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Abstract

The Oxford-Rutherford Appleton Laboratory Retrieval of Aerosol and Cloud (ORAC) algorithm uses
top-of-atmosphere (TOA) radiance data from a primary satellite-based radiometer and the Moderate Res-
olution Imaging Spectrometer (MODIS) to constrain land surface signal and estimate atmospheric aerosol
properties. However, the spectral responses of the radiometers differ; it is shown that this leads to a dif-
ference in measured surface albedo of ∼ 1% between the instruments, which contributes to uncertainty in
the aerosol retrieval. Two methods for reconstructing the true land surface contribution to the primary
spectrometer’s measurement are trialled – one involving singular value decomposition (SVD) analysis, the
other using a multi-layer perceptron (MLP) neural network. It is found that the MLP reconstruction error
is reduced by 61% when trained using a Limited-memory Broyden–Fletcher–Goldfarb–Shanno (LBFGS)
algorithm instead of the canonical Adam optimiser, but that reconstruction using SVD analysis outper-
forms the best-case neural network results by 53%. Despite this, impact of the SVD reconstruction on
ORAC retrieval appears to be negligible.

1 Introduction

Atmospheric aerosols (suspended particles) play an
important role in regulating the Earth’s weather and
climate: directly, by interacting with solar radiation
and indirectly, by causing or altering processes (no-
tably, clouds) that directly interact with solar ra-
diation and the climate system as a whole. They
are among the most significant and most uncertain
drivers of anthropogenic climate change after green-
house gas emissions [1]. Consequently, the measure-
ment and modelling of aerosol properties and dis-
tribution is vital in understanding atmospheric dy-
namics and accurately predicting the weather and
climate [2].

Aerosol properties can be accurately determined
using land-based measurements, however these are
limited in scope: global aerosol measurement from
land-based instruments is highly impractical. Re-
mote sensing enables more versatile, but less ac-
curate, aerosol observation. Satellites measure top-
of-atmosphere (TOA) reflected radiance in discrete
spectral channels – typically at wavelengths where
the atmosphere is relatively transparent, such that
measurements of the Earth’s surface are possible.
The measured radiance in the kth instrumental chan-

nel is

Rk =

∫
I(λ)ψk(λ) dλ (1)

where I is the intensity incident on the spectrometer
as a function of wavelength λ and

∫
dλ ψk(λ) = 1 is

the normalised spectral response function (SRF) of
the k th channel. These measurements can be used to
infer atmospheric properties including aerosol opti-
cal depth (AOD),

τ(λ) = ln
Φi

Φt
(2)

a proxy for the physical quantity of aerosols present
in the atmosphere, where Φi and Φt describe the ra-
diant flux incident on, and transmitted by, the atmo-
spheric column; it is wavelength dependent through
the spectral variation of flux scattering and absorp-
tion.

Oxford-Rutherford Appleton Laboratory Re-
trieval of Aerosol and Cloud (ORAC) is an optimal
estimation retrieval algorithm using satellite mea-
surements and a priori information on the state of
the surface and atmosphere to determine the most
probable characteristics of both. For retrievals over
land, ORAC uses the Moderate Resolution Imaging
Spectrometer (MODIS) MCD43C1 land data prod-
uct as an a priori for the state of the land surface,
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and measurements from the primary satellite – ei-
ther the Advanced Along-Track Satellite Radiome-
ter (AATSR) or Sea and Land Surface Temperature
Radiometer (SLSTR) – are then used to determine
aerosol characteristics.
The spectral response of MODIS differs from ei-

ther of the primary radiometers, leading to a dis-
crepancy between the MODIS land surface a priori
and the land signal in the primary radiometer’s TOA
measurement, which introduces uncertainty into the
aerosol retrieval. Aerosol retrievals over land are
generally less accurate than those over sea [3] due
to the spectral inhomogeneity of land surfaces. Cur-
rently, no adjustment for this discrepancy in spectral
responses is implemented in ORAC, thus a heuristic
for the project aim is: given a land surface measure-
ment by MODIS, how would the same land surface
appear if measured by the primary radiometer?
Designing such a reconstruction algorithm is diffi-

