlike STEAC, which works by simple empirical smoothing of the mean
scene radiance, MACHI explicitly models and optimizes the atmospheric scattering
and transmittance components under smoothness and physical constraints.

1.2 The HYPSO mission

HYPerspectral Smallsat for Ocean observation (HYPSO), is a small-satellite mission
at the Norwegian University of Science and Technology (NTNU) with the purpose
of delivering high-resolution remote sensing data for studying ocean color events,
such as algal blooms. There are currently two satellites in (sun-synchronous) orbit,
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HYPSO-1 and HYPSO-2, both 6U CubeSats at 500 km altitude hosting custom-
built hyperspectral imagers. They measure in 120 binned bands in the range 387�801
nm, with a usable range from 430nm [25]. Further it has a swath width of 70 km
and a 100 m spatial resolution. A third satellite, HYPSO-3, is in the concept phase,
aiming to achieve signi�cantly higher spatial resolution than its predecessors, en-
abling improved data quality for studies on coastal and terrestrial areas, as well as
water quality monitoring in lakes and rivers [26][27].

In order to retrieve ocean color properties, such as chlorophyll-a concentration and
suspended matter, there is a need for an e�cient atmospheric correction algorithm
for HYPSO images, something that is emphasized in [25]. Lately, some methods
for atmospheric correction have been tested on HYPSO data, with varying success.
Within a recent master's thesis ACOLITE was tested and compared to two other
methods (6S and ELF) on HYPSO-1 images. It was shown that while ACOLITE
provides the best estimate out of the three there are issues with negative re�ectance
around 400-500 nm, and more validation is needed [28]. This leaves room for the
development and/or testing of other algorithms for HYPSO data.

1.2.1 The HyVa project and MACHI prototype

The HyVa (Hyperspectral remote sensing of water quality in Norwegian lakes and
coasts) project was a collaborative initiative between NTNU, Norwegian Institute
for Water Research (NIVA), and OceanObs AS during 2024. The project investi-
gated new methods for retrieval of ocean color products from the HYPSO satellites
for monitoring of Norwegian water resources and was mainly funded by the Nor-
wegian Space Agency (NRS) [29]. A project report was released summarizing the
results of this e�ort [30].

The report reiterated the problems with negative re�ectance from ACOLITE ap-
plied to HYPSO, as well as an unexpected broad peak in the red-NIR range. It was
also noted that HYPSO lacking longer wavelength NIR and SWIR bands is prob-
lematic for many mainstream atmospheric correction algorithms that rely on these
bands. Possible other causes to a misalignment between retrieved products from
HYPSO with those from SENTINEL-3 Ocean and Land Color Instrument (OLCI)
and in-situ measurements were listed; for example bias in the HYPSO imager, sun
glint e�ects, and low spatial resolution leading to contamination of land re�ectance
in coastal water captures. Due to these problems a new method, MACHI (Minimal
Atmospheric Compensation for Hyperspectral Images), was outlined, tailored to the
HYPSO satellite to mitigate the unwanted spectral artifacts seen in retrieved BoA
spectra using conventional software. MACHI was presented as a �cyclic block coor-
dinate descent� approach [31] optimizing smoothness in the retrieved spectra using
an alternating iterative optimization procedure. A prototype of MACHI showed
promising results, retrieving su�ciently smooth spectra and eliminating the issue
with negative re�ectance. However this version was limited to using a forward dif-
ference convolution kernel ([1; � 1]) for the smoothness estimation, and problems
regarding this selection of kernel were discovered. The prototype was made open-
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source [32], but there exists no further documentation of this implementation.
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1.3 Aim

The aim of this work is to, building on the MACHI prototype from the HyVa
project, (1) formulate a general theoretical foundation for MACHI that can handle
di�erent smoothness measures (any convolution kernel), (2) build an implementation
of this algorithm and test the performance of the implementation and (3) validate
the retrieved products against in-situ data as well as compare to other methods.
The broader purpose is to provide a simple atmospheric correction model based on
few assumptions, and with few input parameters, that can provide reliable remote
sensing products from the HYPSO satellites for ocean color studies, and that can be
easily applied to other satellite data without any tuning or training of parameters
(unsupervised).
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2
Methods

This section contains a complete derivation of the MACHI algorithm and the opti-
mization procedure, as well as a description of the convergence test and validation
of results carried out as part of this work.

