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Abstract. In this work, the radiometric cross-calibration 

of low-cost multi/hyperspectral sensors for UAV remote 
sensing applications with consideration of sun-sensor 
geometry effects is investigated. First, the standard 
BRDF model is used to deduce the radiometric 
correction factors associated to the sun-sensor 
geometry. Then, the LRM model is used to calibrate the 
hyperspectral measurements from the corrected 
multispectral ones. In order to test this methodology, an 
agriculture-type UAV with integrated multispectral 
camera and a point micro-spectrometer are used. 
Results of the corrected irradiance based calibration in a 
set of four reference targets under clear sky conditions 
show a reduction of up to 1:3 in the mean absolute 
reflectance estimation error (MAE) with respect to the 
reflectance based calibration without 
irradiance normalization. 

Keywords. UAV, remote sensing, multispectral, 

hyperspectral, sun-sensor geometry, cross-calibration, 
reflectance, workflow. 

1 Introduction 

Consistent and accessible radiometric correction 
methods are fundamental for the development and 
adoption of new remote sensing applications using 
spectral sensors on board Unmanned Aerial 
Vehicles (UAVs), such as smart agriculture (Iqbal 
et al., 2018), mineral exploration (Jakob et al., 
2017) and environmental monitoring (Manfreda 
et al., 2018), among others. In the last years, 
several methods for radiometric correction 
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applicable to remote sensing using UAVs have 
been proposed (Li et al., 2015; Aasen et al., 2018; 
Hakala et al., 2018; Guo et al., 2019; Daniels et al., 
2023). Generally, the goal of the calibration 
process is to estimate the reflectance of an 
observed surface, since it is a physical parameter 
independent of the illumination intensity (Peddle 
et al., 2001). It can be used to create high spatio-
temporal resolution maps enhanced with spectral 
information, such as spectral indices associated to 
biophysical or physicochemical parameters 
(Cohen et al., 2019). Nevertheless, reflectance 
estimation is prone to instrumental and 
atmospheric related errors (Burkart et al., 2014; 
Köppl et al., 2021). According to the Bidirectional 
Reflectance Distribution Function model (BRDF) 
proposed by Nicodemus in 1977, reflectance of a 
surface is a function of the observation angle, thus, 
a lot of research has been focused on reflectance 
estimation by considering angular effects such as 
sensor tilting (Burkart et al., 2015; Köppl et al., 
2021), sun-sensor geometry (Roosjen et al., 2017; 
Jafarbiglu et al., 2023) and terrain topography (Yu 
et al., 2024).  

A single spectral sensor is unable to capture all 
the ranges of spectral information, hence sensor 
cross-calibration is used to combine spectral 
measurements of different scales into common 
units to harness the spatio-temporal resolution, 
spectral range or field of view of different spectral 
sensors (Li et al., 2024). Recently, the 
miniaturization of hyperspectral sensors has 
opened a new field for the development of high 
throughput spectrometry on board UAVs (Burkart 
et al., 2014; Adão et al., 2017; Aasen et al., 2018; 
Köppl et al., 2021). Particularly, fusion of 
multispectral (MS) and hyperspectral (HS) imaging 
has been mainly reported in the literature (Yokoya 
et al., 2017; Brezini et al., 2023; Samadzadegan 
et al., 2025). However, literature on cross-
calibration of multispectral imagers and low cost 
point spectrometers is scarce (Zeng et al., 2017; 
Natesan et al., 2018).  

Radiometric correction workflows for UAVs 
remote sensing can be reflectance, irradiance or 
radiance based (Chen et al., 2021). The first 
requires synchronous reflectance measurements 
from reference panels on ground and the 
introduction of atmospheric parameters to the 
radiative model in order to obtain the radiance to 

reflectance calibration curve at sensor level under 
the low aerosol loading assumption. Irradiance 
based method improves the reflectance method by 
adding synchronous ground level irradiance 
measurements for the computation of the diffuse to 
global ratio, reducing its sensibility to the aerosol 
loading. The radiance based workflow requires the 
use of a laboratory calibrated spectroradiometer 
for absolute radiance measurements at the UAV 
level under the same viewing conditions of the 
uncalibrated sensor (Chen et al., 2021).  