cult, largely because the required dataset (a large
number of identical surfaces measured by the in-
struments of interest) is almost impossible to ob-
tain. The rapid variability of atmospheric and land
conditions means that two satellites never measure
an identical land surface. Sayer et al. [4] instead
simulated the measurement of land surfaces from
different spectral instruments by numerically eval-
uating Eq. 1 for a variety of high-resolution land
surface spectra. They used SVD analysis to identify
dominant correlations in the different instruments’
simulated measurements, and, using these correla-
tions, reconstructed the primary instrument’s true
land measurement from the MODIS measurement,
reducing the error in aerosol retrievals.
Simulated measurements (henceforth: ‘measure-

ments’) of land surface albedo by the primary satel-
lite (AATSR or SLSTR) differ from MODIS mea-
surements on the order of 0.01, Fig. 1. Albedo has a
maximum of 1, so differences in instrumental spec-
tral response account for an error of several percent
in land surface measurements. The magnitude of the
error varies depending on primary instrument and
measurement channel. For instance, in the 0.86 µm
channel, measurements differ less between MODIS
and AATSR than MODIS and SLSTR, as seen in
the steep gradient in Fig. 1. This is explained by
examining Fig. 2: the SLSTR SRF does not fully
overlap with the MODIS SRF in the 0.86 µm band,
leading to differences in the spectral features cap-
tured. The converse is true at 1.6 µm, so AATSR
albedo measurements differ more from MODIS in

Fig. 1: Surface albedo measurements by primary
satellite differ from MODIS measurements

this spectral region.

As Fig. 1 shows, simulated measurements (hence-
forth: ‘measurements’) of land surface albedo by
MODIS differ from measurements by the primary
satellite – AATSR and SLSTR – on the order of 0.01.
Albedo, a measurement of diffuse reflectance of solar
radiation, has a maximum of 1, so differences in in-
strumental spectral response account for an error of
several percent in land surface measurements. The
magnitude of the error varies depending on primary
instrument and measurement channel. For instance,
in the 0.86 µm channel, AATSR measurements dif-
fer less from MODIS than SLSTR measurements,
as seen in the steep gradient in Fig. 1. This is ex-
plained by examining Fig. 2: the SLSTR SRF does
not fully overlap with the MODIS SRF in the 0.86
µm band, leading to differences in the spectral fea-
tures captured. The converse is true at 1.6 µm, and
correspondingly the AATSR albedo measurements
differ more from MODIS in this spectral region.

This work seeks to build on Sayer et al., using
updated and enlarged spectral databases and novel
analytical methods. An outstanding concern for the
authors of the 2012 paper was the presence of gaps
in the surface spectral data used (Dr. A. Sayer, per-
sonal communication, October 20, 2021); this is ex-
plicitly addressed in Section 2.2.

Section 2 describes the instrumental and surface-
spectral data used, and the interpolation used to
prepare data for analysis; Section 3 details the SVD
and neural network methods used in reconstructing
the land measurements; Section 4 examines the ac-
curacy of the reconstructions and their impact on
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Fig. 2: Instrumental spectral response functions; a spectral feature could be measured by AATSR ch. 4, but missed
by MODIS

ORAC retrieval; and an assessment of the work and
suggestions for further development are made in Sec-
tion 5.

2 Datasets

2.1 Spectral Response Functions

In order to simulate the measurement of land sur-
faces, spectral response functions for each of the rel-
evant instruments were required. Where there were
multiple instances of an instrument (MODIS AQUA
and TERRA, SLSTR-A and -B) the data from the
more stable version instrument was used. MODIS
TERRA and SLSTR-A, having historically experi-
enced hardware issues [5], were foregone in favour of
AQUA and SLSTR-B, respectively.

Spectral radiometers measure radiance in a large
number of spectral bands. Aerosols have diameters
≲ 1 µm, so bands centered at 0.56 µm, 0.66 µm,
0.86 µm and 1.6 µm, in which aerosols are visible,
are used in ORAC retrieval. They are designated
channels 1, 2, 3 and 4, respectively (cf. Fig. 2).

As seen in Fig. 2, there is significant variation
between instrumental spectral responses, meaning
that a land surface with a spectral feature at 1.56
µm, for instance, would be measured as having a
different brightness in channel 4 of AATSR com-
pared to MODIS. Information about the spectral
responses of the instruments alone is therefore in-
sufficient to determine how surface measurements
vary between instruments: it is necessary to examine
correlations between surface measurements in differ-
ent channels, the assumption being that there are
correlations within land surface spectra themselves,
which would enable prediction of measurements be-
tween channels.