2.1 MACHI overview

The MACHI algorithm focuses on estimating the two unknownsS and T from a
ToA capture. This method is based on the smooth ground spectra assumption (see
section 1.1.1) in that the atmospheric scattering,S, and transmittance, T, are up-
dated to optimize a smoothness based objective function applied to the retrieved
BoA signal. Spectral derivatives ofR(i )

BoA , in each pixel i , are approximated by
convolution with a suitable kernel,h, and incorporated into an objective function
(penalty) P. This formulation of the penalty function allows generalization to ar-
bitrary derivative orders, by selecting the appropriate kernelh. S and T are then
updated in an alternating manner to minimize the smoothness penalty onRBoA , in
a cyclic block coordinate descent approach [31]. The summation over all pixels in
P provides robustness to spatial noise and reduces variance in the estimate. The
algorithm produces a single estimate ofS and T for the whole image, based on the
assumption that the signi�cant atmospheric e�ects are global, i.e. the same for all
pixels within the image.

2.2 Problem formulation

Let N be the �length� of RToA , i.e. the number of discrete wavelengths (and/or
bands) in the spectrum. Then we can solve the BoA re�ectance from equation (1.9)
for a discrete set of wavelengthsf � ngN � 1

n=0 :

RBoA [n] =
RToA [n] � S[n]

T[n]
(2.1)

This formulation can be unstable under optimization, so we introduce
� [n] = (1 � T[n])=T[n] � 0 to linearize the expression:

RBoA [n] =

(

T[n] =
1

1 + � [n]

)

= ( RToA [n] � S[n])(1 + � [n]) (2.2)
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For a discrete signal we can approximate derivatives using discrete convolution with
a suitable kernel. Leth be a kernel that approximates the derivative operator of
desired order. Then we get the discrete convolution ofRBoA with h as:

(RBoA � h)[n] =
1X

k= �1

RBoA [n � k] h[k] =
bX

k= a

RBoA [n � k] h[k] (2.3)

wherea and bdetermine the support of the kernel and� is the convolution operator.1

This holds when0 � n � k � N � 1. Sincea < b we haveb � n � N � 1+ a. We use
i 2 [0; I � 1] to index the pixels in the image. We can then de�ne the smoothness
penalty at wavelengthn and pixel i as:2

p(i ) [n] = ( R(i )
BoA � h)[n]2 (2.4)

and the total penalty is a summation over the spectral and spatial domain using the
previously derived boundaries. We get total penaltyP:

P =
I � 1X

i =0

N � 1+ aX

n= b

p(i ) [n] (2.5)

Further, since we are aiming to minimize the total penalty, i.e. a summation over
the convolution with h for all wavelengths, and assuming0 2 [a; b], the support
([a; b]) of h is in fact arbitrary. This comes from the exclusion of the convolutions
where the kernels are outside the range ofn. We can instead just seeh as a vector
of length L, indexed from 0 byk. We now usec and j for indexing kernel responses,
(RBoA � h), so that c(i )

j is the j :th kernel response starting fromj = 0:

c(i )
j =

L � 1X

k=0

R(i )
BoA [(j + ( L � 1) � k] h[k] (2.6)

For clarity and readability in implementation, we can rewrite this discrete convolu-
tion as a cross-correlation, applying the kernel directly, such as

c(i )
j =

L � 1X

k=0

R(i )
BoA [(j + k] ~h[k]; ~h[k] = h[L � 1 � k] (2.7)

which corresponds to a standard convolution with �ipped kernel~h[k]. We simplify
P:

P =
I � 1X

i =0

N � 1+ aX

n= b

p(i ) [n] =
I � 1X

i =0

N � 1+ aX

n= b

 bX

k= a

R(i )
BoA [n � k] h[k]

! 2

=
I � 1X

i =0

N � LX

j =0

(c(i )
j )2 (2.8)

This can be thought of as the kernel window sliding over the signal creating the kernel
responsescn , which is visualized for one pixel in Figure 2.1. These kernel responses
are no longer a function of a speci�cn; there is no local reference after losing

1For instance, a �rst-order derivative can be approximated by a forward di�erence kernel h1 =
[1; � 1], so that (RBoA � h1)[n] = RBoA [n] � RBoA [n � 1].

