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Performing accurate and automated semantic segmentation of vegetation is afirst algorithmic step towardsmore
complexmodels that can extract accurate biological information on crop health,weed presence and phenological
state, among others. Traditionally,models based on normalizeddifference vegetation index (NDVI), near infrared
channel (NIR) or RGB have been a good indicator of vegetation presence. However, these methods are not suit-
able for accurately segmenting vegetation showing damage, which precludes their use for downstream pheno-
typing algorithms. In this paper, we propose a comprehensive method for robust vegetation segmentation in
RGB images that can copewith damaged vegetation. Themethod consists of a first regression convolutional neu-
ral network to estimate a virtual NIR channel from an RGB image. Second, we compute two newly proposed veg-
etation indices from this estimated virtual NIR: the infrared-dark channel subtraction (IDCS) and infrared-dark
channel ratio (IDCR) indices. Finally, both the RGB image and the estimated indices are fed into a semantic seg-
mentation deep convolutional neural network to train a model to segment vegetation regardless of damage or
condition. The model was tested on 84 plots containing thirteen vegetation species showing different degrees
of damage and acquired over 28 days. The results show that the best segmentation is obtained when the input
image is augmentedwith the proposed virtual NIR channel (F1=0:94) andwith the proposed IDCR and IDCS veg-
etation indices (F1=0:95) derived from the estimated NIR channel, while the use of only the image or RGB indi-
ces lead to inferior performance (RGB(F1=0:90) NIR(F1=0:82) or NDVI(F1=0:89) channel). The proposed
method provides an end-to-end land cover map segmentation method directly from simple RGB images and
has been successfully validated in real field conditions.
© 2022 The Author. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co., Ltd. This is an open

access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
1. Introduction

Vegetation coverage map estimation is of great importance as a first
stage of more complex algorithms aiming to automatically assess crop
status, measure the effect of nutrients, evaluate the stress situation in a
crop or quantify the effect of existing agricultural practices (Bendig et al.,
2015; Picon et al., 2022a). Generating an accurate vegetation segmentation
map serves other algorithms and models to perform subsequent and pre-
cise assessments over this segmented segmentationmaps such as damage
estimation (Picon et al., 2019a), weeds analysis (Picon et al., 2022a) or
presence of plagues (Bereciartua-Pérez et al., 2022) among others.

Traditionally, vegetation index calculations (Bannari et al., 1995)
have been used for vegetation coverage estimation. Leaves present
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particularly low reflectance on the visible light (450–750 nm) range ex-
cept for the fairly small window of the visible spectrum which is the
green color, the signature reflectance of chlorophyll, around 550 nm.
The rest of the visible wavelengths have minor representation. This en-
couraged researchers to define vegetation indexes to find indicators by
combining more spectral wavelengths than just the ones on the visible
range. In their 2014 research review Li et al. (2014) claim that the leaf
mesophyll -that we can imagine as the leaf fleshy tissue- reflects low
light in the visible spectrum, but has a major contribution to near-
infrared (700–1200nm).Moreover, they say that NIR radiation can pen-
etrate the vegetal canopy from the upper leaves to the lower ones,
which makes the actual structure determinant to the final NIR reflec-
tance. The canopy structure is composed of several factors such as leaf
thickness, overlapping, height and growth habit among others. That is
the main reason why NIR is considered to be best suited for estimating
vegetal biomass. In fact, many Vegetation Indices (VIs) involve the
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combination of NIR reflectance with other light spectra and channels. A
widely-used channel for vegetation-soil discrimination is Normalized
Difference Vegetation Index -NVDI- (Rouse et al., 1974), which is a com-
bination of NIR and the red -R- channel of the usual RGB color codifica-
tion for visual cameras. These vegetation indexes not only serve to infer
plant coverage map or biomass. Biomass-related Vegetation Indices
such as green biomass reported byGitelson et al. (2003), can provide in-
formation about leaf cover, leaf area index, chlorophyll per ground area
and intercepted fraction of radiation with combinations of NIR and RGB
channels. Those combinations included thewidely knownNVDI but also
Simple Ratio (SR), Red Edge (λRE), Photochemical reflectance index
(PRI), Structural Independent Pigment Index (SIPI) and others. They no-
ticed that by measuring such indices of water level, pigment, biomass,
etc. they could infer if plants suffered disease, had a certain risk of fire
or salt-stress among other situations.

