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Precision crop mapping: within
plant canopy discrimination of
crop and soil using multi-sensor
hyperspectral imagery
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Leveraging diverse optomechanical and imaging technologies for precision agriculture applications

is gaining attention in emerging economies. The precise spatial detection of plant objects in farms is
crucial for optimizing plant-level nutrition and managing pests and diseases. High-resolution remote
sensors mounted on drones have been increasingly deployed for large-scale crop mapping and field
variability characterization. While field-level crop identification and crop-soil discrimination have

been studied extensively, within-plant canopy discrimination of crop and soil has not been explored

in real agricultural farms. The objectives of this study are: (i) adoption and assessment of spectral
unmixing for discriminating crop and soil at within-plant canopy level, and (ii) generation of benchmark
terrestrial and drone-based hyperspectral datasets for plant or sub-plant level discrimination using
various spectral mixture modelling approaches and sources of endmembers. We acquired hyperspectral
imagery of vegetable crops using a frame-based sensor mounted on a drone flying at different

heights. Further, several linear, non-linear, and sparse-based spectral unmixing methods were used

to discriminate plant and soil based on spectral signatures (endmembers) extracted from different
spectral libraries prepared using in situ or field, ground-based, and drone-based hyperspectral
imagery. The results, validated against pixel-to-pixel ground truth data, indicate an overall crop-

soil discrimination accuracy of 99-100%, subject to a combination of endmember source and flying
height. The influences of different endmember sources, spatial resolution as indicated by flying height,
and inversion algorithms on the quality of estimated abundances are assessed from a verifiable and
functionally relevant perspective. The generated hyperspectral datasets and ground truth data can be
used for developing and testing new methods for sub-canopy level soil-crop discrimination in various
agricultural applications of remote sensing.

Keywords Sub-canopy crop-soil discrimination, Precision agriculture, Drones, Hyperspectral imagery,
Spectral unmixing, Endmembers

Agriculture has been undergoing large-scale transformations in the way the crops are monitored and mapped
periodically. Thanks to the commercial availability of a host of sensing, monitoring, and intriguing technologies,
the practical applications of farming based on the principles of precision agriculture, even in countries of
developing economies, are increasingly becoming viable. Specific type of crop monitoring!, detection??, and
identification of types, phenology, and discrimination have been pursued using various types of optomechanical
and electrical imaging technologies. Pursuing further the evolving domain of automation in crop monitoring
and management, finer-level spatial detection of crop material at the plant level has recently been attempted™®°.
Detection and spatial segregation of crop plant material—detecting leaves, canopy gaps, and soil exposure at
the plant level are vital for adapting technological interventions for plant-level optimization of nutrients and
pest-disease management. High-resolution RGB and multispectral remote sensing data have been used for
large-scale crop mapping and characterization®™!* within the field variability for machine-initiated intervention.
For example, ultra-high resolution RGB sensors have been used in several cases for biomass estimation'*!>.
However, RGB sensors are limited by their spectral range, whereas hyperspectral sensors provide contiguous
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spectral datal®, that is essential for the discrimination of various endmembers. Thus, hyperspectral sensors are
more suitable for spectral unmixing problems.

With appropriate spectral imaging sensors, drones have the potential to serve as valuable sources of
intelligence for detecting and mapping crop attributes at the within-plant canopy levels. Automatic crop-soil
discrimination at the plant level is vital for developing automated crop sensing and monitoring solutions at the
field or patch level. There have been several studies that report on crop-soil discrimination using high-resolution
remote sensing data at the field level!’-21102223 Approached by spectral indices-based differentiations, analyst-
assisted, pixel-level discrimination of crop and soil is a well-explored and tested remote sensing application*%5.
However, the possibilities of discriminating crop and soil at the plant level, which is sensitive to canopy gaps
and structure, have not yet been reported. The potential of crop-soil discrimination at a sub-pixel level in an
automation framework has various applications in precision agriculture. For example, it will be possible to detect
and estimate effective canopy cover and compute the optimal dose of fertilizers based on the specific needs of the
plant. From a crop management perspective, the general collateral impact of chemical insecticide sprays can be
minimized by directing a vision-based spray nozzle to focus only on plant material.

Spectral unmixing is a direct theoretical approach for sub-pixel crop soil discrimination. Drone-based
hyperspectral imagery (DHI) opens the possibility to evaluate the potential of crop and soil discrimination at
a finer spatial scale. Studies assessing within-plant-level spectral unmixing for crop-soil discrimination using
DHI are vital for developing spectral capabilities for automatic plant-level crop-soil discrimination. There have
been no studies that report on this vital aspect of precision agriculture requirements. Specifically, experiments
that answer the following questions are vital for understanding the theoretical possibilities and their practical
realization.

(a) How will the structural complexity of crops and soil affect the abundance estimation?

(b) What is the correlation between the abundance estimated using various endmembers sources from an in-
dependent field spectral library and various imagery sources?

(c) In a natural landscape scenario, how does spatial resolution impact the accuracy of abundance estimation
in multi-resolution DHI?

To investigate and enhance the comprehension of crop-soil discrimination at the plant, we acquired multiple
hyperspectral datasets at varying spatial resolutions using a hyperspectral imager mounted on a terrestrial
and drone platform and captured under natural illumination conditions. The specifics of the experimental
configuration are outlined in the next section, while the outcomes of separating the obtained benchmark
hyperspectral imaging via a semi-empirical assessment from a proof-of-concept (PoC) standpoint are presented
in the “Results” and “Discussion” sections.