The implementation of the all the 
aforementioned workflows is logistically and 
technically complex due to the requirement of 
synchronous measurements on the ground and 
and in the air: the quantity of reference panels 
necessary to cover the spectral range or the 
extension of the study area can be limited, a gold 
standard field spectroradiometer is a sophisticated 
equipment whose cost may be prohibitive, the use 
of a low cost spectrometer for absolute radiance 
measurements require complex laboratory 
calibration methods that can be invalidated by 
optical system changes (Ocean Optics Inc., 2007). 
Therefore, calibration data is often taken only at 
the start and at the end of the flight mission (Olsson 
et al., 2021). In other cases, the use of reference 
panels is avoided and substituted by reflectance 
factors computed from on board irradiance sensors 
(Cubero-Castan et al., 2018; Hakala et al., 2018; 
Schneider-Zapp et al., 2019). By the other hand, 
the radiometric correction process developed by 
(Micasense, 2017) is a workflow developed for the 
industry, with combined features of the three types 
of workflows, harnessing the UAV integrated 
navigation sensors and enabling advanced users 
to implement their own workflows. 

In remote sensing applications on board UAVs 
where the sun is used as light source, the sun-
sensor geometry is an important influencing factor 
on reflectance estimation and its derived products 
such as the spectral indices (Burkart et al., 2015; 
Jafarbiglu et al., 2023; Wang et al., 2023). Several 
authors have addressed the issue of variation of 
spectral indices with changing illumination 
conditions by its evaluation and selection 
according to its robustness in specific applications 
(Stow et al., 2019)(Sun et al., 2021) or by 
designing ad hoc spectral indices (Graham et al., 
2022). Nevertheless, the integration of the sun-
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sensor geometry to the workflow will systematically 
improve the reflectance estimation through 
radiometric correction factors for estimating, for 
instance, the at-surface sun irradiance (Köppl 
et al., 2021; Micasense, 2022).  

In (Zeng et al., 2017) a method to simulate HS 
imaging by fusion of MS imagery and HS spectral 
data from a spectrometer is proposed. There, 
reflectance is estimated as a reflectance factor with 
respect to a blank reference before and after the 
flight and the spatio-temporal alignment is made by 
optimizing the intensity correlation between the MS 
and HS data. The resulting data fusion with an R2 
from 0.72 to 0.95 and MAE of 17% was used to 
estimate a narrowband vegetation index. In 
(Natesan et al., 2018), RGB images and 
spectrometer data were used for classification of 
different land cover elements. Instead of estimating 
reflectance, the authors used a laboratory 
calibrated spectrometer in spectral exposure units 
(Jm-2nm-2).  

The classification allowed to generate a 
segmentation map by land cover types with an 
accuracy of 50 to 78%. By the other hand, in (Köppl 
et al., 2021) a laboratory calibrated hyperspectral 
camera and downwelling light sensor (DLS) on 
board a UAV are used to estimate surface 
reflectance with irradiance correction associated to 
sensor tilting due to UAV displacement and 
estimation of the diffuse fraction due to intermitent 

clouds. Variations in the irradiance caused by 
different types of movements of the UAV were 
reduced up to71 and 87%, significantly lowering 
the striping effect in the HS reflectance 
factor maps. 

In this article, an extension of the Micasense 
radiometric correction workflow (Micasense, 2022) 
is proposed by applying it to the cross-calibration 
of the Parrot Sequoia+ multispectral imager (Parrot 
Group, SA, Paris, FR) and the Oceanoptics STS-
VIS hyperspectral point spectrometer (Ocean 
Optics, Inc, Orlando, FL, US).  

Additionally, the sun-sensor geometry 
correction equations of this setup are derived in 
relation to the BRDF model in order to contribute 
to the general understanding of the radiometric 
correction process including the sun-sensor 
geometry. The aim of this implementation is to 
contribute to the diversification of UAV remote 
sensing applications by using low cost 
multispectral and hyperspectral sensors.  

