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Abstract

Recently, Unmanned aerial vehicle (UAV) based remote sens-
ing has become a promising way in precision agriculture.
Crop or plant segmentation from UAV images plays a vital
role in monitoring crop growth. However, the extraction of
crops under various illumination conditions is onerous. Nu-
merous methods on segmentation were presented in the liter-
ature, out of which threshold-based methods are simple and
easy to implement. Previous methods used for crop segmen-
tation utilized complete information of pixels in an image
resulting in improper segmentation. The use of local infor-
mation about pixels can give accurate segmentation. In this
work, we constructed a two-dimensional histogram utilizing
the gray level of pixels and relative entropy of its neighbor-
ing pixels. The optimal threshold was obtained by minimiz-
ing relative entropy criteria. The crops were extracted using
logical AND operator on segmented image and a∗ channel
of CIELAB color space. The proposed method was evalu-
ated on Sorghum and Pearl Millet datasets. The misclassi-
fication error, Dice coefficient, Jaccard Index were used to
compare the performance of the proposed method, Otsu, and
Kapur method. The performance analysis shows that the pro-
posed approach achieved more accurate segmentation than
other threshold-based methods.

Introduction
Advanced accelerated crop improvement techniques are re-
quired to appease the global food demand (Elferink and
Schierhorn 2016; Agrimonti, Lauro, and Visioli 2021). Re-
cent advancements in technology require crop phenotyp-
ing and monitoring for the research and development of
crops. Digital imaging has evolved as a foundation to cap-
ture plant information for the development of automated or
semi-automated approaches (Zhao et al. 2019). In recent
years, UAV-based imaging has become beneficial in moni-
toring and assessing features of crops (Xie and Yang 2020).
The usage of UAV-based imagery is rapidly becoming more
prevalent in precision agriculture.

Besides data acquisition through sensors, crop segmen-
tation plays a pivotal role in monitoring plant growth and
health. Segmenting the crop from background is the pri-
mary step that aids in addressing crop traits such as plant
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count (Mukhtar et al. 2021; Garcı́a-Martı́nez et al. 2020),
LAI (Roth et al. 2018), weed identification (Fawakherji et al.
2019; Bakhshipour et al. 2017), which help in crop improve-
ment programs. The estimation of crop traits depends on the
accuracy of segmentation. The segmentation process sepa-
rates different pixels in the acquired images into crops and
background (soil, weeds, irrigation pipes, etc.). However,
crop segmentation in fields under varying illumination and
weather conditions is onerous and is an open challenge.

There exists considerable research on crop segmenta-
tion. Popular methods used for crop segmentation are color-
index-based, threshold-based, and learning-based. Color
transformations of RGB image to CIELAB, HSV were used
to extract the crops (Riehle, Reiser, and Griepentrog 2020;
Hassanein, Lari, and El-Sheimy 2018), but this produces
over-segmentation of crops in a particular channel. Indices
such as Excess Green (ExG), Excess Green minus Excess
Red (ExGR), Triangular greenness index (TGI), Vegetative
index (VEG), Color Index of Vegetation (CIVE) and fu-
sion indices such as COM1, COM2, combined with thresh-
olding methods like Otsu, Kapur 's, were used to obtain
crops from background (Suh, Hofstee, and van Henten 2020;
Otsu 1979; Kapur, Sahoo, and Wong 1985). Index-based
methods are easy to implement yet not valid for all crops
under different illumination conditions. Different learning-
based methods such as SVMs, SegNet, ResNet, UNet archi-
tectures have been used for crop segmentation (Fawakherji
et al. 2019; Cai et al. 2021; Rico-Fernández et al. 2019; Yue
et al. 2020). Although the learning methods can segment the
crops under different illumination conditions, they are com-
putationally expensive and require frequent training on new
datasets. Simple and efficacious segmentation methods are
desirable in practice. Among the methods mentioned above,
threshold-based methods are effective and easy to imple-
ment. The threshold methods used in literature used only
the brightness information of pixels in the whole image,
thus resulting in poor segmentation. Considering informa-
tion among pixels aids in accounting brightness information
locally, resulting in accurate segmentation.

Authors in (Xiao, Cao, and Zhang 2008) constructed a
GLSC histogram utilizing the gray value of the original im-
age and their similarity with its neighbors in a given neigh-
borhood. A two-dimensional orientation histogram was pro-
posed in (Yimit et al. 2013), using gradient orientations of



Figure 1: Data Acquisition from UAV-RGB camera setup
at LS platform.

each point in a neighborhood. A 2-D histogram was cre-
ated using the original image and weighted mean filtered im-
age in (Jiang et al. 2018). In (Zheng, Ye, and Tang 2017), a
GLLV histogram was developed using the gray level of pixel
and its local variance in an image. Authors in (Yang, Cai, and
Wu 2020) utilized gray level of the original image and the
relative entropy of its neighbors to create a two-dimensional
histogram.