2The square in the penalty function ensures - besides computational convenience - that positive
and negative slopes are penalized equally, if considering a derivative kernel.
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information about the support of h. However, the global summation is equivalent
and only this is interesting for our task. This notation provides a more intuitive
indexing in further calculations.

Figure 2.1: The �ipped kernel window ~h for a kernel (h) of length three sliding
over the BoA signalRBoA (denoted R in the �gure for simplicity) for a single pixel
i to create the kernel responsescn as used in the total penalty functionP.

To �nd optimal estimates for S[n] and � [n], we minimize the smoothness penaltyP
subject to the physical constraints. We can now formulate the minimization problem
for MACHI:

min
S;�

I � 1X

i =0

N � LX

j =0

(c(i )
j )2

s.t. R(i )
ToA [n] � S[n] � 0; 8n; i

� [n] � 0; 8n

(2.9)

2.2.1 Comparison to Tikhonov regularization

We can note similarities between this formulation and Tikhonov regularization with
the key di�erence that in MACHI the data-�delity term is replaced by a hard con-
straint:3

RBoA = ( RToA � S) � (1 + � ) (2.10)

with � as the element-wise multiplication operator.

Let � denote element-wise division. Then, under the MACHI constraint, the resid-
ual between estimated and observedRToA vanishes by construction:

Rest
ToA (Rest

BoA ; S; � ) � Robs
ToA =

�
Rest

BoA (Robs
ToA ; S; � ) � (1 + � ) + S

�
� Robs

ToA

=
�
(Robs

ToA � S) � (1 + � ) � (1 + � ) + S
�

� Robs
ToA

= Robs
ToA � Robs

ToA = 0:

(2.11)

Further on, since the estimated and observed top-of-atmosphere re�ectance are iden-
tical under the MACHI constraint, as demonstrated, we can omit this distinction

3Again, this strictly constrained formulation enables analytical solutions in each update, pro-
viding e�ciency and accuracy to the implementation.
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in notation. The constraint is then substituted into the regularization term, giving
the TR formulation of MACHI as something like this:

min
RBoA

kH RBoA k2
2

s.t. RBoA = ( RToA � S) � (1 + � )
) min

S; �
kH [(RToA � S) � (1 + � )]k2

2

(2.12)

Where H is a regularization matrix stacking the kernelh along the diagonal. In
contrast to solving this Tikhonov-style problem, MACHI uses the formulation in
equation (2.9) to construct localized, restricted minimization problems. These admit
simple analytical solutions, which enable fast updates with a smaller computational
load in each step, and allow easy and �exible handling of the constraints.
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2.3 Optimization

The MACHI algorithm iteratively updates S and � to minimize P, as expressed in
equation (2.9), using a �cyclic block coordinate descent approach� approach [31].
When updating S, � is �xed, and the entries in S are updated sequentially over the
spectral bands. The same procedure holds for the updates of� . This alternating
optimization is iterated until convergence or a maximum number of iterations is
met.4

2.3.1 Localized penalty function

Let's consider an arbitrary n̂ 2 [0; N � 1]. The updates forS[n̂] and � [n̂] will only
a�ect P through the kernels that overlap with the current iterate (S[n̂] or � [n̂]). We
�nd these as the c(i )

j where j is in the range[n̂ � L + 1; n̂] \ [0; N � L]. The �rst
interval ( [n̂ � L + 1; n̂]) de�nes a local window aroundn̂ while the second interval
([0; N � L]) represents the valid range of kernel positions within the data. The kernel
responses outside this range stay constant during the update and can be omitted
from the summation, creating a much smaller problem and computational load. We
can now construct a localized penalty functionPlocal [n] and express this for̂n as

Plocal [n̂] =
I � 1X

i =0

ûX

j = l̂

(c(i )
j )2 (2.13)

where l̂ = max( n̂ � L + 1; 0) and û = min( n̂; N � L). Figure 2.2 shows the kernel
responses which constitutes the localized penalty function around̂n for one pixel.
From this we can analytically derive the updates forS and � .