Several works have tried to correlate the NDVI and other Vegetation
Indices (VIs) based on light channels with vegetation coverage estima-
tion (Price, 1992; Huete et al., 1997; Wu et al., 2007; Zhengwei et al.,
2009; Roth and Streit, 2018; Devia et al., 2019; Ren and Zhou, 2019).
Most of them are based on acquiring experimental data on soil and
leaf reflectance of different light channels and correlate those reflec-
tance with combinations of such channels (which are called Vegetation
Indices). They also try to correlate those Vegetation Indices with the ac-
tual biomassmeasurements (freshweight, dry weight) bymeans of lin-
ear and non-linear regressive analysis. The aforementioned research
works correlate the different VIs with the actual biomass weighting by
means of pixel-wise linear or non-linear regression analysis.

An additional problem is the necessity of the NIR image channel in
addition to the standard RGB channels to obtain these vegetation indi-
ces. This presents two important drawbacks: First, high price and low
accessibility of these cameras which are often accompanied by lack of
availability of specific knowledge for the end-user. And second, the im-
possibility of addressing specific use caseswhere standard, low-cost de-
vices or light acquisition devices are required. This is of special relevance
on Unmanned Aerial Vehicles -UAVs- such as drones or cell-phone
based applications (Johannes et al., 2017) among others.

However, these indices lack the capability of generating complex
models (Hemming and Rath, 2001) as they are based on single pixel in-
formation. Image processing based methods integrate spatial informa-
tion over RGB images or vegetation index channels that can cope with
complicated tasks such as specie identification (Hemming and Rath,
2001), disease classification (Johannes et al., 2017; Huddar et al.,
2012), insect counting (Bereciartua-Pérez et al., 2022) among others.
However, it is with the advent of deep learning techniques when
image processing based models have become capable to perform com-
plex image identification tasks with equal or higher performance than
humans (Picon et al., 2019a) in scenarios such as radiology (Yala et al.,
2019), board games (Granter et al., 2017) amongothers. In precision ag-
riculture, deep neural networks have being successful for pest classifica-
tion (Picon et al., 2019a; Picon et al., 2019b; Argüeso et al., 2020), crop
and weed segmentation (Milioto et al., 2018; Sa et al., 2018; Picon
et al., 2022a), insect counting (Bereciartua-Pérez et al., 2022).The com-
bination of vegetation indices with image processing and analysis algo-
rithms have been successfully used for more complex applications such
as forest dynamics analysis (Sader andWinne, 1992),irrigated ricemap-
ping (Nguyen et al., 2012), environment quality analysis (Fung and Siu,
2000) or crop identification (Jakubauskas et al., 2002). Although these
RGBbasedmodels have demonstrated capable of performing vegetation
segmentation (Hassanein et al., 2018; Netto et al., 2018), they have not
been tested to segment damaged vegetation.

2. Related works

One of the research lines to overcome the need for specific multi-
spectral acquisition devices is the generation of algorithms capable for
virtually estimating the near infrared channel from a RGB image. In
200
this sense, several authors have worked on this field for the last few
years. Most of the authors only use pixel information and infer the NIR
channel based on the values of the Red, Green and Blue channels of
that pixel (Rabatel et al., 2011a; Rabatel et al., 2011b). In this sense,
Arai et al. (2016) found a linear correlation between NIR and Green
color channel, allowing them to estimate NIR reflectance using a con-
ventional RGB camera through a regression analysis. Furthermore they
calculated the NDVI index with images from a visible camera mounted
on a drone using this method where other authors have analysed the
hyperspectral endmembers to develop a pixel based method to esti-
mate NIR images from RGB data (de Lima et al., 2019). These methods,
although simple and fast, do not exploit spatial information contained
on the pixel neighborhood. These intensity level relationships contain
information on visual shapes and textures (Picón et al., 2009; Picon
et al., 2011) that allows a more accurate estimation of the NIR channel
and better performance of image processing methods.