This article is developed as follows. In Section 
1 the importance of radiometric calibration for UAV 
based remote sensing applications and some 
related issues are described. Also some 
background on reflectance estimation workflows 
reported in the literature is presented in relation to 
the cross-calibration of MS and HS data with 
consideration of sun-sensor geometry effects. In 
Section 2 the preliminary methods and the 
derivation of the reflectance calibration equations 
are given. Also, the experimental setup and the 
radiometric correction workflow are described. In 
section 3 the results of reflectance cross-
calibration are presented and discussed. Finally, in 
Section 4 the conclusions on this work and actual 
contributions for future research are given. 

2 Methods and Experimental Setup 

2.1 BRDF Model 

Reflectance is an adimensional quantity in the 
range [0,1], defined as the ratio of the radiant 
excitance M (W∙m-2) and the irradiance E (W∙m-2) 
at a surface (Schaepman-Strub et al., 2006). 
Reflectance modeling start from the standard 
BRDF function, denoted by  fR in Eq. (1) (Horn 
et al., 1979): 

 

Fig. 1. BRDF model (redrawn from (Horn et al., 1979)) 
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𝑓𝑅(𝜃𝑖 , 𝜑𝑖; 𝜃𝑟 , 𝜑𝑟) =
𝑑𝐿𝑟(𝜃𝑖,𝜙𝑖;𝜃𝑟,𝜙𝑟)

𝑑𝐸𝑖(𝜃𝑖,𝜑𝑖)
[sr − 1]. (1) 

where 𝑑𝐿𝑟 [W∙m−2∙sr−1] is the radiance of the beam 

reflected by the surface S in the direction (r, r) 

through the infinitesimal solid angle 𝑑𝜔𝑟 and 𝑑𝐸𝑖 is 
the irradiance on the surface due to the source 

beam of radiance 𝐿𝑖 incident in the direction (i, i) 

through the infinitesimal solid angle id
. If the 

notation 𝑑𝛺 is used for te projection of the solid 

angle 𝑑𝜔 on the surface normal, then 𝑑𝛺𝑟 =
𝑑𝜔𝑟 𝑐𝑜𝑠 𝜃𝑟 and the radiant excitance of the surface 

𝑆 can be calculated from 𝐿𝑟as (Horn et al., 1979): 

𝑀 = ∫ 𝐿𝑟𝑑𝛺𝑟𝛺𝑟
= ∫ ∫ 𝐿𝑟(𝜃𝑟, 𝜑𝑟) 𝑐𝑜𝑠 𝜃𝑟 𝑠𝑖𝑛 𝜃𝑟 𝑑𝜃𝑟𝑑𝜑𝑟

𝜋 2⁄

0

𝜋

−𝜋
=

𝐿𝑟(𝜃𝑟, 𝜑𝑟)𝜋  [W∙m-2]. 
(2) 

If S is a Lambertian (i.e., a perfectly diffuse and 

lossless) surface, then 𝐿𝑟 will be isotropic (i.e., 

equal in all directions), 𝐸𝑖 will be equal to M and 
the following relation will be hold (Horn 
et al., 1979): 

𝑓𝑟(𝐿𝑎𝑚𝑏𝑒𝑟𝑡) =
𝐿𝑟

𝐸𝑖
=

𝐿𝑟

𝑀
=

1

𝜋
 [sr-1]. (3) 

Where 𝐿𝑟 can be calculated from Li using the 
next alternative form of the Lambert’s cosine law 
(Horn et al., 1979): 

𝐿𝑟 =
1

𝜋
∫ 𝐿𝑖(𝜃𝑖 , 𝜑𝑖) 𝑐𝑜𝑠 𝜃𝑖 𝑑𝜔𝑖𝜔𝑖

 [W∙m-2∙sr-1]. (4) 