2.3.2 Update for S[n]

Let us now derive the explicit expressions for the update ofS[n], again initially
considering a speci�cn = n̂. First, we formulate the subproblem where we �nd the
S[n̂] that minimizes the local penalty functionPlocal [n̂]:

min
S[n̂]

I � 1X

i =0

ûX

j = l̂

(c(i )
j )2

s.t. R(i )
ToA [n̂] � S[n̂] � 0; 8i

(2.14)

with l̂ = max( n̂ � L + 1; 0) and û = min( n̂; N � L). Note that we only need to
enforce the constraints that apply to the current iterate.

Due to Plocal [n̂] being quadratic and convex inS[n̂] we can directly �nd the minimum
by di�erentiating and �nding the root.

4Due to P being quadratic and convex in both S and � this optimization approach allows
for exact updates in every step, i.e. we can directly �nd the minimum of the local optimization
problem and hence we can avoid super-parameters like step length, or gain.
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Figure 2.2: The kernel responsescn which contribute to the localized penalty
function Plocal around n̂ for a single pixeli , shown for a kernel (h) of length three.
The �ipped kernel is denoted~h, and R is used to represent the BoA signalRBoA in
the �gure for simplicity.

@Plocal

@S
[n̂] =

I � 1X

i =0

ûX

j = l̂

2

0

@c(i )
j �

@c(i )j

@S[n̂]

1

A (2.15)

with

@c(i )j

@S[n̂]
=

@
@S[n̂]

 L � 1X

k=0

R(i )
BoA [j + k] ~h[k]

!

=
@

@S[n̂]

 L � 1X

k=0

(R(i )
ToA [j + k] � S[j + k])(1 + � [j + k]) ~h[k]

! (2.16)

All terms in the summation will disappear except whenS[j + k] = S[n̂], i.e. when
k = n̂ � j . We get

@c(i )j

@S[n̂]
=

@
@S[n̂]

�
(R(i )

ToA [n̂] � S[n̂])(1 + � [n̂]) ~h[n̂ � j ]
�

= � (1 + � [n̂]) ~h[n̂ � j ]

(2.17)

eq. (2:15)
===== )

@Plocal

@S
[n̂] =

I � 1X

i =0

ûX

j = l̂

2

 L � 1X

k=0

R(i )
BoA [j + k] ~h[k]

!

�

 

� (1 + � [n̂]) ~h[n̂ � j ]

!

= � 2(1 + � [n̂])
I � 1X

i =0

ûX

j = l̂

~h[n̂ � j ] �

 L � 1X

k=0

(R(i )
ToA [j + k]

� S[j + k])(1 + � [j + k]) ~h[k]

!

(2.18)

16



2. Methods

We now �nd the roots by setting (@Plocal=@S)[n̂] = 0

� [n̂ ]� 0
==== )

I � 1X

i =0

ûX

j = l̂

~h[n̂ � j ]

 L � 1X

k=0

(R(i )
ToA [j + k] � S[j + k])(1 + � [j + k]) ~h[k]

!

= 0 (2.19)

We isolate the terms involvingS[n̂], which we �nd when j + k = n̂ )
k = n̂ � j (which per the de�nition of [l̂; û] is in the feasible range[1; L]). This gives:

I � 1X

i =0

ûX

j = l̂

~h[n̂ � j ]

 
X

k2 [0;L � 1]
k6= n̂� j

(R(i )
ToA [j + k] � S[j + k])(1 + � [j + k]) ~h[k]

!

+
I � 1X

i =0

ûX

j = l̂

~h[n̂ � j ]

 

(R(i )
ToA [n̂] � S[n̂])(1 + � [n̂]) ~h[n̂ � j ]

!

= 0

(2.20)

and now using equation (2.2) and splitting the second summation:

)
I � 1X

i =0

ûX

j = l̂

~h[n̂ � j ]
X

k2 [0;L � 1]
k6= n̂� j

R(i )
BoA [j + k] ~h[k]

+(1 + � [n̂])
I � 1X

i =0

R(i )
ToA [n̂]

ûX

j = l̂

~h[n̂ � j ]2

� S[n̂](1 + � [n̂])
I � 1X

i =0

ûX

j = l̂

~h[n̂ � j ]2 = 0

(2.21)

Finally, solving for S[n̂] and generalizing ton we get the update as

S[n] =
1

(1 + � [n]) � I
P u

j = l
~h[n � j ]2

�

 I � 1X

i =0

uX

j = l

~h[n � j ]
X

k2 [0;L � 1]
k6= n� j

R(i )
BoA [j + k] ~h[k]

+(1 + � [n])
I � 1X

i =0

R(i )
ToA [n]

uX

j = l

~h[n � j ]2
!