2.2 Surface Spectra

Land surface spectra were required to represent
the land surfaces signal typically present in aerosol
retrieval. ADAM, ECOSTRESS and USGS [6]
datasets were considered. The latter was selected
for its breadth (comprising over 1,800 entries), high
resolution and variety, with surface spectra in seven
categories. This database is significantly expanded
compared to the spectral databases used Sayer et
al. [6].

From this database, three categories (minerals,
coatings, compounds) were immediately excluded as
they were considered poor representatives of the sur-
faces encountered in satellite measurements. The re-
maining four categories (artificial, liquids, vegeta-
tion and soils) comprised 766 spectra. The USGS
data used were captured in field conditions, mean-
ing that the surface spectra are modulated by the
solar spectrum. However, given that all land sur-
faces measured by satellite radiometers are subject
to the same solar modulation, this was assumed to
be unproblematic.

The large dataset contained multiple variants of
extremely similar surfaces (e.g. 11 spectra of lodge-
pole pine.) The performance of SVD analysis and
neural networks generally depends sensitively on the
datasets used to train them, so this prompted con-
cerns about designing a reconstruction algorithm
that did not adequately represent the Earth’s sur-
face. A 125-spectrum subset of the large dataset was
therefore curated as a more accurate representation
of the Earth’s surface. Where there were multiple
spectra of a single relevant surface, one was cho-
sen at random under the assumption that variation
between spectra was negligible, thereby eliminating
redundancy. Surfaces were selected to represent the
dominant types of Earth’s land cover [7]: 30% of
the selected spectra were tree-covered regions, 22%
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Fig. 3: Interpolation of Aspen spectrum

grassland, 17% terrestrial barren land, 16% shrubs,
11% herbaceous crops, 3% inland water, 1% arti-
ficial surfaces – as determined from the metadata
accompanying the surface spectra.

The large and curated datasets were both used
independently in the reconstruction process, to as-
sess the relative importance of size and diversity
within the training dataset. During algorithm train-
ing (i.e. neural network training and SVD analysis),
one third of the selected dataset was reserved for
validation.

2.3 Data Preparation

To facilitate the numerical convolution of the SRFs
with surface spectra (Eq. 1), all datasets were in-
terpolated onto a grid-spacing matching the highest
resolution dataset (the SLSTR SRF). A simple lin-
ear interpolation procedure was deemed sufficient as
the surface spectra were smoothly varying, e.g Fig.
3.

However, some surface spectra were found to have
gaps, prompting concerns about interpolation from
insufficient data. This was resolved by examining
the spectral position of the gaps relative to the in-
strumental bands: it was found that, in all cases,
the instrument bands fell outside of gaps in surface
spectral (Fig. 4), meaning that the absence of data
did not affect numerical evaluation of Eq. 1, nor,
by extension, conclusions about differences between
instrumental measurements of land surfaces.

The reason for this fortuitous coincidence is likely
that the gaps in spectral data were caused by atmo-
spheric absorption: gaps in the data appeared only
for surfaces that were measured from the air [6], e.g.
manzanita – a type of tree. Consequently, data was
recorded only in those spectral regions where the

Fig. 4: Gaps in surface spectra fall outside spectral
responses of instruments

atmosphere was significantly transparent, which, as
noted above, matches the wavelength bands used by
satellite-based spectrometers.

With all data interpolated onto a homogeneous
grid spacing, Eq. 1 could be evaluated numerically,
yielding a 12xN array containing 12 simulated radi-
ance measurements (3 instruments with 4 channels
each) of N surfaces.

For neural network and SVD analysis, the array
was randomly segmented into a training and testing
portion: the former was used to train the neural net-
work and generate the transformation matrix using
SVD analysis, the latter to validate the reconstruc-
tion method.

3 Methods

3.1 SVD Analysis

Singular value decomposition (SVD) is a
computationally-light method for extracting the
dominant correlations in a set of data, which is use-
ful for our purposes in characterising instrumental
responses to land surfaces.