2.2 Sun-Sensor Geometry Based 
Reflectance Correction  

Next, the irradiance correction factors used in the 
Micasense Image Processing© software (AgEagle 
Aerial Systems, Inc, Seattle, WA, US) (MIP) will be 
derived from the sun-sensor geometry of Fig. 2 and 
put into the context of the BRDF model in order to 
estimate the at-surface reflectance. In the MIP 
setup, it is assumed that there are two 
multispectral sensors on board the UAV: one 
imaging sensor pointing to the surface and one 
downwelling irradiance light sensor (DLS) pointing 
up in an ideally opposite direction to the imaging 
sensor. If the orientation of the sun and the DLS 
sensor are given by the vectors 𝑛̂𝑠𝑢𝑛 and 𝑛̂𝑠𝑒𝑛𝑠𝑜𝑟, 

respectively, the sun-sensor angle, 𝜃𝑠𝑠, will be 
given by:  

𝜃𝑠𝑠 = 𝑎𝑟𝑐𝑐𝑜𝑠( 𝑛̂𝑠𝑢𝑛 ⋅ 𝑛̂𝑠𝑒𝑛𝑠𝑜𝑟). (5) 

where (⋅)denote the dot product. By using the 

notation 𝑐(⋅) = 𝑐𝑜𝑠( ⋅) and 𝑠(⋅) = 𝑠𝑖𝑛( ⋅), the 𝑛̂𝑠𝑢𝑛 

vector can be expressed in NED coordinates from 
the solar azimuth (𝜙𝑖) and elevation (𝜃𝑒) angles as 
(Micasense, 2017):  

𝑛̂𝑠𝑢𝑛 = [

𝑐𝜙𝑖
𝑐𝜃𝑒

𝑠𝜙𝑖
𝑐𝜃𝑒

−𝑠𝜃𝑒

]. (6) 

Thus, the 𝑛̂𝑠𝑒𝑛𝑠𝑜𝑟 vector in NED coordinates can 
be obtained from the roll-pitch-yaw 𝑋𝑌𝑍 angles 

(𝜙, 𝜃, 𝜓) of an Inertial Measurement Unit (IMU) 
plus north reference attached to the DLS sensor 
frame on board the UAV as (Micasense, 2017):  

𝑛̂𝑠𝑒𝑛𝑠𝑜𝑟 = 𝑅𝑍𝑌𝑋(−𝜓,−𝜃,−𝜙)𝑛̂𝑠𝑒𝑛𝑠𝑜𝑟−𝑈𝐴𝑉 . (7) 

Where ZYXR
 is the matrix of successive 

rotations around the Z, Y and X axes and 
𝑛̂𝑠𝑒𝑛𝑠𝑜𝑟−𝑈𝐴𝑉 = [0 0 −1]𝑇 defines the orientation 
vector of the DLS sensor relative to the UAV 
reference frame.  

At the ground level, the global hemispherical 
irradiance that incides on a horizontal surface can 
be expressed as (Kosmopoulos, 2024):  

𝐸𝑖 = 𝐸𝑖
𝑑𝑖𝑟 𝑠𝑖𝑛 𝜃𝑒 + 𝐸𝑖

𝑑𝑖𝑓𝑓
. (8)

 

Where 𝑘𝑎𝑟𝑏
𝑖𝑟𝑟  is a conversion factor from 𝐼𝑑𝑙𝑠 units 

to physical units of irradiance. Assuming that 𝐸𝑖
𝑑𝑖𝑓𝑓

 

is isotropic, i.e., incident angle independent and 

 

Fig. 2. Sun-sensor geometry in NED (North-East-

Down) coordinates 
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that 𝐿𝑟
𝑠𝑒𝑛𝑠𝑜𝑟 is the Lambertian surface radiance 

measured by the imaging sensor in arbitrary units 

homogeneous () to W∙m−2∙sr−1 within an 
unknown solid angle, 𝛺𝑟, then the excitance of the 
surface can be computed as: 

𝑀 = 𝜋𝐿𝑟 = 𝑘𝑟𝑎𝑑,𝑎𝑟𝑏
𝑒𝑥𝑐 𝐿𝑟

𝑠𝑒𝑛𝑠𝑜𝑟 . (10)
 

where 𝑘𝑟𝑎𝑑,𝑎𝑟𝑏
𝑒𝑥𝑐  is a conversion factor from arbirary 

units of 𝐿𝑟
𝑠𝑒𝑛𝑠𝑜𝑟to physical units of excitance, 

passing through the process of integration within 
the FOV of the imaging sensor. Finally, the 
reflectance of a target in the band 𝛬 can be 
computed in terms of the sun-sensor geometry as 
(cf.) (Micasense, 2017; Domenzain et al., 2018):  