(2.22)

with l = max( n � L + 1; 0) and u = min( n; N � L). In order to ensure alignment
with constraints we project this onto the feasible set: (S[n] � R(i )

ToA [n] for all i ):

S[n]  min
�

S[n]; min
i

�
R(i )

ToA [n]
� �

(2.23)
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2.3.3 Update for � [n]

In a similar way as forS (section 2.3.2) we formulate a local subproblem as:

min
� [n̂ ]

I � 1X

i =0

ûX

j = l̂

(c(i )
j )2

s.t. � [n̂] � 0

(2.24)

l̂ = max( n̂ � L + 1; 0), û = min( n̂; N � L).

Plocal [n̂] is quadratic and convex also in� [n̂] so again we can �nd the minimum
directly by di�erentiating and �nding the root. We now di�erentiate w.r.t. � [n̂]:

@Plocal

@�
[n̂] =

I � 1X

i =0

ûX

j = l̂

2

0

@c(i )
j �

@c(i )j

@�[n̂]

1

A (2.25)

with

@c(i )j

@�[n̂]
=

@
@�[n̂]

 L � 1X

k=0

(R(i )
ToA [j + k] � S[j + k])(1 + � [j + k]) ~h[k]

!

(2.26)

Again all terms disappear except when� [j + k] = � [n̂], i.e. whenk = n̂ � j . We get

@c(i )j

@�[n̂]
= ( R(i )

ToA [n̂] � S[n̂]) ~h[n̂ � j ] (2.27)

eq. (2:25)
===== )

@Plocal

@�[n̂]
=

I � 1X

i =0

ûX

j = l̂

2

 L � 1X

k=0

R(i )
BoA [j + k] ~h[k]

!

�

 

(R(i )
ToA [n̂] � S[n̂]) ~h[n̂ � j ]

!

= 2 �
I � 1X

i =0

(R(i )
ToA [n̂] � S[n̂])

ûX

j = l̂

~h[n̂ � j ] �

 L � 1X

k=0

(R(i )
ToA [j + k]

� S[j + k])(1 + � [j + k]) ~h[k]

!

(2.28)

And �nding the root ( @Plocal=@�[n̂] = 0):

I � 1X

i =0

(R(i )
ToA [n̂] � S[n̂])

ûX

j = l̂

~h[n̂ � j ]

 L � 1X

k=0

(R(i )
ToA [j + k] � S[j + k])

� (1 + � [j + k]) ~h[k]

!

= 0

(2.29)

Now we isolate the terms with� [n̂] in the same manner as forS[n̂], starting by
breaking the casek = n̂ � j out of the summation. We get:
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I � 1X

i =0

(R(i )
ToA [n̂] � S[n̂])

ûX

j = l̂

~h[n̂ � j ]

 
X

k2 [0;L � 1]
k6= n̂� j

(R(i )
ToA [j + k] � S[j + k])

�(1 + � [j + k]) ~h[k]

!

+
I � 1X

i =0

(R(i )
ToA [n̂] � S[n̂])

ûX

j = l̂

~h[n̂ � j ]

 

(R(i )
ToA [n̂] � S[n̂])(1 + � [n̂]) ~h[n̂ � j ]

!

= 0

(2.30)

and now using equation (2.2) and splitting the second summation:

)
I � 1X

i =0

(R(i )
ToA [n̂] � S[n̂])

ûX

j = l̂

~h[n̂ � j ]
X

k2 [0;L � 1]
k6= n̂� j

R(i )
BoA [j + k] ~h[k]

+
I � 1X

i =0

(R(i )
ToA [n̂] � S[n̂])2

ûX

j = l̂

~h[n̂ � j ]2

+ � [n̂]
I � 1X

i =0

(R(i )
ToA [n̂]� S[n̂])2

ûX

j = l̂

~h[n̂ � j ]2 = 0

(2.31)

Rearranging for� [n] and generalizing ton, we obtain:

� [n] =
1

P I � 1
i =0 (R(i )

ToA [n] � S[n])2 P u
j = l

~h[n � j ]2
�

 

�
I � 1X

i =0

(R(i )
ToA [n] � S[n])

uX

j = l

~h[n � j ]
X

k2 [0;L � 1]
k6= n� j

R(i )
BoA [j + k] ~h[k]

�
I � 1X

i =0

(R(i )
ToA [n] � S[n])2

uX

j = l

~h[n � j ]2
!