A real m-by-n matrix M can be factorised as

M = UΣVT (3)

where Σ is a real m-by-n diagonal matrix, and U
and V are orthogonal m-by-m and n-by-n matrices,
respectively. U is the eigendecomposition of the m-
by-m matrix

MMT = UΣVTVΣTUT

= U(ΣΣT )UT
(4)

The elements of MMT are the dot-products of the
rows of M, hence our 12-by-12 correlation matrix
MMT describes correlations between the 12 in-
strumental channels across all of the surfaces mea-
sured. The eigenvectors ui of MMT , which form the
columns of U, provide a basis which describes the
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correlations between the rows of M. Each eigenvalue
σi, contained in the diagonal matrix ΣΣT , describes
the proportion of the variance in M captured by ui.
Hence the eigenvector with the largest eigenvalue
captures most of the variance in M. In this way,
the simultaneous decomposition of measurements in
the instrumental channels enables characterisation
of their responses to land surfaces.

The Python library EOFs was used to extract the
singular vectors for this matrix. In general, all of the
left singular vectors (contained in U) are needed to
provide a complete basis for the matrixM. However,
since the input space is four-dimensional (spanning
the four MODIS channels), the first four singular
vectors form a complete basis for the space.

Projecting the MODIS measurement onto the
first four components of the singular vector, the fi-
nal eight components uniquely specify the expected
AATSR/SLSTR measurement. The measurement
12-vector m, describing a land surface measurement
by each of the three satellites, may be expressed in
the dominant correlation basis ui

m =

4∑
i=0

ci ui (5)

where ci are basis transformation coefficients to be
found. These four unknowns are specified by the four
MODIS elements of the measurement vector, m(m)

m(m) =
4∑

i=0

ci u(m), i (6)

more conveniently expressed in matrix notation

m(m) = U(m) c (7)

where U(m) are the MODIS components of the left
singular vectors. This yields the coefficients

c = U−1
(m) m (8)

which immediately specify the predicted AATSR
and SLSTR measurements, m(a,s) as

m(a,s) = U(a,s) c

= U(a,s) U
−1
(m) m(m)

= Tm(m)

(9)

where T = Ua,s U−1
m encodes the transformation

from MODIS-space to AATSR/SLSTR-space: mul-
tiplying the MODIS measurement m(m) by T yields
the expected results when the primary satellite spec-
trometer measures the same surface. This matrix
was incorporated into the ORAC algorithm by Dr.

Povey, enabling assessment of its impact on retrieval,
detailed in Section 4.4.

3.2 Neural Networks

A multilayer perceptron (MLP) – a simple type of
neural network – was used as an alternative method
for reconstructing primary instrument surface sig-
nals from MODIS measurements.

The MLP was built with a single hidden layer,
Fig. 5, using Scikit-learn. Each node in the network
takes at least one input and returns an output de-
termined by the activation function. The network’s
reconstruction of a surface measurement in the kth

primary-radiometer channel is defined by the func-
tion

Fk(x) =
N∑
i

ϕ(wi,k · x+ bi,k) (10)

where the summation is over the N hidden nodes, x
is the MODIS measurement four-vector, ϕ(x) is the
activation function and {wi,k, bi,k} are parameters
to be found, such that the predictions of the network
are optimised.

The behaviour of the neural network is deter-
mined by the weights and biases on each input,
{wi,k, bi,k}. During training, a cost function quanti-
fying the error in the neural network’s predictions for
the entire training dataset is minimised with respect
to the node weights: in our case, an 800-parameter
optimisation problem. This is done iteratively, with
each evaluation of the cost function and adjustment
of the network weights termed an ‘epoch’, until the
cost function converges at a local minimum of the
weight-space.

Due to the non-linearity introduced by the activa-
tion function, the action of the MLP is more general
than that of the linear SVD-based reconstruction. In
fact, the universal approximation theorem [8] states
that Eq. 10 can approximate any continuous func-
tion arbitrarily well, which implied that a single-
layer MLP was sufficient. It was hoped that the MLP
could provide a higher-precision reconstruction than
the SVD method while using an identical dataset.

The challenge, of course, is that the function being
approximated – which maps MODIS surface mea-
surements to primary instrument surface signal –
is not known, so the predictive power of the net-
work is highly dependent on the size of the training
dataset available. Moreover, the universal approxi-
mation theorem places no constraints on the size of
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Fig. 5: Neural network taking measurements from four
MODIS channels, returning predictions for the four

AATSR channels

the hidden layer, which could be very large and thus
computationally impractical.