𝜌
𝑡𝑎𝑟𝑔𝑒𝑡(𝜃𝑠𝑠, 𝜃𝑒 , 𝜅, 𝛬)

=
1

𝑘𝛺(𝛬)

(𝑐𝑜𝑠 𝜃𝑠𝑠 + 𝜅)

(𝑠𝑖𝑛 𝜃𝑒 + 𝜅)

𝐿𝑟
𝑠𝑒𝑛𝑠𝑜𝑟(𝛬)

𝐼𝑑𝑙𝑠(𝛬)
, 

(11)
 

where the geometric factor 𝑘𝛺(𝛬) = 𝑘𝑎𝑟𝑏
𝑖𝑟𝑟 (𝛬)/

𝑘𝑟𝑎𝑑,𝑎𝑟𝑏
𝑒𝑥𝑐 (𝛬) can be estimated from a Lambertian 

reference panel of known reflectance in the band 

𝛬, 𝑅𝑟𝑒𝑓
𝑡𝑎𝑟𝑔𝑒𝑡,𝐿𝑎𝑚𝑏𝑒𝑟𝑡

(𝛬) by: 

𝑘̃𝛺(𝛬) =
𝑘𝛺(𝛬)𝜌

𝑡𝑎𝑟𝑔𝑒𝑡,𝐿𝑎𝑚𝑏𝑒𝑟𝑡(𝜃𝑠𝑠 , 𝜃𝑒 , 𝜅, 𝛬)

𝑅𝑟𝑒𝑓
𝑡𝑎𝑟𝑔𝑒𝑡,𝐿𝑎𝑚𝑏𝑒𝑟𝑡(𝛬)

. (12) 

2.3 Multispectral-Hyperspectral Reflectance 
Cross-Calibration Setup 

The experimental setup is depicted in Fig. 3. The 
UAV is a Parrot Bluegrass (Parrot Group, SA, 
Paris, FR), with factory integration of a Parrot 
Sequoia multispectral imaging sensor and a Parrot 
Sunshine irradiance sensor pointing up in opposite 
direction to the Sequoia sensor.  

The Sunshine sensor includes an IMU with 
magnetometer and a GPS (Global Positioning 
Sytem) unit, necessary for the computation of 𝜃𝑒 
and 𝜃𝑠𝑠 in equations 6 and 7. The hyperspectral 
sensor is an Ocean Optics STS-VIS (Ocean 

Table 1. Specifications of the multispectral/hyperspectral cross-calibration experimental setup components 

Component Characteristic Specification 

UAV 
Wireless link type 

(frequencies) 
Wi-Fi 802.11a/b/g/n (2,4-5,8 GHz) 

Parrot Sequoia+ 
Multispectral band (center 
wavelength / bandpass) 

Green (GRE) (550 nm / 40 nm) 
Red (RED) (660 nm / 40 nm) 

Red edge (REG) (735 nm / 10 nm) 
Near Infrared (NIR) (790 nm / 40 nm) 

Parrot Sunshine Sensor type (wavelengths) DLS (same as Sequoia+) 

Airinov MS panel 
Multispectral bands 

(reflectance) 

GRE (18.9%) 
RED (20.1%) 
REG (22.7%) 

NIR (26%) 

Ocean Optics STS-VIS 
Band (Wavelengths) / 

resolution 
Visible (336-824 nm) / 1.5 nm 

 

Fig. 3. Multi/hyperspectral cross-calibration setup 

Computación y Sistemas, Vol. 29, No. 4, 2025, pp. 2139–2150
doi: 10.13053/CyS-29-4-6108

Radiometric Cross-Calibration of Low-Cost Multispectral and Hyperspectral Sensors ... 2143

ISSN 2007-9737



 

Optics, Inc, Orlando, FL, US) spectrometer 
pointing proximaly to the ground target in order to 
avoid spectral mixing.  