Materials and methods

Forming part of the global developments in researching the methods for vision-based precision agriculture
applications, this work has assessed the prospect of automatic discrimination of soil and crops at the plant level
by setting up a field- experiment. The major elements in the experimental setup are (i) crop cultivation, (ii)
drone-based hyperspectral imaging at different heights, and (iii) ground-based hyperspectral imaging and field
measurements. A detailed methodological process is shown in Fig. 1.

Study area and crop selection

The experimental setup is laid out in the fields of the University of Agricultural Sciences, Gandhi Krishi Vignan
Kendra, (topographically located at 13° 5.262 N 77° 33.982’ E) Bangalore, Karnataka, India. The location of the
site in India, including a field photograph of a portion of the field, is shown in Fig. 2. Generally, in the southern
regions of India, there are two crop cycles: June to October is the Kharif season, and January to May is the Rabi
season. The data required for this study was collected at the end of the Rabi season from 04th to 07th May
2018. Based on the extensive cultivation and consumption patterns we selected the cabbage crop to discriminate
against soil. The cultivar of the cabbage crop was chosen based on the typical local farmer’s preference for their
regular farming.

Data acquisition and pre-processing

We acquired hyperspectral imagery in the reflectance mode from two different sensors mounted on a ground-
based platform and on a drone (Fig. 3; included in the appendix I). The ground-based hyperspectral imagery
was acquired at the finer spatial resolution of 5 mm. The drone-based hyperspectral imagery was acquired at
different heights above the crop canopy. We describe the various sensors used, techniques of data acquisition,
and pre-processing in the following subsections.

Terrestrial hyperspectral imaging

The VNIR hyperspectral imager (Make: Headwall, USA; Model: A-Series) is a ground-based hyperspectral
imager that can be mounted on a tripod. This imager has 854 spectral bands in the 400-1000 nm wavelength
range, and it uses a push-broom mechanism with 1004 pixels in a single column. The rotation stage enables
the linear and angular moment of the sensor, thereby acquiring spatially continuous hyperspectral imagery
as required. This entire setup was controlled using a laptop computer. To avoid the radiance signal saturation
problem in the acquired imagery, we focussed the imager connected to a lens of 23° field of view on a barium
sulphate plate (white reference) and fine-tuned the radiance signal levels. The acquired radiance imagery was
converted into reflectance imagery by normalizing the radiance with the white reference panel®. The local noise
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Fig. 1. Overall methodological framework adopted for the crop and soil discrimination in the terrestrial
hyperspectral imagery (THI) and DHI.
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Fig. 2. (a) Site location in India and (b) field photograph of the agriculture field used for imagery acquisition.
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Fig. 4. (a) True colour composite of terrestrial hyperspectral imagery, (b) endmember spectra of cabbage and
soil, and (c) resampled endmember spectra for the drone hyperspectral imagery.
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Fig. 5. (a) True colour composite of the drone hyperspectral imagery acquired at different heights: 20 m, 25 m,
30 m, and 40 m, (b) endmember spectra of cabbage and soil from the drone flown at the height of 20 m, and
(c) endmember spectra of cabbage and soil acquired from the drone flown at 40 m height.

in the reflectance imagery was minimized using the Sav-Gol filter””. The true colour composite of the terrestrial
hyperspectral imagery (THI) is shown in Fig. 4a.

Drone hyperspectral imaging
Drone-based hyperspectral imagery was acquired using a compact hyperspectral imaging system (Make: Cubert,

Germany; Model: Firefleye S 185). The hyperspectral sensor used in this imager has 125 spectral channels with
a4 nm sampling interval in the 450-950 nm electromagnetic spectrum. The sensor was placed on a quadcopter
drone, and data was acquired at different heights: 20 m, 25 m, 30 m, and 40 m, as shown in the synoptic view
Fig. 4. The collected radiance image is normalized using the white reference panel. The true colour composite of
normalized DHI is shown in Fig. 5a, and the representative spectral profiles, i.e. endmember spectra of the crops

from the DHI at heights 20 m and 40 m in Fig. 5b and c.
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Field or in-situ reflectance measurements

In addition to the image-based measurements, we acquired in-situ or field reflectance spectral measurements
over several locations in the crop field covering cabbage plants and soil. For this, we used a ground-based
hyperspectral spectroradiometer (Make: SVC; Model: HR1024i). This instrument can record radiance in the range
of 350-2500 nm with a spectral resolution of 3 nm. We maintained a distance of 50 cm over the cabbage plant
with a 4° field of view (FoV) of the lens. Reflectance spectral measurements were acquired simultaneously over a
white reference panel coated with barium sulphate (BaSO,) for calibrating the radiance spectral measurements.
The field reflectance spectral measurements thus obtained were then spectrally resampled to match the spectral
range and bandwidth of the ground-based and drone-based hyperspectral imagery. The resampling process
was performed by estimating the sensor response function (SRF) of the source sensor, assuming a Gaussian
distribution for a given band. When the spectral coverage of the target sensor lies within the wavelength range of
the source sensor, the resampling is done by convolving with the estimated SRF and the source spectral data for
each channel of the target sensor as described in?.