Two methods for optimising the weights were tri-
alled here: Adam, a stochastic gradient-based
optimiser and the Limited-memory Broy-
den–Fletcher–Goldfarb–Shanno (LBFGS) algo-
rithm, a quasi-Newtonian iterative optimisation
method. Adam is commonly used for weight op-
timisation as it is computationally efficient and
scales well to problems with large volumes of data.
However, given that the datasets in this project
are relatively small (<1000 entries), LBFGS was
trialled as an alternative.

4 Results

4.1 SVD Analysis

The matrix transforming MODIS measurements to
primary spectrometer measurements (Eq. 9) was ap-
proximately diagonal, Fig. 6. This was to be ex-
pected: there is significant overlap between the SRFs
of different instruments in corresponding channels
(Fig. 2), meaning that a measurement of a surface
in channel i is the main predictor of the outcome
of a measurement of that surface in channel i of a
different instrument.


0.97 0.03 −0.0006 0.01
0.03 0.98 −0.01 0.02

−0.002 −0.005 1.01 −0.03
0.005 −0.005 0.004 1.0


Fig. 6: Matrix describing SVD-based transformation

from MODIS measurement to SLSTR

The most significant off-diagonal terms are adja-
cent to the diagonal terms – the MODIS channel
1 measurement is predictive of the measurement in
SLSTR channel 2. This suggests that spectral fea-
tures are spectrally localised: the presence of a spec-
tral feature in instrumental channel i is correlated
with its presence in channel i±1.

Reconstruction error in channel k was defined as

ϵk = Rk −Rk,m (11)

where Rk is the true radiance measurement in chan-
nel k by the primary radiometer and Rk,m is the
prediction of that measurement outcome from the
MODIS measurements; dividing this by Rk gives the
fractional error. This metric was used in assessing
the performance of both the SVD and MLP recon-
stuctions.

Mean fractional reconstruction error was no
greater than 2% in any band, and measurements
in corresponding bands for the primary instruments
were reconstructed with similar accuracy (Fig. 7,
hence further analysis of the SVD-reconstruction
is restricted to SLSTR as this is representative of
AATSR.

The intention of the reconstruction was to reduce
the discrepancy between the MODIS albedo mea-
surement and the albedo measurement performed
by the primary satellite. This was successful for
SVD reconstructions using both the curated and
large datasets: the majority of measurements fall
below the y = x line – the locus of measurements
for which reconstruction made no difference. In the
curated case, the mean albedo difference across all
SLSTR channels was reduced by 99.9%; for the large
dataset, by 52%. This is indicative of the impor-
tance of dataset curation, however a larger valida-

Fig. 7: Comparison of SVD reconstruction error between
instrumental channels; outliers ommitted
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(a) Curated SVD validated on 32 spectra (b) Large SVD validated on 192 spectra

Fig. 8: Comparison of difference between original MODIS and SLSTR albedo measurements, and SLSTR
reconstruction error

tion dataset is needed before robust conclusions can
be drawn.

The greatest adjustment in albedo occurred in
those channels where overlap between the SRF of the
primary instrument and MODIS was small, Fig. 9.
The magnitude of the alteration was largest in chan-
nels 2, 3 and 4, where there are significant differences
between the MODIS and SLSTR SRFs, and negligi-
ble in channel 1, where they overlap.

The SVD reconstruction algorithm developed here
using the large dataset was tested against the ex-
isting SVD reconstruction algorithm developed by
Sayer et al. [4] by validating both on the 192-surface
spectrum dataset. The algorithm presented here was
found to reduce the magnitude of the fractional re-
construction error across all channels by 46% com-
pared to the existing one, Fig. 10.

The superior performance of the updated SVD
algorithm may be explained by the use of a train-
ing spectral dataset over three times larger than the

one used by Sayer et al. The performance may have
been helped by the fact that, although the validation
dataset was ‘unseen’ in training, it originated from
the same spectral library as the one used to train
the updated algorithm. Given more time, it would
be illuminating to validate the algorithms against an
entirely independent spectral library, to ensure that
the improved performance seen here indicates the al-
gorithms’ ability to reconstruct radiometer measure-
ments, rather than merely identify incidental char-
acteristics of the spectral library used in training.