The reference target is an Airnov multispectral 
calibration panel (Airinov, Paris, FR) with diffuse 
reflectance in the same bands as the Sequoia 
sensor. The specifications of the aforementioned 
elements are presented in Table 1.  

2.4 Multispectral-Hyperspectral Reflectance 
Cross-Calibration Workflow 

The calibration process is based on the Micasense 
image processing workflow (Micasense, 2022) and 
the Micasense Image Processing© software 
(AgEagle Aerial Systems, Inc, Seattle, WA, US) 
(MIP), originally written for the RedEdge and Altum 

 

Fig. 4. Extension of the Micasense workflow to Multispectral/Hyperspectral cross-calibration 

 

Fig. 5. Raw GREEN band image of the calibration targets in viridis false color with superimposed north arrow and target 
labels: (1) Airinov calibration panel, (2) Alocasia leaf (3) 75 g/m2 HP® office paper (4) Airinov panel black plastic cover 
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camera models by Micasense, with added support 
for the Sequoia sensor by (Fenger-Nielsen, 2019). 
The proposed extension to the MIP workflow on a 
single MS band image is depicted in the simplified 

cross-functional flow chart of Fig. 4. In the top of 
the diagram, the part corresponding to MIP is 
presented, where some specialized blocks like 
lens distortion or image registration have been 
omitted for clarity.  

In the bottom section, the extension for 
calibration of the HS sensor is presented, where 
the goal is to estimate the hyperspectral 
reflectance signature in a particular MS band. 

2.5 Cross-Calibration via the Linear 
Regression Method 

The Linear Regression Method (LRM) is an 
empirical method used in remote sensing to 
calibrate raw radiance measurements in sensor 
digital numbers (DN) to absolute reflectance 
values of the calibration targets assuming a linear 
relationship between them (Guo et al., 2019). 

From Eq. 11, reflectance estimation can be 
seen as the normalization of the radiance reflected 
by a calibration target and captured by a remote 
radiance sensor around an unknown solid angle 𝛺𝑟 
with respect to the estimated irradiance at the 
surface level. By simplifying the notation of Eq. 13, 
it can also be seen as the normalization of the 
hemipherical-conical reflectance factor 𝐻𝐶𝑅𝐹 =

𝑘𝛺𝜌
𝑡𝑎𝑟𝑔𝑒𝑡

 via multiplication by 𝑘̃𝛺
−1. The LRM 

method was used here to model the relationship 

between the raw radiance of the HS sensor, 𝐷𝑁𝐿
𝐻𝑆, 

and the radiance in the MS band 𝛬 as follows: 

𝐿𝑟
𝑀𝑆(𝛬) = 𝑎(𝛬)𝐷𝑁𝐿

𝐻𝑆(𝛬) + 𝑏(𝛬) + 𝜀(𝛬), (14)
 

where 𝑎(𝛬) and 𝑏(𝛬) can be computed by ordinary 
least squares method and 𝜀(𝛬) is the residual 

error. Thus, the HS reflectance in the band 𝛬 can 
be estimated by: 

𝜌̃𝑡𝑎𝑟𝑔𝑒𝑡,𝐻𝑆(𝛬) = 𝑘̃𝛺
−1(𝛬)𝐿𝑟

𝐻𝑆(𝛬)

= 𝑘̃𝛺
−1(𝛬) (𝑎(𝛬)𝐷𝑁𝐿

𝐻𝑆(𝛬) + 𝑏(𝛬)). (15)
 

3 Results 

3.1 Multispectral/Hyperspectral Reflectance 
Cross-Calibration 

The multispectral images of the calibration targets 
were captured on 2022-11-06 a 18:07:40-06:00 
UTC/DST (Coordinated Universal Time/Daylight 

Table 2. Cross-calibration of HS sensor from DNs to MS 

radiance units and to HS reflectance factor 𝐻𝐶𝑅𝐹𝐻𝑆 

Band 𝑘̃𝛺 
𝑒̄𝑠𝑠 
[%] 