Figure 6 (presented in the appendix I) presents sample reflectance of the crops and soil acquired from the
field spectroradiometer. The field point spectral signatures, and terrestrial and drone hyperspectral imaging
were carried out between 10:00 to 13:00 h (local time) on a sunny day. For ease of ingestion in the inversion
process of spectral unmixing, the reference reflectance spectra extracted from the terrestrial hyperspectral
imager and drone-based hyperspectral imager were organized in the form of a reference database generally
known as a ‘spectral library’. Spectral library is a data storage form used by the global remote sensing community
for storing and sharing the reflectance spectral data acquired from in-situ or laboratory-based measurement
activities. For this work, the database was organized and used as the source of endmember spectra during the
inversion processes and statistical/quantitative validation of the various unmixing algorithms. This library would
serve as a standard reference spectral library in future research activities, should one choose to study the same
endmembers. To enable assessing the impact of the multiple resolutions in the spectral unmixing, reference
reflectance spectra from the drone-based imagery were acquired at two different heights: 20 m, and 40 m called
DHI20 and DHIA40, respectively, in this work.

Spectral unmixing models
Each pixel in the terrestrial or drone hyperspectral imagery can be broadly classified into two categories: a
pure pixel that contains cabbage crop/soil or a mixed pixel that contains both components. Since the quality
of spectral unmixing is a function of the inversion method used, we applied nine different spectral unmixing
methods, such as linear?**, non-linear’!, and sparse®3? based inversion methods for an exhaustive assessment.
We provide a brief description of the mathematical information.
The sensor reaching signal, y;, (i € {1,2,3,....n}), can be represented as:

Yi = Qe+ AsCi s + 1) (1)
where, ¢; . and e; ; represent the spectral value of the endmembers cabbage crop and soil in the i"- channel; a,
and a, are the fractional abundances of the cabbage and soil, and 7 is the noise caused by the scattering effects

in the path between the ground and the sensor, as well as internal sensor noise. Extending Eq. (1) for a full
hyperspectral imagery, y = [y1, ¥2, - . . .Y}, we get the following representation:

y=ae+n (2)

where @ = [a.,a] is the abundance matrix corresponding to its endmembers e = [e; ., e;]" and
1 = [, M2, . . . .1 is the noise matrix.

The spectral unmixing is a constraint problem wherein the abundance must be either positive or zero, generally
known as abundance non-negativity constraint (ANC) (implying @ > 0) and the sum of all the abundances must
be equal to one, known as abundance sum constraint (ASC) (implying 17a = 1). This can be mathematically
expressed as a constraint least square (CLS) problem, and a fully constraint least square (FCLS) problem:

1
(Pcrs) : min 3 ||lae — yHi subject toa > 0 (3)
a
1
(Prers) 1111115 |lae — yl\g subject to a >0, 1Ta =1 (4)
a

To enable the use of endmembers from the external spectral library built using the field reflectance spectral
measurements, we rewrite Eq. (3) as a sparse regression problem as follows:

1
(Psparse) : minE lae — y|5 + Allal|, subject to @ > 0 (5)
a

where ||.||, and ||.||; are ¢, and ¢; norms, respectively; A is a controlling parameter between the two norms.
In Eq. (5), A = 0 implies CLS; imposing ASC in the same equation results in the FCLS. The sparse regression
problem can be solved by the alternating direction method of multipliers (ADMM)>.,

The collaborative sparse unmixing problem?® is mathematically expressed in the Eq. (6), where || X||, is
Frobenius norm and regularization parameter A > 0.

Scientific Reports |

(2024) 14:24903 | https://doi.org/10.1038/s41598-024-75394-1 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

m
(PCollaborative Sparse) : ll{lin Hae - y”i«“ +A Z HakHZ subject to @ > 0, 1"a =1 (6)
k=1

In Eq. (6), >_;, ||@*||, is €, , mixed norm, which provides the sparse solution.

The above interaction models are strictly single interaction models, where, for simplicity, the multiple
interactions with different materials and/or within the material are not accounted for. To account for the multiple
interactions at the material level, a non-linear mixture model is suggested®'. The non-linear model considers a
possibility of the secondary light interaction in addition to the primary interaction that is considered in the
linear model. The Fan bilinear model is mathematically represented as follows:

m m—1 m

y = Z a”ie”l, + Z Z arll,aI!,eVN @ eH + ’r] (7)

m=1 m=1n=m+1

where, a,, € a., as;ana, is the abundance generated through the second-level interaction of both the
endmembers of e, and e, (e,,e, € e, e;), ® represents the Hadamard product (i.e., component-wise
product). The extension of the Fan bilinear model is the generalized bilinear model with an additional parameter
Ymn € [0,1], a parameter used for the reconstruction of spectra, expressed as follows:

m

m m—1
Yy = Z a, €y + Z Z A/mna'manem @ €, + n (8)

m=1 m=1n=m+1

To model the higher-order interactions of light there is a polynomial post-non-linear model (PPNM). The
PPNM model is a two-phase model - first, it performs the basic LMM, and in the second phase, it models the
nonlinearities by adding additional terms to the LMM as represented in Eq. (9).

m m m m m

m
Y= Z apen + Z Z anan€, O e, + Z Z Z Ay Qo Q€4 ©e 0 € ++n (9)

m=1 m=1 n=1 m=1 n=1 p=1

PPNM and bilinear models deal with the interaction of light with the surfaces and do not account for the loss of
energy due to surface reflection or absorption of the material. To account for the energy loss, we used another
model of spectral mixing called the multilinear mixing model (MLMM) given as follows:

m m m

Y= (1 - P) Zamem + (1 - P) PZ Zamanem ©e,
m=1 m=1 n=1

m m - m ( 1 0)

+(1fP)P2ZZZamanapem®en®ep+--~+17

m=1 n=1 p=1

The models presented in Eq. (1) through Eq. (10) are based on the interactions of light with other or within
materials, but the aspect of the directionality of light is overlooked. Considering these directional interactions,
the Hapke intimate mixture model* considers the incoming (6,) and outgoing (6,) radiation in cosine terms
and the single scattering albedo (w) of the medium with respect to the surface normal and wavelength and is
expressed as follows.