(2.32)

with l = max( n̂ � L + 1; 0) and u = min( n; N � L). To maintain alignment with
constraints we project this onto the feasible set: (� [n] � 0):

� [n]  max(� [n]; 0) (2.33)
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2.4 Implementation

This sections contains details on kernel selection, initialization, stopping criteria
and batching, for the MACHI implementation made for this thesis. There is also a
pseudo-code outline of the algorithm.

2.4.1 Kernel selection

The choice of convolution kernelh critically in�uences the behavior of the smooth-
ness penalty. It determines the order and locality of the regularization applied to the
estimated BoA re�ectance. Note that no support needs to be de�ned, see section 2.2.
The performance of MACHI was evaluated for the following kernels:5

Operator Kernel Label
First-order forward di�erence [1; � 1] h1

First-order central di�erence [1; 0; � 1] h2

Second-order central di�erence [1; � 2; 1] h3

Third-order central di�erence [1; � 3; 3; � 1] h4

Table 2.1: Selected kernels for evaluation with MACHI.

Without loss of generality (w.l.o.g.), the kernelh is normalized such that:

X

k

jh[k]j = 1 (2.34)

This prevents the scale of the regularization term from depending on the absolute
magnitude of the kernel and ensures comparability across choices.

2.4.2 Parameter initialization

The initial estimate of S[n] is obtained using a simpli�ed DOS [10] strategy. This
is done by �nding the pixel in the image with the lowest total re�ectance over all
bands, and settingS0[n] to the spectrum measured in this pixel. This method gen-
erally assumes that certain regions in the image exhibit near-zero re�ectance (e.g.,
deep water), and that the signal for these dark objects consists entirely of the atmo-
spheric contribution. However this assumption is not as critical when the estimate
is only used for initialization.

The transmissionT[n] is then initialized as:

T0[n] = 1 � S0[n] ) � 0[n] =
1 � (1 � S0[n])

1 � S0[n]
=

S0[n]
1 � S0[n]

(2.35)

The physical interpretation of this initialization of T[n] is simply that all incoming
light that is not scattered (S) is transmitted (T).

5Absolute magnitude does not matter here since the kernel is later normalized. Note also that
h1 is the kernel used in the original MACHI prototype.
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2.4.3 Batching

In order to e�ciently process a large image, a smaller (random) selection of pixels is
made at each iteration (one update for bothS and T). This enables the processing of
the whole image while keeping down the requirements on memory and computation
power for the algorithm. The batch size indicates the number of pixels selected in
each iteration.

2.4.4 Stopping criteria

The optimization is terminated when one of two stopping criteria is met:

1. The algorithm is considered to have converged when the relative change of the
penalty for one update step of bothS and � is below a small threshold� . Note
that the estimate is for a new batch each iteration and the penalty will likely
not converge monotonically.

Pbefore � Pafter

Pbefore
< �

Note that the exact solutions to the optimization in each step should ensure
Pbefore � Pafter .

2. A maximum number of iterations is applied as an emergency break in the case
of slow or no convergence.

2.4.5 Algorithm outline

The following pseudo-code outlines the MACHI algorithm as implemented in this
thesis.
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Algorithm 1 MACHI Atmospheric Correction Algorithm

1: Input: ToA re�ectance R(i )
ToA [n] for pixels i = 0; : : : ; I � 1 and wavelengths

n = 0; : : : ; N � 1
2: Parameters: Kernel h[k], maximum iterations maxIter, tolerance�
3: Initialization:
4: Initialize S0[n]  DOS
5: Initialize � 0[n]  S0[n]=(1 � S0[n])
6: De�ne �ipped kernel ~h[k] = h[L � 1 � k]
7: Normalize kernel~h  ~hP

k
j~h[k]j

8: while iter � maxIter do
9: Create batchR(i )

ToA, batch [n]; i 2 [0; I batch � 1]
10: Calculate total penalty Pbefore

11: Step 1: Update S[n], �xed � [n]
12: for n = 0 to N � 1 do
13: Determine valid local window:

l = max( n � L + 1; 0); u = min( n; N � L)