𝑒̄𝑠𝑠 
[%] 

𝑅𝑛𝑛
2  𝑅𝑠𝑠

2  

GRE 2.716 2 2 0.997 0.997 

RED 2.677 6.8 4.5 0.995 0.995 

REG 5.645 7.9 0.9 0.999 0.999 

NIR 1.372 9.1 1.4 0.998 0.999 

 

Fig. 6. HS radiance signature of the Airinov panel (DC 

removed) and MS central wavelengths 

 

Fig. 7. Visualization of sun, sensor and NED vectors in 
ENU (East-North-Up) coordinates 
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Saving Time) at the location 19°03’29.2’’N, 
98°18’25.2W’ under clear sky conditions, following 
the radiometric calibration image capturing 
procedure recommended by the UAV 
manufacturer (Parrot Drone, 2022) (See Fig. 5).  

The hyperspectral signatures were captured 
simultaneously using the OceanView® (Ocean 
Optics, Inc, Orlando, FL, US) spectroscopy 

software. Dark current (DC), vignetting and lens 
distortion were corrected using MIP.  

DC remotion from the HS measurements was 
coded in Matlab® (See Fig. 6). The sun position 
computed by Pysolar was 77° in azimuth and 75° 
in elevation, generating a sun-sensor angle of 
27.8° (See Fig. 7). From this sun-sensor geometry, 
results of HS radiance cross-calibration by 

Table 3. MS-HS reflectance cross-calibration: 𝑒 is the reflectance error relative to the reference target. The subindices 

of 𝜌̃𝐻𝑆and 𝑒 indicate non-normalized (nn) and sun-sensor geometry (ss) normalized radiance used in the LRM method 

Band Target (No.) 
MS

rL
 

[W∙m-2∙sr-1] 

HS

LDN
 [10 bit 

counts] 

HS

rL
 

[W∙m-2∙sr-1] 

HSHCRF  
[%] 

GRE 

(1) 
(2) 
(3) 
(4) 

17.8 
10.2 
54.3 
4.4 

2796 
1415 
9355 
885 

17.0 
9.1 

54.5 
6.1 

53.6 
31.2 

163.7 
13.1 

RED 

(1) 
(2) 
(3) 
(4) 

18.4 
5.7 

73.1 
3.8 

2821 
595 

9319 
905 

17.2 
4.4 

54.3 
6.2 

48.2 
15.0 

191.4 
9.9 

REG 

(1) 
(2) 
(3) 
(4) 

15.5 
30.8 
54.8 
2.6 

1860 
3501 
5723 
575 

11.7 
21.0 
33.8 
4.3 

129.8 
258.3 
460.6 
21.8 

NIR 

(1) 
(2) 
(3) 
(4) 

11.6 
25.5 
35.9 
2.2 

1549 
3127 
4078 
452 

9.9 
18.9 
24.3 
3.6 

35.0 
76.9 

107.0 
6.5 

Table 4. Geometric factors by band and mean absolute HS reflectance calibration by using non normalized (nn) 

radiance and normalized by the downwelling irradiance corrected by the sun-sensor geometry (ss). The coefficient of 
determination was computed with respect to the MS-HS radiance calibration 

Band Target (No.) 𝑅𝑟𝑒𝑓
𝑡𝑎𝑟𝑔𝑒𝑡,𝑀𝑆

 [%] 𝜌̃𝑛𝑛
𝐻𝑆 [%] 𝜌̃𝑠𝑠

𝐻𝑆 [%] |𝑒𝑛𝑛| [%] |𝑒𝑠𝑠| [%] 

GRE 

(1) 
(2) 
(3) 
(4) 

18.9 
11 

57.7 
4.6 

18.9 
10.1 
60.6 
6.8 

18.9 
10.1 
60.6 
6.8 

0.0 
0.9 
2.9 
2.2 

0.0 
0.9 
2.8 
2.2 

RED 

(1) 
(2) 
(3) 
(4) 