w
YT 20V — o)1+ 26/1 — ) (1)
To estimate the abundances in the hyperspectral imagery, the reflectance data and endmember have to be

transformed from the reflectance space to the albedo space, given as follows:

1
/
[(@ +0,) 5%+ (1+40:0,y) (1 — ) 2

1+ 40,‘90@]

Jiso —(0i+0,)y (12)
-

Albedo refers to the ratio of integrated bi-hemispherical outgoing radiation to the incoming radiation. In the
context of the intimate mixture modelling framework for spectral unmixing, it is considered that the different
objects interact at the microscopic level, which is modelled by Hapke in the albedo domain, rather than the
reflectance domain. Further, Hapke considers the dependence of the mixing on single scattering albedo (ratio
of outgoing radiation to the incoming radiation as a function of viewing angle). This treatment of mixing at
macroscopic levels as a function of single scattering albedo allows to incorporate the effect of topography at
the endmember level, thus allowing a more sophisticated and realistic modelling of the non-linear spectral
unmixing.
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Validation and quantitative analysis
Multiple different metrics are used in the evaluation of the quality of unmixing in various hyperspectral unmixing
applications. The widely used metrics are Signal Reconstruction Error (SRE), and Root Mean Squared Error
(RMSE). The SRE metric, expressed in dB, quantifies the closeness of the hyperspectral imagery synthesised
based on the mixture modelling of the finite number of endmembers chosen and the original hyperspectral
imagery by a chosen algorithm. Higher values of SRE indicate better reconstruction quality. Responding to
the local variations within a scene-context assessment, RMSE, also called spatial RMSE (S-RMSE) allows the
evaluation of the quality of spectral unmixing by quantifying the differences between spectra of synthesized pixel
and ground truth spectra.

The signal reconstruction error (SRE) metric was used for validation at the overall imagery level and is given
as follows.

Y1l

SRE = 10logy | —m——=—
v -],

(13)

where, Y denotes the input hyperspectral image and Y denotes the reconstructed hyperspectral image. The
pixel-wise (spatial) root mean squared error (S-RMSE) computed between Y and Y and was computed using
the following Eq.

n —~\2
S-RMSE — D (ypi — y:Di) . (14)
n

In this equation, y,, and g,, represent ground truth and reconstructed pixel spectrum, respectively.

We define the overall - RMSE (O-RMSE) as the average of the entire image S-RMSE.

Taking advantage of the availability of the ground truth spectral data acquisitions and plant-level measurement
of canopy and soil fractions, we assessed the quality of spectral unmixing by signal reconstruction using SRE
and RMSE and the comparison of the estimated abundances with actual abundance values computed during the
field data acquisitions.

Results and analysis

In this section, we present the results of crop-soil discrimination in terms of the abundance of cabbage and soil
from the terrestrial and drone-based hyperspectral imagery using imagery and an independent or external field
spectral library source.

Case 1: abundances from terrestrial hyperspectral imagery (THI)

The abundances of the cabbage and soil when the sources of endmembers were THI, and field reflectance spectral
libraries are presented in Fig. 7a and Table 1. The corresponding estimation of error at the pixel level is shown
in Fig. 7b. As evident from Table 1, for the field reflectance spectral library, the maximum retrieval percentage
of the abundance for the cabbage crop and soil is 86% and 99%, respectively. By the methods considered,
the overall performance of linear unmixing algorithms is robust and superior as compared to the non-linear
spectral unmixing algorithms, although both underestimate the abundances. The maximum level of accurate
abundance estimates for the field-based spectral library source is produced by the linear algorithms (around
86%). Although, in the non-linear category of algorithms used in this paper, the MLMM algorithm can achieve
an accuracy of around 85%, the performance of the other algorithms has substantial variations. In the case of
soil, both the linear and non-linear algorithms produce satisfactory results as the accuracy level of the estimated
abundances remains above the 98% mark. CLS and SUnSAL overestimate the soil abundances, while MLMM
marginally outperforms all the other algorithms with an accuracy of around 99%.

In the case of the THI-based spectral library, the maximum retrieval percentage of abundances for cabbage
crop is substantially higher (94%), while exhibiting almost similar retrievals for soil (97%). In contrast with the
results observed with field reflectance spectral library source, the non-linear algorithms produced consistently
better results (accuracy level of around 92 to 94%). For THI based spectral library, the HAPKE spectral
unmixing model yielded the best estimate of the abundance of cabbage crop at 93%. The overall accuracy of the
abundance estimates for soil, using both linear and non-linear algorithms using a THI-based spectral library,
is marginally lower compared to a field-based spectral library. The S-RMSE computed pixel-wise between the
input hyperspectral image and reconstructed image from abundance and endmembers is shown in Fig. 7b.
The statistical distribution of pixel-wise reconstruction error is depicted in Fig. 7c. As evident by the overall
trends, the error distribution for the field-based library source is, overall, uniform and concentrated around the
mean value peak, while for the THI-based spectral library source, it has spread moderately, possibly caused by
the increased levels of noise in the reconstruction phase. In addition, the peak indicating the maximum error
shifts upward for the field-based library source (indicating more peak error) compared to the THI-based library
source. The RMSE analysis, shown in Fig. 8a, shows that CLS, SUnSAL in the linear and PPNM, and MLMM
in the non-linear category of spectral unmixing algorithm produce satisfactory results compared to the other
algorithms used in this paper. The maximum SRE ratio of 23.37 and 25.14 is obtained using the field-based
spectral library and THI-based spectral library, respectively, as shown in Fig. 8b.
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Fig. 7. (a) Abundance images of cabbage and soil, (b) S-RMSE between input hyperspectral image and
reconstructed image from abundance and endmembers, and (c) pixel count of image RMSE vs. field RMSE for
various spectral unmixing algorithms using two different endmember sources.