4.2 Neural Network

As discussed in Section 3.2, the MLP was trained
on either the large or curated training dataset, using
either Adam or LBFGS for weight optimisation.

A preliminary analysis showed that a 100-node
hidden layer minimised mean reconstruction error
(Eq. 11) across 192 surface spectra, Fig. 11. The
choice of activation function was found to have a

Fig. 9: MODIS albedo adjustment when reconstructing SLSTR measurement using curated SVD over Sudan on
February 19th, 2022
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Fig. 10: Comparison of fractional error in AATSR
reconstruction of 192 surface by the algorithm designed
by Sayer et al. against the algorithm presented here

negligible impact on performance. The rectified lin-
ear unit activation function ϕ(x) = max(0, x) was
preferred to tanh and logistic functions for its com-
putational efficiency.

As with the SVD analysis, performance varied lit-
tle across instrumental channels, so discussion is re-
stricted to a single SLSTR channel. Fig. 12 shows
the outcome of validation against the testing batch
of the selected dataset, where the curated recon-
struction was validated against 32 spectra, the large
dataset against 192.

The network optimised using Adam was visibly
dependent on the size of the training dataset used;
the LBFGS-optimised network saw a more modest
reduction in mean reconstruction error of 27%. Dur-
ing training, network parameters converged in < 20
epochs when optimised using LBFGS and< 60 using
Adam, suggesting that the former is better suited to
smaller datasets. The mean fractional reconstruction
error was 61% lower for the large-dataset LBFGS

Fig. 11: Minimum reconstruction error obtained for
MLP with 100 nodes in the hidden layer; SLSTR

channel 1, mean for 192 surface spectra

Fig. 12: Comparison of neural network reconstructions
for SLSTR channel 1; outliers omitted.

neural network than for best-case reconstruction by
the Adam-optimised one, further supporting this
conclusion.
One possible explanation is that LBFGS estimates

the curvature of the parameter space by evaluating
the Hessian; Adam, by contrast, uses as first-order
approximation to the Hessian. The full calculation
of the Hessian means that LBFGS scales poorly to
large datasets compared to Adam. For large datasets
(> 10, 000 points), Adam is expected to outperform
LBFGS, but for the purposes of enquiries of the sort
conducted here, where datasets of this size are chal-
lenging to obtain, LBFGS is likely to remain the
preferred optimisation method.

4.3 Comparison of SVD and Neural Net-
work Reconstruction

When trained on the large dataset using the LBFGS-
algorithm, the neural network’s performance ap-
proached that of the SVD reconstruction, but failed
to surpass it: comparing best-case performances of
both methods, mean SVD reconstruction error was
53% lower, and consistently had a tighter distribu-
tion around a median of zero, as seen in Fig. 13.
This is also indicated by the fact that SVD-based
reconstructions typically fall below the y = x line in
Fig. 14, i.e. reconstructed SLSTR measurement val-
ues are closer to the true SLSTR measurement than
the unreconstructed MODIS measurements were;
the converse is true for the neural network recon-
struction.
As noted in Section 3.2, the main challenge faced

by a neural network is the approximation of a func-
tion that is not known. The larger the training
dataset, the better this approximation becomes, as
indicated by the improvement in MLP reconstruc-
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Fig. 13: Reconstruction of SLSTR channel 1 by neural
network and SVD, trained on large dataset

Fig. 14: Comparison of SLSTR Ch. 1 error before and
after reconstruction for SVD and neural network

tion for the large training dataset. By contrast, the
performance of the SVD reconstruction remained
fairly constant with dataset size, suggesting that
given a sufficiently large dataset, the neural network
would outperform the SVD reconstruction.

4.4 Impact of Reconstruction on ORAC
Retrieval

Despite the accurate reconstruction of test spectra
in the validation stage, the SVD-generated transfor-
mation matrix failed to reduce the error in aerosol
retrieval, Fig. 15. Retrieval error was defined as the
difference between the ground-based measurement
of aerosol optical depth (Eq. 2) by AERONET and
the average of all ORAC AOD retrievals within a
15km radius of the ground-based instrument; it was
assumed that AOD varies little over this length-
scale.