Some more modern research integrates the spatial information dis-
tribution from the RGB pixels to infer the NIR channel. For example,
Khan et al. (2018); Lima et al., 2019 propose a method to estimate sev-
eral vegetation indices by means of a neural network. However, they
use a neural network that do not estimate the vegetation indexes at
pixel level resolution, only the average vegetation index for the whole

input tile with an average coefficient of determination of R2 ¼ 0:92. Re-
cent methods have taken advantage of convolutional neural networks
for NIR channel estimation. For example, Aslahishahri et al. (2021)
and de Lima et al. (2022) employed pix2pix (Isola et al., 2017) to accu-
rately estimate NIR channel from RGB images from UNet based genera-
tors (Ronneberger et al., 2015). These pix2pix methods have been
successfully extended on the medical domain (Picon et al., 2021; Picon
et al., 2022b) by employing more efficient loss functions and generator
architectures based on fully convolutional DenseNet (Jégou et al., 2017)
which is more parameter efficient than traditional UNet.

In this work, we propose and validate an end-to-endmethod for ro-
bust damaged vegetation segmentation over RGB images without the
need for an infrared capable camera. This method can estimate a virtual
NIR channel from an RGB image and use it to feed a vegetation segmen-
tation neural network with an extended image obtaining better results
than RGB based segmentation models regardless its damage condition.

This method provides the following contributions:

• The definition of two new vegetation indices: Infrared-Dark-Channel-
Substractive index (IDCS) and the Infrared-Dark-Channel Ratio index
(IDCR) which are sensitive to vegetation coverage map estimation on
situations of plant damage presence.

• A convolutional semantic regression network to estimate near infra-
red channel from RGB image (RGB2NIR) that can optionally incorpo-
rate an adversarial loss.

• A vegetation biomass coverage estimation semantic segmentation
network that takes as input a multichannel image composed by the
R, G, B channels and the (estimated) NIR, and vegetation indexes.

• A end to end method that takes a RGB image, estimates the required
indices and segments the vegetation coverage map of the image.

3. Materials

In order to develop and validate the proposed models, thirteen veg-
etal species were selected: three crops: GLXMA (Glycine max), HELAN
(Helianthus annuus), ZEAMX (Zea mays), seven broad leaf species:
ABUTH (Abutilon theophrasti), AMARE (Amaranthus retroflexus), CHEAL
(Chenopodium album), DATST (Datura stramonium), POLCO (Fallopia
convolvulus), POROL (Portulaca oleracea), SOLNI (Solanum nigrum) and
three grass species: DIGSA (Digitaria sanguinalis), ECHCG (Echinochloa
crus-galli), SETVE (Setaria verticillata). 84 plots were planted combining
the presence of the different species. 24 plots contained GLXMA, 24
HELAN and 24 ZEAMX, whereas the weeds were randomly distributed
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among the main plots. Each crop field (plot) followed a different weed
control treatment to generate damage on the different species.

Each plot imagewas acquiredwith aMicasense RedEdgeMX camera
from a 2meters height. This camera has five different sensors: blue(450
nm), green(560 nm), red(650 nm), red-edge(730 nm) and NIR(840
nm) and delivered 1280x920px images. As each image band was
taken by a different monochrome sensor, acquired images were co-
registered by applying the affine transformation that minimized the
Mattes mutual information between channels (Klein et al., 2009;
Shamonin et al., 2014) following the same method we performed in
Picon et al. (2022b). Images were taken at different days after crop
seeding (DAS = 14, 16, 32, 35, 38, 42, 44, 49). About 5% of the images
were not correctly co-registered due to the short acquisition distance
and were removed from the data set leading to 504 RGB-NIR registered
images from the 84 plots. From these images, 358 images were ran-
domly chosen, and the vegetation coverage was manually segmented
using CVAT annotation tool. Fig. 1 shows some of the acquired plots.

To avoid bias, the distribution of images across the training, valida-
tion and test datasets was selected by plots. This means that each crop
field (plot) was assigned an identification number and all images be-
longing to the same crop field (plot) were assigned to the same subset
of data (train, validation, test). This ensures that images from the
same plot taken on consecutive days are assigned to the same set,
avoiding contamination of the training, validation and test sets. Eighty
percent of the crop fields (plots) were randomly chosen for training,
while the remaining 20% were distributed into validation and test
sets, and all images were incorporated into the set determined by
their crop field (plot) number resulting into 24 plots for training, 2 for
validation and 3 for testing.