14: Update S[n] (eq. (2.22))
15: Project onto feasible set (S[n] � R(i )

ToA [n] for all i ):

S[n] = min
�

S[n]; min
i

�
R(i )

ToA [n]
� �

16: end for
17: Step 2: Update � [n], �xed S[n]
18: for n = 1 to N do
19: Determine valid local window:

l = max( n � L + 1; 0); u = min( n; N � L)

20: Update � [n] (eq. (2.32))
21: Project onto feasible set (� [n] � 0):

� [n] = max( � [n]; 0)

22: end for
23: Calculate total penalty Pafter

24: Step 3: Check for convergence
25: if (Pbefore � Pafter )=(Pbefore + Pafter ) < � then
26: break
27: end if
28: end while
29: Output: Estimated atmospheric parametersS[n] and T[n] = 1=(1 + � [n]), and

the retrieved RBoA as RBoA [n] = ( RToA [n] � S[n])(1 + � [n])
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2.5 Algorithm testing

The performance of the algorithm was evaluated for di�erent selections ofh, and
validated on HYPSO-2 images over ground measurement sites. This section con-
tains a description of the necessary pre-processing of the images, the convergence
evaluation and the validation with ground measurements.

2.5.1 HYPSO-2 data pre-processing

The images used for testing the MACHI algorithm contain 653 016 pixels in the
shape (598, 1092). The raw image contains, for each pixel, 120 bands with measured
radiance intensities as Digital Numbers (DN) in the range 0 to 36 855. The data is
cropped to the usable spectral range 430 to 800 nm, and further, the two highest
bands (787.9 nm, 791.3 nm) are removed due to poor data. This leaves 103 bands
in the range 432.6 to 784.5 nm. To avoid the distorted spectra of saturated pixels
and non-linear e�ects when approaching the sensor limit, all pixels where any band
is above 90% of saturation were masked out. The DN values were then converted to
re�ectances using the customhypso Python package [33]. This conversion is based
on equation (1.1).

2.5.2 Convergence analysis

For a convergence test MACHI was run on two captures, Oslo fjord (2025-06-20)
and Chesapeake Bay (2025-02-24), for all kernels (h1-h4) and a selection of batch
sizes (100, 1000, 10000 and 100000). The convergence of the total penalty was
characterized and compared between the batch sizes for all kernels. Then, the �nal
estimates ofS and T are compared between the batch sizes, as well as the retrieved
BoA re�ectance spectra for two pixels, one over land and one over water. Based
on these results a batch size of 1000 is selected as default for the following runs,
providing both a fast convergence and reliable output. All MACHI runs were made
with 16GB RAM on an Apple M2 Pro chip, with � = 10� 2 as convergence threshold.

2.5.3 Validation

The retrieved BoA re�ectance spectra were validated against ground measurements
from Aerosol Robotic Network for Ocean Color (AERONET-OC) [34] on four sites:
�AAOT� (Venice, Italy), �Ariake Tower 2� (Ariake Sea, Japan), Martha's Vineyard
Coastal Observatory - �MVCO� (Massachusetts, USA) and �Section-7 Platform�
(Constanta, Romania). For each site a data pair, i.e. HYPSO capture and corre-
sponding ground measurement, with good temporal alignment was found. The pixel
from the HYPSO capture with pixel coordinates closest to the ground measurement
site was extracted, i.e. the overlapping data.

Water-leaving radiance (Lw) was acquired from the AERONET-OC Level 1.5 data,6

and remote-sensing re�ectances calculated by equation (1.8). The solar spectrum

6Level 1.5 indicate cloud-screened and quality-controlled data.
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was taken from Thuillier et al. (2003) [35], while the solar zenith angle and total
optical depth were obtained from the AERONET-OC data. The total optical depth
was calculated as a sum of individual components as

� = � Rayleigh + � aerosol + � ozone + � NO 2 + � water-vapor (2.36)

The spectra were compared to retrievals from POLYMER [18] for the same cap-
tures, an established AC algorithm for water applications that had been previously
applied to HYPSO satellites. These output were kindly provided by Dr. Vishnu
Perumthuruthil Suseelan.
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3
Results

This chapter contains two sections: �rst, the convergence analysis of MACHI, then
the validation of the corrected re�ectances over AERONET-OC sites.