Case 2: abundances from the multi-resolution drone-based hyperspectral imagery (DHI)
Areal abundances of cabbage crop and soil estimated for DHI of various spatial resolutions using in situ or field
reflectance and image-based spectral libraries (THI, DHI20, and DHI40) are graphically represented in Fig. 9
and visually shown in Fig. 10. The overall results suggest that the spatial resolution of the target imagery has a
substantial bearing on the accuracy of the abundance estimate. We observe that as the spatial resolution gets
coarser (as the flying height changes from 20 m to 40 m), the accuracy of the cabbage crop abundance estimate
reduces across all the input spectral libraries and algorithms. Also, the general trend from the results indicates
that the abundance estimate of soil is relatively more accurate than that of cabbage crop, possibly owing to
the structural complexity of the crop compared to soil. The structural complexity, as related to this work, is
the distinct shape or lack of it for a crop type. Further, the image-based spectral endmember source used for
estimating abundances yields superior results than the field spectral source consistently across all the algorithms
and for all different spatial resolution target imagery.

For the field-based spectral library, the accuracy of estimated abundances of cabbage crop using linear
algorithms such as FCLS and CLSUnSAL algorithms (~88%) is comparatively better than the non-linear
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Pure Cabbage Pixels Pure Soil Pixels Pure Soil Pixels
Spectral Library | Algorithm | Cabbage Abundance (Actual 100%) | Soil Abundance (Actual 0%) | Soil Abundance (Actual 100%) | Cabbage Abundance (Actual 0%)
CLS 86.140 20.989 103.600 0.380
SUnSAL 86.140 20.988 103.600 0.380
FCLS 86.246 13.754 98.431 1.569
CLSUnSAL | 86.246 13.754 98.431 1.569
Field FAN_BL 78.084 21916 98.235 1.765
GBM 83.912 16.088 98.308 1.692
PPNM 78.850 21.150 98.919 1.081
MLMM 85.499 14.501 99.678 0.322
HAPKE 79.165 20.835 98.704 1.296
CLS 88.309 6.132 97.661 2.122
SUnSAL 88.309 6.132 97.661 2.123
FCLS 82.715 17.285 97.021 2.979
CLSUnSAL | 82.715 17.285 97.021 2.979
THI FAN_BL 76.237 23.763 97.715 2.285
GBM 82.289 17.711 97.584 2.416
PPNM 94.427 5.573 96.488 3.512
MLMM 92.030 7.970 97.863 2.137
HAPKE 93.858 6.142 96.524 3.476
Table 1. Cabbage and soil areal abundance with respect to ground locations.
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Fig. 8. (a) O-RMSE (b) SRE of THI for various spectral unmixing algorithms (C: CLS; S: SUnSAL; FC: FCLS;
CL: CLSUnSAL, FA: FAN Bilinear; G: GBM; P: PPNM; M: MLMM; H: Hapke) using image and external
spectral library.

algorithms. For the cabbage crop, there is a systematic initial drop in the quality of abundance estimation,
observed across all the algorithms considered, as the target imagery gets spatially coarser, i.e., when the flying
height increases from 20 m onwards. However, it is interesting to note that there is a considerable improvement
in the accuracy of abundance beyond imagery acquired by 30 m flight for all the cases and algorithms considered
in this paper. The increased accuracy for the imagery acquired beyond 30 m flight suggests that the algorithms
stabilize their performance after the initial drop in accuracy possibly caused by the intricate structural complexity
of the cabbage crops. In contrast, for the case of abundance estimation of the soil using the field-based spectral
library, the performance of non-linear unmixing algorithms is superior to the spectral unmixing algorithms. The
abundances from the MLMM, PPNM, and HAPKE models are in the range between 99 and 100% which can
be deemed satisfactory compared to other spectral unmixing algorithms. It is worth noting that for this case, all
the spectral unmixing algorithms exhibit a maximum error margin of 12%, except for CLS and SUnSAL, which
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Fig. 9. Graphical illustration of the abundance estimate distribution of cabbage crop and soil with respect to
their ground areal coverage using different sources of spectral library (Field, THI, DHI20 and DHI40) and
spectral unmixing algorithms.
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overestimates the abundance estimate ranging from 125 to 132% when compared to the ground truth as the
spatial resolution gets coarser.

When using terrestrial hyperspectral imagery (THI) as the spectral library, the discrimination accuracy by
different classes of algorithms is like that of the field-based spectral library. The maximum accuracy for the
cabbage crop (86%; for the imagery acquired at a flying height of 20 m), is achieved using linear algorithms
such as FCLS and CLSUnSAL, while the maximum abundance estimate accuracy for soil (99.95%; for the
imagery acquired at a height of 25 m) is achieved the non-linear algorithms such as MLMM and HAPKE. For
the assessment of soil abundance estimate, the observed accuracy may be classified into three distinct patterns
by using spectral unmixing techniques. In the case of semi-analytical spectral unmixing algorithms, such as
PPNM, MLMM, and the HAPKE model, the abundance range spans from 99 to 97%; in the case of the FCLS,
CLSUnSAL, GBM, and Fan-BL model, the capacity falls between 81% and 89%, and in the case of the CLS and
SUnSAL, an overestimation ranging from 120 to 125% is observed.