4. Proposed method

In our approach, we propose the use of a semantic regression neural
network to estimate a virtual NIR channel from an RGB image. This vir-
tual channel is then used to enrich the original RGB image to generate a
multi-channel image that is used to train amultispectral vegetation seg-
mentation convolutional neural network. This multichannel image in-
cludes not only the original red, green and blue channels and the
estimated virtual NIR channel but also different multi-spectral indices
derived from this four channels.
Fig. 1. Examples of the generated images: a) RGB Image, b) red-edge i
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The intuition behind this is based on the fact that NIR channel is a
good estimator for vegetation which is relatively robust to vegetation
damage as it can be appreciated in Figs. 8 and 9 where the damaged
parts of the plant present similar NIR response. Complementing this vir-
tual NIR information into the original RGB image might help on vegeta-
tion segmentation.

Proposedmethod is depicted in Fig. 2. An RGB image passes through
the RGB2NIR network, which is responsible for estimating the virtual
near-infrared channel of the image. This virtual channel is used, to-
gether with the original RGB image to generate the additional image
channels containing the vegetation indices (NDVI, IDCS and IDCR).
These generated channels are aggregated in a multichannel image.
This enhanced andmore informative image feeds a semantic segmenta-
tion neural network responsible for estimating the vegetation coverage
map of the image.

Below, we present and detail the different modules for the end-to-
end method for robust vegetation segmentation over RGB images.
4.1. RGB2NIR: estimation of near infrared channel from RGB images

The first module of the proposedmethod (rgb2nir module on Fig. 2)
is responsible for estimating NIR information from RGB images. To this
end, we employ a fully convolutional DenseNet architecture Jégou
et al. (2017) similar to the one we used in Picon et al. (2021). This net-
work combines the descriptive power from traditional segmentation
networks based on fully convolutional versions such as SegNet
(Badrinarayanan et al., 2017) where the accuracy for the border detec-
tion is provided by the skip connections on theU-Net segmentation net-
work (Ronneberger et al., 2015).

Concretely, the proposed fully convolutional DenseNet network
(Jégou et al., 2017) was set to an input size of 224x224 pixels. Architec-
ture follows original paper implementation where the number of initial
convolution filter was set to 48. The encoder was composed by 5 transi-
tion down blocks (TD) with 4 convolution layers each with a growing
rate of 16. For the decoder part, we use 5 transition up (TU) layers
each of them is linked with their corresponding encoder block. This al-
lows recovering the input image high level details as these skip connec-
tions transfer the low level features and spatial information from the
source domain into the detailed reconstruction of the target domain.
mage, c) near-infrared image, d) Ground-truth of plant coverage.



Fig. 2. Coverage estimation diagram Infrared-Dark-Channel Ratio index model diagram: An RGB image goes through the RGB2NIR transformation network and a virtual NIR channel is
calculated. NDVI, Infrared-Dark-Channel Substractive (IDCS), Infrared-Dark-Channel Ratio index (IDCR) channels are estimated by their corresponding formula from the R,G,B and esti-
mated NIR channels. All these channels are used to generate a multi-channel image that is fed into a vegetation segmentation convolutional neural network (see Section 4.3).
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The last layer of this network has been substituted by a sigmoid ac-
tivation function and the loss function has been replaced by a mean ab-
solute error loss in order to learn a pixel-wise regression transformation
that translates the image from the source to the target domain. The last
layer consists of a 224x224x1 that performs NIR reconstruction. The
network is trained by minimizing a mean absolute error loss function
which can be enhanced by an adversarial perceptual loss function fol-
lowing a pix2pix architecture (Isola et al., 2017). The addition of the per-
ceptual adversarial loss functions ensures that the generated image is
visually plausible and the estimated image cannot be distinguished
from a real image by a specifically trained network. Similar approach
has been followed by Aslahishahri et al. (2021); de Lima et al., 2022 to
include a perceptual adversarial loss. However, they use UNet architec-
ture as generator which increases the number of trainable parameters.
Proposed fully convolutional DenseNet network has 2,3 M parameters
whereas its UNet counterpart has 24 M instead.