20.1 
6.3 
79.8 
4.0 

20.1 
5.2 
63.7 
7.3 

20.1 
2.7 
70.9 
5.1 

0.0 
1.1 
16.1 
3.2 

0.0 
3.6 
8.8 
1.1 

REG 

(1) 
(2) 
(3) 
(4) 

22.7 
45.2 
80.6 
3.6 

22.7 
41.0 
65.7 
8.4 

22.7 
47.4 
80.8 
3.4 

0.0 
4.2 
14.8 
4.7 

0.0 
2.2 
0.2 
0.2 

NIR 

(1) 
(2) 
(3) 
(4) 

26.0 
57.0 
79.4 
4.8 

26.0 
49.8 
64.1 
9.5 

26.0 
57.6 
76.7 
4.0 

0.0 
7.3 
15.3 
4.7 

0.0 
0.6 
2.7 
0.8 
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band/target assuming a  -factor of 1/6 are 
presented in Table 2. Results of reflectance 
calibration with and without irradiance 
normalization (Ec. 11) are presented in Table 3.  

In Table 3, it can be seen that reflectance 
estimation error is greater when the HS radiance is 
not normalized by the downwelling irradiance 
(option 2, reflectance method) compared to the 
normalization by the downwelling irradiance 
(option 1, improved reflectance method). 

The geometric factors and error statistics by 
band are shown in Table 4. It should be noted that 
there is only one factory calibrated reference panel 

available, so the reference values 𝑅𝑟𝑒𝑓
𝑡𝑎𝑟𝑔𝑒𝑡,𝑀𝑆

 for 

targets (2), (3) and (4) were extrapolated from (1) 
and taken as valid after calibration via MIP. For 
option 2, the estimation error tends to increase as 
the wavelength moves away from the GRE band to 
the NIR band while for option 1 the error limit is 
around 1 to 2%, except for the RED band where a 
peak of about 9% is present versus 16% of option 
2. In both cases, the maximum error values tend to 
be observed in targets of greater reflectance.  

Also, it is important to note that in this setup 
radiance normalization assuming 𝜃𝑒 = 𝜋/2 and 

𝜃𝑠𝑠 = 0 will lead to identical results due to the linear 
correlation between different reflectance factors 
and the compensation made by the geometric 

factor 𝑘̃𝛺. However, the effectiveness of the 
downwelling irradiance correction by the sun-
sensor geometry will be valued in flight scenarios 
of dynamic sensor tilting or where calibrated 
reflectance targets are not available.  

4 Conclusions 

This research contributes to the understanding of 
the state-of-the-art reflectance estimation 
methodology for industrial multispectral cameras 
and its extensibility to the calibration of additional 
low cost hyperspectral sensors, i.e., 
spectrometers, as there is a gap in the literature on 
this subject. Special emphasis was placed on the 
description of the radiometric correction factors 
associated to the sun-sensor geometry in relation 
to the BRDF model, so other sensor geometries 
could be addressed on this basis.  

The coefficients of determination found in this 
setup were superior to 0.999, indicating the 

suitability of the LRM method to calibrate 
hyperspectral measurements from the 
multispectral ones. It was found that 
multispectral/hyperspectral cross-calibration 
applying radiance normalization by the 
downwelling irradiance lead to a reduction of the 
mean absolute error up to 1:3 with respect to the 
direct application of the LRM method with no 
normalization. In particular, the configuration of 
downwelling light sensor on the top of the UAV 
found in most agricultural UAVs was studied 
without consideration of attitude of the 
multispectral imager.  

Nonetheless, this opens the possibility to the 
analysis of other geometries that could include the 
relative attitude of the multispectral sensor to the 
UAV frame, the sun or tilted surfaces. Other 
important contribution to remark is the use of low-
cost spectral sensors used on board the UAV like 
the Parrot Sequoia and the Ocean Optics STS-
VIS, for which scarce literature on radiometric 
calibration can be found apart from the software 
development communities on the internet.  

The calibration of a low-cost hyperspectral 
sensor to absolute units of reflectance opens the 
possibility for the development and adoption and 
numerous remote sensing applications beyond 
precision agriculture. 
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