For the abundances estimated using DHI20-based spectral library, the overall trends in the performance
of the linear algorithms and the non-linear linear algorithms are found to be similar to that of THI and field-
based spectral library. We obtain a maximum accuracy rate of 83% for discerning the pure cabbage crop pixel
acquired at 20 m flying height by the FCLS and CLSUnSAL algorithms while a soil discrimination accuracy of
99.2% is obtained by the PPNM acquired at 25 m flying height. The PPNM model shows a significant disparity
in cabbage crop discrimination, with a worst-case rate of 40.1%. Conversely, the same inversion approach shows
a remarkable soil discrimination rate of 99.2%. The observed pattern in the accuracy for the estimation of soil
abundance remains consistent with the previous cases, where the non-linear algorithms perform better than the
linear spectral unmixing algorithms.

The abundance estimates for the DHI40 spectral library show an interesting pattern. In this case, we observe
that the non-linear algorithms have an overall edge in the performance over the linear algorithms for the case
of the cabbage crops pixel. With few exceptions, the accuracy of the abundance estimate lies in the range of
90-95%. The improved accuracy may be attributed to the enhanced capability of the non-linear algorithm to
capture the non-linear dynamics of the structural complexity of crop/finite-size objects at a coarser resolution.
Further, there is no overestimation of abundance estimation for soil by linear algorithms, particularly by the
CLS and SUnSAL. The best possible cabbage crop and soil abundance estimate of around 99% accuracy has been
obtained using the DHI40 spectral library. Overall, the results from the DHI40-based spectral library have the
key implication that an image-based spectral source at a coarser resolution might be a more suitable source for
practical spectral unmixing purposes using airborne or remote satellite data.

Figure 10 shows the visualization of the quality of reconstruction via the S-RMSE image between the raw
hyperspectral imagery and the reconstructed imagery obtained from the abundance and endmembers. Figure 11
illustrates the statistical distribution of the reconstruction error at the pixel level. The error distribution for the
field, THI, and DHI20 library source exhibits a more uniform pattern and is concentrated around the peak
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Fig. 11. RMSE Values count of four different spectral libraries (THI, Field, DHI20, and DHI40) for various
inversion algorithms applied on different heights of drone hyperspectral imagery (20 m, 25 m, 30 m, and
40 m).
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of the mean value. In contrast, the error distribution for the DHI40-based library source is more spread out,
which may be attributed to higher levels of noise during the reconstruction phase. The overall RMSE analysis,
as shown in Fig. 12a, demonstrates that the CLS and SUnSAL algorithms in the linear category, as well as the
PPNM and MLMM algorithms in the non-linear category of spectral unmixing, provide acceptable outcomes
when compared to the other algorithms used in this study. The inverse relationship between the SRE ratio and
the total RMSE is observed in Fig. 12b.

Discussion

Technical advancements in the context of close-range remote sensing areas, such as imaging, platforms,
algorithms, etc., are the major driving forces behind the rapidly growing field of precision agriculture and, thus,
the agricultural industry. Remote detection and spatial segregation of agricultural plant material, such as leaves,
canopy gaps, and soil exposure at the plant level, are essential for plant-level optimization of nutrient uptake
and management of plant-level pests and diseases. Several studies in the literature>?>3%37 have typically used
different classification algorithms for feature discrimination purposes. While this may be useful for large areas
with sufficient spatially delineated class boundaries, it fails in the cases of mixed pixels, shadow pixels, or edge
pixels. To this effect, we have used ultra-high resolution spatial-spectral imagery for the quantitative analysis of
the crop and soil discrimination using various linear and non-linear spectral unmixing algorithms and different
sources of input spectral libraries. The primary goal was to present a remote sensing method for within-plant
scale discrimination of crop and soil fractions for potential autonomous sub-canopy level crop sensing by drone-
based spectral imaging systems. However, the experimental setup and its implementation have been undertaken
expansively to serve as a PoC study from a semi-analytical and semi-empirical approach addressing vital
questions in the spectral unmixing of remote sensing imagery. Specifically, this work has attempted to address
the following questions aimed at understanding theoretical possibilities and their practical realization.

(a) Compared with the ground truth of the actual abundance of materials in a pixel is available, what is the
accuracy of abundance estimate obtained from using various sources of endmembers imagery acquired at
different spatial resolutions?

(b) In a natural landscape scenario, how does spatial resolution impact the accuracy of abundance estimation
in multi-resolution DHI?

(c) What is the functional relevance of the ‘quality of unmixing’ quantified by statistical error metrics and
functional abundance retrievals?

(d) How does the structural complexity of crop and soil affect the abundance estimation?

As apparent from the results, the quality of the abundance estimate is influenced by several factors, such as the
structural and chemical composition of the target material, imaging sensors, sources of spectral library, and
inversion algorithms, which are discussed below.
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Fig. 12. (a) O-RMSE and (b) SRE calculated between the original HSI and reconstructed HSI using
abundances and spectral libraries (THI, Field, DHI20, and DHI40) using various mixing algorithms (C: CLS; S:
SUnSAL; FC: FCLS; CL: CLSUnSAL, FA: FAN Bilinear; G: GBM; P: PPNM; M: MLMM; H: Hapke).
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Limit of crop-soil discrimination as quantified by abundance estimate

The theoretical considerations expect that the abundance retrievals ought to be 100% for both crop and soil.
From practical implementation perspectives, the best abundance retrievals obtained are 99.71% and 100%,
respectively, for crop and soil (See Fig. 9). These abundances are obtained from drone imagery. Despite being
ultra-high spatial and spectral resolution imagery, the abundance retrievals from THI are 94.4% and 99.67%
(see Table 1) for crop and soil, respectively. Even though the differences, when compared with the drone-based
or theoretical limits, are only marginal, the observation suggests the non-linear relationship between image
resolutions and accuracy of abundances in practical implementations. However, illumination anisotropies
at fine resolution (e.g., sub-leaf glint) and horizontal-geometrical resolution changes affected due to oblique
imaging typical to ground-based hyperspectral imaging (THI) may also introduce within-canopy spatial-
spectral deviations, which in turn reduce the magnitude of abundance retrievals. In contrast, airborne imaging
mode, especially with a nadir view, maintains uniform spatial scale and sensor-illumination direction, thereby
minimizing the dominance of within-plant glint and heterogeneity of within-image spatial resolution.