4.2. Vegetation indices for vegetation estimation

Existing vegetation indices for vegetation segmentation fails under
the presence of plant damage or direct illumination. This is caused by
the fact that the presence of damage on the plant normally increases
the reflectance on particular visible wavelengths that makes indices
such as NDVI or negative CIE-a (Johannes et al., 2017) channels to fail
on appropriately segmenting non–healthy vegetation. Additionally,
changes on illumination intensity reduce the robustness for other bio-
markers such as NIR channel due to intensity scale changes between
the dark and the illuminated areas of the image. In order to overcome
this issue, we propose two new indices that are vaguely inspired on
the Dark Channel Prior (He et al., 2010; Galdran et al., 2015) method.
This method is used to estimate haze on the images for image restora-
tion purposes. It estimates the haze level by considering the minimum
value of the R, G and B channels taking advantage of the whitish halo
created by fog on a image. Dark channel is calculated as the minimum
of the red, green and blue channels on the spatial neighborhood of
each pixel. However, for our approach, we will just consider the mini-
mum value for the R, G and B channels for each pixel without consider-
ing their neighborhood (Section 4.3).

DCðR,G,BÞ ¼ minðR,G,BÞ: ð1Þ
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In this work, we adapt this formulation to propose two new vegeta-
tion indices: the Infrared-Dark-Channel Substractive (IDCS) (Eq. (3))
index, that reflects the relative intensity of the NIR channel by
substracting the dark channel and the Infrared-Dark-Channel Ratio
index (IDCR) (Eq. (2)), that reflects the intensity ratio of theNIR channel
against the dark channel. this formulation can be extended for multi-
spectral or hyperspectral images just getting the minimum for all the
spectral range or for specific spectral ranges.

IDCS ¼ NIR�minðR,G,B,NIRÞ: ð2Þ

IDCR ¼ NIR=ðminðR,G,B,NIRÞ þ ∊Þ: ð3Þ

If we analyse Fig. 3, the proposed indices correlate the presence of
vegetation on a plot image and aremore robust to the existence of dam-
age on the vegetation. Fig. 3 shows an example of a RGB image of a plot
and its corresponding NIR channels and NDVI values together with the
proposed IDCS and IDCR indices. It can be appreciated that the proposed
IDCS and IDCR vegetation indices can separate better between vegeta-
tion andnon-vegetation pixels even for the unhealthy part of the plants.
In order to get quantitativemetrics for the vegetation-soil separation ca-
pabilities of the proposed indices,proposed indices were compared
against other indices and color channels: r, g and b channels, CIE-L,
CIE-a and CIE-b color channels from CIELab Zhang and Wandell
(1997), NDVI Rouse et al. (1974) and NIR channel. On one hand, we cal-
culate the intersection of the probability density function (Lee et al.,
2005) from the indices values between the vegetation and the non-
vegetation classes. This metric measures the existing overlap between
the distribution of the intensity values for the two classes (soil and veg-
etation), showing a intersection of 0:0 a perfect separability among the
classes whereas a value of 1:0 indicates a full overlap among classes. On
the other hand, we also measure the Area Under the Curve Metric
(Fawcett, 2006) of a hypothetical Naïve Bayes classifier applied over
the vegetation indices for the different classes. This curve measures
the true positives rate against the false positives rate. An ideal classifier
will present a ROCvalue of 1.0whereas a randomclassifierwill arise to a
ROC value of 0.5. Table 1 shows the average results and standard devia-
tion obtainedwith each vegetation index. It can be appreciated that NIR,
NDVI, and CIE-a channels are appropiate vegetation indices for vegeta-
tion estimation with AuC values of 0.916, 0.989 and 0.937 respectively.



Fig. 3. Plot image: a) RGB Image, b) NIR image, c) NDVI, d) Proposed IDCS, e) Proposed IDCR. Bottom close-up of an unhealthy leaf.

A. Picon, A. Bereciartua-Perez, I. Eguskiza et al. Artificial Intelligence in Agriculture 6 (2022) 199–210
However, best results are obtained by the proposed IDCS and IDCR esti-
mated channels that obtain anAuC value of 0.998 and 0.997with an his-
togram intersection value of 0.166 and 0.198. This can be explained as
this vegetation index is more robust to the damage of the plants and
to non–homogeneous image illumination. Figs. 4 and 5 depict the prob-
ability density distribution of the intensity values of the pixels contain-
ing vegetation against the pixels that contains other elements for a
given image.