Fig. 15: Mean change in aerosol retrieval error for
AATSR and SLSTR across ∼ 20 retrievals when SVD

reconstruction used

ORAC retrievals using SLSTR measurements
were more strongly affected by surface-signal trans-
formation than those using AATSR, as seen in the
greater SLSTR variance of Fig. 15. This may sug-
gest that SLSTR retrieval is more sensitive to the
land surface a priori. However, to draw definitive
conclusions, more ORAC retrievals need to be run.
The curated dataset marginally outperformed the

larger dataset, reducing the retrieval error by a mean
value of 0.4%, while in the latter case, the mean
error increased by 4% compared to unaltered re-
trieval across all instruments and channels; by con-
trast, the Sayer et al. reconstruction reduced this er-
ror by ∼ 3% for AATSR [4]. This suggests that the
spectral dataset used here did not adequately repre-
sent the land surfaces encountered by the satellite-
based radiometers, with certain (in particular, arti-
ficial) surfaces strongly over-represented, relative to
their commonality on Earth; a diversification of the
spectra used would improve future investigations. It
would also be interesting to revisit assumption that
AOD varies little over a 15km radius, by examining
how these results change if the distance over which
ORAC retrievals are averaged is adjusted.
Due to the scope of the project and the techni-

cal complexity of implementing a neural network in
the main ORAC algorithm, it was not possible to
directly assess the neural network’s effect on aerosol
retrieval.

5 Conclusion

The difference in the spectral responses of spectrom-
eters used in aerosol retrieval is a source of uncer-
tainty in the retrieval of aerosol properties. Here,
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SVD and neural network methods were trialled in
an attempt to reduce this error.
The new SVD algorithm outperformed the algo-

rithm designed by Sayer et al. in validation, but
its impact on ORAC retrieval was poor. One possi-
ble explanation is that the curated training dataset
used was smaller, after segmentation into testing and
training data, than that of Sayer et al, while the
larger training dataset, which exceeded the one used
in the Sayer paper, failed to accurately represent the
Earth’s surface due to redundancy in the data and
inclusion of surfaces that are not representative of
the land captured by the satellites.
Although the MLP underperformed the SVD re-

construction here, it has shown its promise as a
method for reconstructing land surface measure-
ments between instruments. Both the LBFGS- and
Adam-optimised networks benefited from a larger
training dataset, suggesting that, given a sufficiently
large training dataset, they would outperform the
SVD reconstruction.
The superior performance of the curated SVD

during ORAC retrieval indicates the importance of
accurately representing the Earth’s surface in the
training dataset. The surface spectra used here were
failed to represent the Earth’s surface in part be-
cause each contained spectral data from only one
surface type. In reality, numerous types of land cover
may be present in a single satellite surface measure-
ment. This could be simulated most simply by super-
posing one or more spectra from the existing dataset.
By adjusting the relative weights of the superposed
spectra, an arbitrarily large number of example sur-
face spectra could, in principle, be generated [4]. It
remains to be seen whether the resulting spectra
would be sufficiently diverse to improve the recon-
struction algorithms. Given more time, it would be
illuminating to implement the neural network recon-
struction into ORAC retrievals.
In addition to an expansion of training datasets,

there is scope for significant development of neu-
ral network reconstruction methods. Here, the MLP
was used as a fitting algorithm, however neural net-
works are commonly used in computer vision ap-
plications to identify patterns in an image. The
ability to handle a large number of inputs in a
versatile manner sets neural networks apart from
SVD methods. In the real land scenes captured
by satellite radiometers, pixels have additional in-
formation in the form of spatial context: neigh-
bouring pixels are generally correlated, since terrain

types are roughly continuous. This information was
not utilised in this study, since training and recon-
struction are done on a pixel-by-pixel basis, rather
than treating them together as an image. Moreover,
the MODIS MCD43C1 surface albedo data product
used in ORAC is time-varying. A neural network
taking a time-series of MODIS land scenes as an
input would benefit from spatiotemporal context,
which would improve the neural network’s predic-
tions.
Finally, there is scope for utilising the neural net-

work in combination with SVD analysis by using an
SVD reconstruction to preprocess data, aiding con-
vergence on optimal network parameters. In short,
neural networks remain a promising method for con-
straining land signal in aerosol retrievals.
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