Impact of spatial resolution on discrimination

Crop and soil abundance estimation through unmixing is traditionally considered a spectral problem. However,
the quality and spatial distribution of spectral anisotropies of landscape elements or discernible objects,
especially at high resolutions, introduce within-object spatial and spectral distortions. These distortions, which
are within the imagery and object level, introduce spatial resolution as an additional factor in spectral unmixing.
Multiple studies have evaluated the quality of spectral unmixing using imagery acquired at a single relatively
coarse resolution®®3. Introducing and examining the impact of the differential spatial resolutions on the spectral
unmixing, the abundance results obtained from hyperspectral imagery acquired from different flying heights of
the drone suggest a complex relationship between the quality of spectral unmixing and spatial resolution. The
abundance retrievals for soil are close to 100% with only a marginal deviation. The abundances are of similar
magnitude even though different sources of endmembers are used in the inversion modelling (Fig. 13 included
in the appendix I). Further, the change in the abundance is marginal (about 5%) across the different spatial
resolutions considered. This observation suggests the marginal or no influence of spatial resolution on the
quality of abundance retrieval for soil.

For crops, in contrast with soil, the abundances change substantially with spatial resolution. Deviating
systematically from the theoretical suggestion of a linear relationship between abundance and spatial resolution,
the crop abundance-spatial resolution follows an inverted Gaussian curve. There is the presence of an optimal
spatial resolution (e.g., hyperspectral imagery acquired at 30 m height in this study) at which the abundance
retrieval is stable across different sources of endmembers. Interestingly, the difference between the highest and
lowest abundance values for crops at different spatial resolutions (as indicated by different flying heights of
drone) is the same (about 25%). The results suggest that spectral features for crops are dynamic within the scene
as imaged at different spatial resolutions.

Impact of endmember sources

The endmembers and their related parameters, such as the source of endmembers, number of endmembers, and
quality, are dominant factors influencing the accuracy and robustness of abundance estimates. In contrast to the
studies in the literature, which have used endmembers from the candidate imagery using various endmember
extraction algorithms®*, we have assessed the potential of using external spectral libraries as the source
of endmembers, in addition to the use of the endmembers extracted from the candidate imagery based on
ground truth. For the drone-based hyperspectral imagery acquired at different heights, aka spatial resolutions,
the abundance estimates for crop obtained from using endmembers from close-range measurements, i.e.,
endmembers collected from field, THI, and DHI20, are substantially lower than the ground truth value of 100%.
The abundances from all three sources of endmembers are closer and is about 75%. In contrast, the abundance
estimates for soil are consistently higher and are approximately closer to the ground truth value of 100% across
the different spatial resolutions and sources of endmembers. However, considering the spectral library DHI40,
source endmember, which is relatively low resolution, the abundance retrievals for crop and soil are high —96%
for crop and 99.5% for soil (see Figs. 9 and 14). The reason for this may possibly be attributed to the situation that
at 40 m flying height, the cabbage and soil endmembers are structurally entangled enough to yield a spectrally
mixed source, and the impact of leaf-level illumination or geometrical projections has averaged out. Based on
these results with data compatibility and augmentation with imagery, the independent spectral libraries may be
useful for large-scale spectral unmixing tasks using either space or airborne HSI applications.

Impact of inversion method used in spectral unmixing

Estimation of abundances compared against actual ground truth measurements at the sub-pixel level is
challenging, and there is no open access reference hyperspectral/multispectral imagery with real sub-pixel
level ground truth data to date. For this reason, we find that the focus of the research community has been
the development of various linear and non-linear spectral unmixing algorithms without much ado to their
validation with real-world data®!. In this study, acquiring imagery and associated sub-pixel ground truth data
under natural conditions, an attempt has been made to analyse the patterns of changes in the abundances as a
function of inversion algorithms, taking into consideration the different scenarios of varying spatial resolution
continuum, and input spectral library (source of endmembers). A summary of the unmixing performance of
the different inversion algorithms used is presented in Fig. 15. According to the findings, the overall disparity
in abundances between the various inversion algorithms for the cabbage crop is 25%; this is substantial,
considering the highest and lowest rates of abundances being around 75% and 96% for the drone-based
hyperspectral imagery. The non-linear models, except the PPNM and Hapke model, offer relatively better and
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cabbage crop and soil using various independent endmember sources from DHI20, DHI40, Field, and THI for
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uniform performance across the different spatial resolutions of hyperspectral imagery and the spectral libraries
(source of endmembers) considered. The direction of abundance changes from different spatial resolutions, by
the different methods used, exhibit a distinct pattern - inverted Gaussian curve for seven out of nine methods;
two non-linear methods, Hapke and PPNM, exhibit a zig-zag pattern (Fig. 16).