4.3. Vegetation segmentation convolutional neural network

A second network with similar structure as the one defined in
Section 4.1 is used for plant coverage estimation. In this case, the
input layer of the network size is MxNxK, where M and N represents
the height and the width of the input image and K the number of chan-
nels used. In our case the number of input channels is K = 7. These
channels are composed by the R, G, B channels of the original image
and all the estimated channels by the previous methods (NIR, NDVI,
IDCS and IDCR). The final layer of this network is composed by two out-
put channels of size M and N (MxNx2) resembling the original size of
the image. one of the output channels maps the estimation for the
plant coverage segmentation meanwhile the other contains the other
classes. A softmax activation layer that ensures the mutually exclusive-
ness of the two classes. This network is minimized over a categorical
cross-entropy loss function.

5. Results

5.1. NIR channel estimation from RGB image

The twomodels for the estimation of the near infrared channel from
RGB images defined in Section 4.1 were trained over the training set of
Table 1
AuC and histogram intersection values obtained by the different im-
age vegetation indices or channels for each image of the entire
dataset.

Image Channel AuC (average) �std Intersection �std

r 0:872 � 0:085 0:463� 0:132
g 0:666 � 0:108 0:551� 0:230
b 0:736 � 0:110 0:601� 0:117
CIE-L 0:678 � 0:113 0:586� 0:172
CIE-a 0:937 � 0:049 0:257� 0:173
CIE-b 0:740 � 0:089 0:298� 0:213
NIR 0:916 � 0:071 0:551� 0:189
NDVI 0:989� 0:008 0:261� 0:081
IDCS 0:998 � 0:002 0:166� 0:126
IDCR 0:997 � 0:004 0:198� 0:120
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described in Section 3 for 100 epochs on the mae loss approach and 40
epochs for the pix2pix approach. Trainingwas performed over 224x224
pixel tiles that were extracted randomly from the full-size images. As
size of the image is 1280x920 pixels, the tiling process ensure an equiv-
alent number of approximately 12096 tiles for training considering no
tile overlap. In order to generate more variability on the input dataset,
several augmentation techniques were performed on the images such
as shifting, rotating and scaling. To simulate light changing conditions,
RGB and NIR intensity channels are multiplied by the random constant
factor simulating changes on light intensity coherent with dichromatic
reflection model (Tominaga, 2020). These tiles are fed into the neural
network as described in Section 4.1. Adam optimiser was employed

for training and the learning rate was set to 10�5. A reduction of the
learning rate is performed when the loss function value on the valida-
tion set raises or stagnates.

Table 2 shows inference results for the proposed models. Both
Pearson’s coefficient and the mean absolute error are shown as perfor-
mance metrics. We have compared the proposed DenseNet based
model with Aslahishahri et al. (2021) based UNetmodel.We can appre-
ciate thatmetrics are slightly betterwhen using the proposed DenseNet
architecture rather than the UNet architecture. This might be caused by
the better parameter efficiency of the DenseNet model. Loss evolution
and regression grapsh are depicted for the winning model in Figs. 7
and 6 respectively. It is noteworthy to remark that, in the pix2pix re-
lated model, only mean average error loss is depicted as the adversarial
loss is based on competition among the discriminator and adversarial
loss part in the generator. Obtained regression results (Fig. 6) show
the correlation graph between the real NIR values and the estimated
values.

The use of fully convolutional DenseNet provides better reconstruc-
tion performance than using UNet architecture. It can be also appreci-
ated that the use of a pix2pix (Isola et al., 2017) based adversarial loss
contributes not only to generate more plausible images but also to re-
duce the error between the predictions and the real NIR images that
present a lower error rate (5%) and better correlation coefficient (r =
0.96). his endorses the pix2pix based design approach (Aslahishahri
et al., 2021; de Lima et al., 2022). Figs. 8 and 9 show examples of the es-
timation of image tiles for both configurations. It can be appreciated that
the NIR estimation is accurate, even for damaged part of the plants,
which consist of whitish necrosis spots along the image.