Motivated by the idea in (Yang, Cai, and Wu 2020), here,
in this study, we construct a two-dimensional histogram uti-
lizing the gray level of original image and modified rela-
tive entropy as in (Yang, Cai, and Wu 2020). The optimal
threshold for segmentation was achieved by minimizing the
relative-entropy criterion. The rest of the paper is structured
as follows: Data Acquisition and pre-processing are outlined
in Section 2. Section 3 summarizes the proposed method,
and Section 4 includes experimental results. Section 5 sum-
marizes this work and addresses directions for future re-
search.

Data Acquisition and Pre-Processing

For this, the images were acquired with DJI Zenmuse X5
RGB camera mounted on a UAV (DJI Inspire 1 Raw) over
the LeasyScan (LS) platform at International Crops Re-
search Institute for Semi-Arid Tropics (ICRISAT), Hyder-
abad, India, as shown in Figure 1. The UAV was pro-
grammed at a speed of 5km/hr periodically at the height
of 10m, with 80% overlap between two consecutive images
in autopilot mode. The images were captured at every two
seconds interval during the entire flight of the UAV. The LS
platform consists of 4800 sectors where each sector (Fig-
ure 1) is one experimental unit planted with one genotype. A
brief description of the LS platform can be found at (Vadez
et al. 2015).

The images captured through UAV were processed us-
ing Agisoft Photoscan (LLC 2020) tool to create an ortho-
mosaic. Then, a fishnet was created over the orthomosaic
through QGIS tool (QGIS Development Team 2022) to ex-
tract individual sectors. Each sector is an RGB image con-
sisting of foreground (plants) and background (soil, tray, ir-
rigation pipes). The sectors were well maintained and free
from weeds. The region of interest is the crop in each sec-
tor, which have to be segmented for further monitoring. The
proposed method to segment crops is described in the next
section.
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Figure 2: Flow chart of the proposed approach.

Proposed Method
A two-dimensional histogram was constructed using the
gray level of image and relative entropy (RE) of neighboring
pixels. The optimal threshold for segmentation was obtained
using minimum relative entropy criteria. The crops were ex-
tracted using the logical AND operator on segmented image
and a∗ channel of CIELAB color space. Figure 2 shows the
work flow of proposed method.

Two dimensional histogram
Assume each sector as an RGB image I(m,n) ∈ RM×N×3

and G(m,n) ∈ RM×N as corresponding 8− bit grayscale
image (where, M = width, N = height) respectively. Each
pixel in G(m,n) corresponds to gray level in that image. RE
of G(m,n) in k×k neighborhood is defined in Equation (1).
The RE for each pixel was normalized between 0 to L − 1
as in Equation (2).

E(m,n) =

(k+1)/2∑
i=−(k−1)/2

(k+1)/2∑
j=−(k−1)/2

A× | log A

B
| (1)

E(m,n) =

(
E(m,n)− Emin

Emax − Emin

)
× (L− 1) (2)

where, E(m,n) represents RE of grayscale image
G(m,n), A = G(m + i, n + j), B = median of G(m +
i, n + j) in neighbourhood k × k, Emin and Emax are the
minimum and maximum value of E(m,n) respectively. The
use of median gives the intensity value present in the local
image, and preserves the edges in an image.

Next, a two dimensional histogram was constructed by
computing the number of pixel pairs between original
grayscale image and RE of grayscale image, i.e., G(m,n) =
i and E(m,n) = j, which is denoted as hij . Then, the his-
togram which is of size L × L is computed using Equation
(3).

Pij =
hij

M ×N
(3)



Figure 3: The test images and their groundtruth: Top - Sorghum 1, Sorghum2, Bottom - Pearl Millet 1, Pearl Millet 2.

(a) (b) (c) (d) (e)

Figure 4: Segmentation results of sample test images: (a) Grayscale, (b) Proposed method - segmented image(S), (c) Proposed
method- final binary image (F), (d) Otsu, (e) Kapur.