3.1 Convergence analysis

Figure 3.1 shows an RGB plot of the uncorrected image over the Oslo fjord. There
are 77 228 saturated pixels in the image, which is around 12 % of all pixels. The
distribution of saturation across the bands is seen in Figure 3.2.

Figure 3.1: RGB plot of ToA re�ectance from a HYPSO-2 capture over the Oslo
fjord on 2025-06-20, with saturation mask (black), and pixel locations marked in
turquoise (water) and orange (land).
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Figure 3.2: Number of saturated pixels per band for the HYPSO capture over the
Oslo fjord on 2025-06-20.

The convergence of MACHI on this HYPSO capture over the Oslo fjord can be seen
in Figure 3.3, for kernelsh1-h4 and batch sizes of 100, 1000, 10000, and 100000 pixels.
The measure used for analyzing convergence is the total penalty for the batch. Since
this includes a summation over the pixels, this measure is proportional to the batch
size, so for comparison the penalty is divided with the batch size. This is the value
on the y-axis in the convergence plot. Further, we base the analysis of convergence
rate on the product of iteration count and batch size. This can be seen as a proxy
for number of computations, or similarly the total runtime, as found in Table 3.1.
In the convergence plot, two values are plotted per iteration: the penalty before
and the penalty after the updates ofS and � . Since there is a new batching each
iteration the penalty is not expected to decrease monotonically. Note also that the
penalty is not comparable between kernels since they estimate di�erent properties
of the spectrum.

Batch size h1 h2 h3 h4

100 0.52 1.64 1.79 1.35
1000 4.80 8.87 5.60 8.53
10000 41.83 95.46 3534.07 1083.89
100000 5536.92 12194.06 11517.68 4476.07

Table 3.1: Runtime (in seconds) of MACHI for kernelsh1-h4 and all batch sizes,
over the Oslo fjord.

We can observe that larger batch sizes provide slower but more stable convergence.
The larger batch sizes also seem to show almost monotonic convergence, which can
be a good indication that the algorithm approaches a global optimum, since the
minimization seem to be robust to the batch selection.
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Figure 3.3: Scaled penalty (y-axis) by scaled iteration index (x-axis) for kernels
h1-h4 and all batch sizes, over the Oslo fjord. Note log-scale on x-axis.

The �nal estimates also have similar normalized total penalty (y-axis) for the �-
nal batch, when comparing between the batch sizes, however, a better measure of
the quality of the retrieved BoA spectrum is the total penalty over all pixels. In
Table 3.2 we can see that even this is very similar between the batch sizes. Interest-
ingly, the smallest batch size (100), while displaying a jagged convergence pattern
seems to, with some consistency, converge to a smaller value than the larger batch
sizes.
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Batch size h1 h2 h3 h4

100 1019 1832 403.8 236.8
1000 1011 1862 413.7 241.1
10000 1023 1863 415.9 240.2
100000 1020 1929 416.7 243.0

Table 3.2: Total penalty over all pixels after convergence, for kernelsh1-h4 and the
di�erent batch sizes, over the Oslo fjord.

Let us now look at the �nal estimates ofS and T and the retrieved BoA re�ectance
spectra for the two pixels (land and water) as marked in Figure 3.1. As we can ob-
serve in Figure 3.4, there is a very good alignment of the estimates of atmospheric
parameters between the batch sizes. Apart from batch size 100 deviating some for
kernel h2, it is not possible to see any di�erence in performance.

When instead looking at the retrieved BoA spectra (Figure 3.5) we see that while the
spectra for the land pixel are almost inseparable, there are some minor discrepancies
between the spectra for the water pixel, especially in the lower bands (< 500nm).
The convergence analysis for the HYPSO-2 capture over Chesapeake Bay show sim-
ilar results, but with signi�cant discrepancies in the lower bands (< 600nm) for
the water pixel BoA spectra (Appendix A). For a qualitative analysis of retrieved
spectra from MACHI, see next section (3.2).

When combining the convergence results for the selected batch sizes, a batch size of
1000 seems to provide a good trade-o� between stability, performance and compu-
tational e�ciency, and is therefore used in validation.
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Figure 3.4: Final S and T from MACHI over the Oslo fjord.
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Figure 3.5: Retrieved BoA re�ectance from MACHI for two pixels (land and water)
over the Oslo fjord.
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