5.2. Vegetation coverage map estimation

A semantic segmentation network as defined in Section4.3 is used to
estimate the plant coveragemap. For that, the networkwas trained over
the training set of described in Section 3. Training was performed over
224x224 pixel tiles that were extracted randomly from the full-size im-
ages during 30 epochs. The tiles are fed into the near infrared estimation



Fig. 4. Top) Field images representing the target vegetation index, bottom) Probability distribution of the pixels containing vegetation and not vegetation for their resp tive vegetation index for their corresponding image.
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Fig. 5. Top) Images representing the target vegetation index, bottom) Probability distribution of the pixels containing vegetation and not vegetation for their respective vegetation index.
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Table 2
Performance of the two NIR estimation models given by their Pearson coefficient p and the mean absolute error (MAE).

Algorithm name Network Loss r MAE

RGB2NIR (ours) Fully Convolutional DenseNet mean average error (MAE) 0.93 0.05
RGB2NIR pix2pix (ours) Fully Convolutional DenseNet MAE with adversarial loss (pix2pix) 0.96 0.04
RGB2NIR UNet Aslahishahri et al. (2021) mean average error (MAE) 0.91 0.06
RGB2NIR pix2pix UNet Aslahishahri et al. (2021) MAE with adversarial loss (pix2pix) 0.94 0.05

Fig. 6. Regression graphs between real and predicted NIR values for the proposed model. Left) Mean Average Error loss, Right) Mean Average Error + Adversarial loss.
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neural network to get the estimated NIR channel. Additional vegetation
indices (NDVI, IDCS and IDCR) are calculated from the R, G, B and the es-
timated NIR channels. Training is performed over the training set of the
dataset described in 3. After training, the validation subset of the dataset
was used to calculate the optimal thresholds values that maximized the
balanced accuracy (BAC). These thresholds were applied over the test-
ing set. In order to measure the effect of using estimated NIR channels
instead the real ones, specific experiments using real NIR channel
have been performed.
Fig. 7. Evolution of Mean Average Error (MAE) and validation Mean Average Error for the prop
Adversarial loss trained model. In adversarial model only MAE loss is plotted.
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We performed an ablation study showing different channel combi-
nations for themulti-spectral input image that feeds the vegetation seg-
mentation neural network. Results of the vegetation coverage map
estimation over the testing set are depicted on Table 3.

Performance of the different algorithms is analysed based on two
common metrics for semantic segmentation: 1) The balanced accuracy
(BAC), which represents the average value between true positive rate
and true negative rate (Eq. (4)), and 2) the F-Score (Eq. (7)) that returns
the geometric average among the precision (Eq. (6)) and recall (Eq. (5))
osedmodel. Left) Mean Average Error trainedmodel, Right) Mean Average Error (MAE)+



Fig. 8. Examples of NIR channel prediction with the RGB2NIR algorithm. NIR reconstruction can be appreciated for the healthy and unhealthy (white necrosis spots) of the plant.
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of the model. The precision is calculated as the number of true vegeta-
tion pixels divided by the number of all predicted vegetation pixels
whereas the recall is the number of true positive vegetation pixels di-
vided by the number of all true vegetation pixels. For unbalanced
datasets in semantic segmentation, F-Score is normally preferred to
BAC as it ignores the effect of the true negative class (non vegetation
pixels). TP, TN, FN and FP refers to true positives, true negatives, false
negatives and false positives respectively.
Fig. 9. Examples of NIR channel prediction with the RGB2NIR pix2pix algorithm. NIR reconstru
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BAC ¼ ðððTP=ðTP þ FNÞ þ ðTN=ðTN þ FPÞÞÞ=2: ð4Þ

Recall ¼ TP=ðTP þ FNÞ ð5Þ

Precision ¼ TP=ðTP þ FPÞ ð6Þ

F1 ¼ 2 ∗ ðPrecision ∗ RecallÞ=ðPrecisionþ RecallÞ ð7Þ
ction can be appreciated for the healthy and unhealthy (white necrosis spots) of the plant.



Table 3
Results for the different algorithm combination for vegetation coverage map estimation.