The quality of retrieval of abundance for soil presents a distinct pattern in that the estimates are consistently
close to the ground truth value of 100% irrespective of the source of endmembers and method of inversion. A
notable exception is an overestimation by a couple of methods out of nine methods, linearly constraint (CLS) and
its sparse variant (SUnSAL). When forced to follow the sum-to-unity constraint, the abundance estimates from
these two methods also approach the ground truth value. Further, the apparent deviation, even though minimal
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Fig. 16. Variation of the abundance of the cabbage crop with respective algorithms to the drone flying height.

by absolute magnitude, is due to close-range endmember sources. Notwithstanding the variation of abundance
for crop and soil, the results from the HAPKE model present a distinct pattern — while the abundance for crop
varies substantially, the abundance for soil is stable and is high across the different sources of endmembers and
imagery used (Fig. 15). This observation indicates that an intimate mixture model (e.g., the HAPKE model)
offers excellent performance in the abundance retrieval of materials that are intimate mixtures or of particulate
structures and lack individual geometrical shapes. Plant, being a tangible geometrical shape object, affects
anisotropic spectral interaction at the sub-pixel level that cannot be captured by an intimate mixture model.

Functional relevance of error metrics as quality metrics in practical unmixing applications
There are two distinct perspectives of functional relevance in assessing the possibility and quality of spectral
unmixing as viewed from the endmembers and the type of unmixing at the level of material-radiation
interaction. First, the closeness of abundance estimates to the actual sub-pixel fractions is considered as direct
ground truth. This view enables assessment of the functional application of the abundances estimated and the
quality of retrievals benchmarked against verifiable data. The second view is an abstract understanding of the
closeness of the reconstructed imagery to the original imagery. Except for a few studies that have used simulated
imagery, most of the studies on spectral unmixing, including this study, have used statistical error measures,
SRE, and O-RMSE (see Eq. 13) for assessment and benchmarking of the quality of spectral unmixing results.
Our results present a distinct case of reviewing the relevance of using the error metrics, pointing out the deficit
in correlating the ‘numerical’ quality assessment with functional abundance estimates. For example, the quality
of spectral unmixing as indicated by SRE for the Hapke model is poor, with a value of about 10 compared to
the mean SRE observed across the inversion algorithms used in the experiments. By theoretical interpretation,
the value of abundance estimated at different flying heights (as indicated by different sources of endmembers)
ought to be low and similar. However, as evident from the actual abundance estimates (see Fig. 9), the change
in abundance is enormous (varying from 5 to 86%). Further, the pixel-level distribution of O-RMSE (Fig. 12),
computed as spatial RMSE (S-RMSE) in this study, indicates a remarkable pattern; the RMSE distribution has
spread systematically across the range of RMSE and encompasses all the levels of intensity values reconstructed.
Based on these patterns of SRE and O-RMSE, it is expected that the abundance estimates ought to be poor.
However, as evident from Fig. 9, the abundances retrieved, consistent across spatial resolutions, indicate fairly
good values and are not substantially lower than the estimates from the other methods. This observation suggests
that measuring the quality of spectral unmixing by metrics (e.g., SRE, RMSE), which provide only the overall
imagery quality metric, is inadequate to assess the spectral unmixing functionally using real-world imagery. We,
therefore, recommend a review of the current mechanism used for quality assessment of spectral unmixing and
for developing pixel-level error capture mechanisms for practical applications.

Conclusions

Within-plant canopy discrimination of soil and crop fraction is vital for the targeted handling of crops in
precision agriculture with the aid of remote sensing data. Forming part of the assessment of broad prospects
for developing a remote sensing-based approach for crop-soil discrimination within a plant canopy, we have
performed multi-pronged research on the conceptual advancement of spectral unmixing.

This is the first of its kind of work that attempted to understand the functional relevance of spectral unmixing
from the perspective of data from multiple sensors at multiple resolutions acquired in a natural environment.
We acquired multi-sensor (various platforms, terrestrial and drone) and multi-resolution (various spatial
resolutions of drone flying at different heights) hyperspectral imagery datasets that include precise ground truth
measurements of crop and soil abundances. The reference datasets generated in this research are very helpful
for researchers in studying various methodological issues in spectral unmixing. By undertaking point-to-point
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level validation of abundance estimates based on a reference level, the outcomes provide novel perspectives on
the broader issue of spectral unmixing, as outlined below.

With due consideration of the source of endmembers, it is possible to differentiate within-plant areal fractions
of crop and soil from drone-based imagery as evident with close to 100% accuracy of the discrimination of
cabbage and soil fractions.

As viewed from the source of endmembers, the quality of abundances estimated in the drone-based imagery,
across the different imagery resolutions and inversion algorithm used, from the close-range hyperspectral im-
agery (THI and DHI at low flying height) is comparable with that of the in situ or field spectral measurements.
Generalizing the influence of factors related to spatial resolution and endmembers on the quality of abun-
dances, the source of endmembers as indicated by the level of measurement platform, exerts a stronger influ-
ence compared to the spatial resolution of the imagery.

The influence of spatial resolution on the quality of abundance estimates is only marginal to moderate on
soil (0-10%) but substantial over the crop (25-50%), especially from the intimate mixture-based unmixing
model.

The best abundance estimates for crop are obtained from the combination of coarse-resolution imagery and
endmembers extracted from coarse-resolution imagery.

The widely used statistical methods (e.g. SRE and RMSE) for performance assessment of the spectral unmix-
ing are not suitable for functional application. We recommend the application of pixel-level ground truth-
based methods for performance validation.

Data availability
The authors will be glad to share the data used in this work with any academic researchers free of charge. We
encourage interested researchers to contact the corresponding author (E-mail: rao@iist.ac.in).
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