Table 1: Segmentation performance of the proposed method with different metrics

Sample Images ME Dice Coefficient Jaccard Index
Otsu Kapur Proposed method Otsu Kapur Proposed method Otsu Kapur Proposed method

Sorghum 1 0.1740 0.4200 0.0679 0.7389 0.6822 0.9050 0.5860 0.5912 0.8264
Sorghum 2 0.1735 0.3676 0.0576 0.6570 0.7214 0.9099 0.5693 0.6446 0.8341

Pearl Millet 1 0.1529 0.0171 0.0012 0.8001 0.8819 0.9353 0.6598 0.7653 0.8785
Pearl Millet 2 0.5523 0.4137 0.2523 0.5925 0.6993 0.8022 0.4209 0.5009 0.7122



Relative Entropy Criteria for segmentation
The threshold was obtained by minimizing the relative en-
tropy. This threshold was used to segment the objects and
soil. Let g, e be the threshold for image G and RE image E,
respectively. The two-dimensional relative entropy between
G and its segmented version at (g, e) is calculated as;

D(P,Q|, g, e) =
g−1∑
i=0

e−1∑
j=0

(
iPij log

i

µ0i
+ jPij log

j

µ0j

)

+

L−1∑
i=g

e−1∑
j=0

(
iPij log

i

µ1i
+ jPij log

j

µ1j

)
(4)

where, µ0, µ1 are the mean vector of object and soil class
respectively.

Due to space constraints,the detailed formulation of equa-
tions were not mentioned. The equations can be referred at
(Li and Lee 1993). The optimum threshold value (g∗, e∗) is
obtained by minimizing D(P,Q|, g, e) as in Equation (5).

(g∗, e∗) = argminD(P,Q|, g, e) (5)

Crop Segmentation
The segmented image (S(m,n)) of sector was obtained by
utilizing the optimal threshold from Equation (5). This seg-
mented image consists of the crops along with sector border
as shown in Figure 4(b). Since only plants are the region of
interest, a mask was created by extracting a∗ channel from
CIELAB color space. A binary image (F) representing plants
as white pixels and background as black pixels was obtained
by applying the logical AND operator on a∗ channel and
segmented image (S) as shown in Figure 4(c).

Results and Discussion
The performance of the proposed approach was mea-
sured using misclassification error (ME, Equation (6))
(Chaira 2012), Dice coefficient (Equation (7)), and
Jaccard Index (Equation (8)) on the sorghum and pearl
millet dataset obtained through UAV-camera setup.

ME = 1− |Backg ∩Backth|+ |Foreg ∩ Foreth|
|Backg|+ |Foreg|

(6)

Dice Coefficient = 2 ∗ |A1 ∩A2|
|A1|+ |A2|

(7)

Jaccard Index =
|A1 ∩A2|
|A1 ∪A2|

(8)

where, |.| indicate the number of elements in the set, Backg ,
Backth represents number of background pixels of ground
truth and Final thresholded image, Foreg , Foreth repre-
sents number of foreground pixels of ground truth and Final
thresholded image in Equation (6) respectively. A1, A2 rep-
resent the ground truth and final thresholded image in Equa-
tion (7), (8) respectively.

The values of ME, Dice Coefficient, and
Jaccard Index are in the range [0, 1]. ME close to
0 and Dice Coefficient, Jaccard Index close to 1

indicates better segmentation results. The segmentation
results were compared with ground truth to evaluate the
performance. The analysis was carried out in MATLAB
2019a. We tested on fifty sectors from each dataset. The
sorghum dataset has images considerably brighter than the
pearl millet dataset. Due to space constraints, we presented
the results of only sample sectors of sorghum and pearl
millet crop with their corresponding ground truth as shown
in Figure 3. The ground truth was generated using Adobe
Photoshop. All the sectors were of size 171 × 109. The
modified relative entropy used in this work utilizes the
median of a local image instead of the mean as in (Yang,
Cai, and Wu 2020). The median gives the intensity value
present in the local image, whereas the mean may give other
intensity values which may result in poor segmentation re-
sults. We also tested by considering various neighborhoods
(3 × 3, 5 × 5, 7 × 7) and obtained optimal results at 3 × 3
neighborhood. One can observe that darker images resulted
in poor segmentation than bright images (Figure 4, Table
1). The performance of the proposed method was compared
with Otsu (Otsu 1979), Kapur (Kapur, Sahoo, and Wong
1985) criteria, and the results were presented in Table 1.
The proposed method shows better segmentation results as
compared to Otsu and Kapur methods. The Otsu method
performed under segmentation, whereas the Kapur method
performed over-segmentation.

Finally, the proposed approach accurately segments crops
from the background and can be used for further analysis
(such as estimation of canopy coverage, and leaf area index)
in crop improvement programs.

Conclusion
We presented a novel method for crop segmentation from
UAV images using a relative entropy histogram. The pro-
posed method considers local information of images and ac-
curately segments the crops in a brighter as well as darker lu-
minance environment. This method was easy to implement
and tested on sorghum and pearl millet crops and can further
extend to other crops like chickpea, mungbean, groundnut.
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