Image channels # Channels AuC BAC Sensitivity Specificity NPV PPV F1

NIR (Real) 1 0.981 0.937 0.916 0.925 0.979 0.769 0.836
NIR 1 0.977 0.924 0.926 0.922 0.981 0.741 0.823
NDVI 1 0.991 0.958 0.967 0.950 0.992 0.823 0.889
IDCS 1 0.996 0.974 0.982 0.966 0.995 0.874 0.925
IDCR 1 0.992 0.964 0.972 0.956 0.993 0.841 0.902
RGB 3 0.992 0.962 0.967 0.958 0.992 0.848 0.904

RGB + NIR (Real) 4 0.995 0.976 0.978 0.979 0.997 0.903 0.939
RGB + NIR 4 0.997 0.978 0.982 0.974 0.996 0.901 0.940
RGB + NDVI 4 0.997 0.977 0.980 0.973 0.995 0.900 0.939
RGB + IDCS 4 0.995 0.967 0.964 0.969 0.992 0.878 0.919
RGB + IDCR 4 0.998 0.981 0.986 0.974 0.997 0.903 0.943

RGB + NIR + NDVI + IDCS + IDCR 7 0.998 0.980 0.980 0.996 0.914 0.913 0.946
RGB + NIR + IDCS + IDCR 6 0.998 0.984 0.988 0.980 0.997 0.919 0.952

Fig. 10. This figure shows examples of coverage map estimation for the different combinations. a) Original image, b) RGB, c) NIR, d) NDVI, e) IDCS, f) IDCR, g) GroundTruth.

Fig. 11. This figure shows examples of coverage map estimation for the different combinations. a) Original image, b) RGB + NIR, c) RGB + NDVI, d) RGB + IDCS, e) RGB + IDCR,
f) GroundTruth.
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Fig. 12. This figure shows examples of coverage map estimation for the different combinations. a) Original image, b) RGB + NDVI + NIR + IDCS + IDCR, c) RGB+ NIR + IDCS + IDCR,
d) GroundTruth.
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Aswe can appreciate in Table 3, the use of the RGB image alone pro-
duces a F-score of 0:904.Whenusing just one channel/index to generate
vegetation map, we can appreciate that the use of already existing veg-
etation indices such as NDVI and NIR offer a reduced performance (F-
score of 0:823 and 0:889 respectively). However, using just one of the
proposed indices for vegetation estimation raises better results IDCS
(F-Score=0:925), IDCR (F-Score=0:902). If we analyse the effect of
using real NIR channels or estimated ones, we can appreciate that it is
almost equivalent to use estimated or real NIR channels. Fig. 10 shows
examples of segmented fields under the different combinations.

Fig. 11 shows segmentation results for the combination of RGB with
one of the vegetation indices. Results on Table 2 show that the combina-
tion of RGB channels with the proposed indices deal to better results
than the RGB baseline. The combination of RGB with the proposed
IDCR index obtains the best F-Score with a value of 0:943. However, it
is with the combinationwith several of the proposed vegetation indices
when better results are achieved. The best results (see Fig. 12) are ob-
tained with the combination of RGB + NIR + IDCS + IDCR achieving
a BAC=0:984 and a F-score=0:952.

6. Conclusions

In this work, we have presented an end-to-end method for robust
vegetation segmentation over RGB images which is able to appropri-
ately segment vegetation evenwhen vegetation presents damaged con-
ditions without the need of an infrared capable camera.

We have proposed a convolutional semantic regression network to
estimate a virtual near infrared channel from an RGB image (RGB2NIR)
that can optionally incorporate an adversarial loss.With this adversarial
loss, the proposed network can accurately estimate the NIR channel
(p_value = 0.96, RMS=4%). This demonstrates that the adversarial
loss contributes to generate more efficient estimation for the NIR chan-
nel than just employing a convolutional semantic regression network.
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We have introduced two novel vegetation indices such as Infrared-
Dark-Channel-Substractive index (IDCS) and the Infrared-Dark-
Channel Ratio index (IDCR). We have proven that these indices have
good separability properties to differentiate vegetation regardless its
damage. These vegetation indices can be used independently for vege-
tation segmentation purposes independently.

We have generated a vegetation segmentation network to segment
damaged vegetation. When feeding the shown model using only RGB
image achieves a F1-score of 0:90. This segmentation performance in-
creases when the RGB image is extended with the proposed virtual
NIR channel (F1=0:94) or the with proposed vegetation indices (F1=
0:95) that are derived from the estimated NIR channel.

The proposed NIR estimationmethod could be adapted in the future
to be applied not only for vegetation coverage estimation but to other
agricultural use cases where NIR information might be relevant. This
will reduce the need for for without the need for expensive IR cameras
that could extend the application range for these methods.
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