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ABSTRACT: In the world of traditional paddy rice cultivation, the farmers need the assistant to
enhance both yield production and paddy rice growth. The aerial photograph of UAVs exists as
one of the solutions. This contribution will help farmers to estimate the time requires for
harvesting and also predict the yield. Several aerial photographs used to estimate the paddy rice
phenology using object-based image analysis (OBIA) and the minimum distance classification
techniques. In contrast, the estimated paddy leaves chlorophyll obtained based on the model,
namely UAV chlorophyll regression (UCR). Both results must be inline. The phenology stages
and estimated chlorophyll has increased together before it must decrease before harvested. The
classification result has given the paddy field into nine classes of phenology stages. Besides that,
the UCR unable to detect chlorophyll properly, and it becomes the sources of error.

1. INTRODUCTION

Besides that, several methods have used for determining the chlorophyll content from the
plant. It started from the empirical data obtained in the laboratory, performing field survey for
direct measurement using handheld chlorophyll equipment (Ghazali et al., 2020), and the used of
multi-sensor of satellite data (Mainly, optical data) have become a great choice (Ying et al.,
2016). Some technique offers efficiency, high accuracy and simplicity, and considering the
possibilities of satellite and data field integration are significant in raising those parameters.

Generally, the application of UAV’s in vegetation monitoring has widely used. The broad
application started from burn monitoring (Fernandez-Guisuraga et al., 2018), tundra coverage
(Riihimaki et al., 2019), soil moisture (Hassan-Esfahani et al., 2015), plant height and canopy
cover (Bendig et al., 2015), and related to the study crops like potatoes (Li et al., 2019), (Liang et
al., 2018), banana (Harto et al., 2018), to paddy monitoring (Ghazali et al., 2020).

Specifically, to study plant phenology, the variation occurs as a climatic influence which is
possible to monitor individually (Park et al., 2019). In the subtropical region, this variation exists
as the colour change of tree canopy (Berra et al., 2016; Yingying et al., 2018), besides that, it
also describe the invasion of the plant (de S& et al., 2018), and in crops, it appears like the
function of plant growth that in line with yield production. Such as in paddy rice, wheat and
sugar cane trees (Kyratzis et al., 2017; Rokhmatuloh et al., 2020; Zul Fahmi, L.P. and
Widartono, 2019). Moreover, precisely, Hailemichael et al. (2016) stated that in crops, the
phenological stage has a relationship with water status and chlorophyll content. But in paddy
rice, it very close to flowering and grain yield (Ramesh et al., 2002). According to Mandal et al.,
(2019), the paddy rice development from flowering to grain filling describes the entire stages of
paddy rice phenology.

Enhancing the previous study conducted by Ghazali et al., (2020), this study has successfully
integrated the spectral reflectance of paddy rice canopy, with an aerial photograph to estimate the
chlorophyll. The Modified Chlorophyll Absorption Ratio Index named MCARIspectrometer and
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multiple linear regression for the chlorophyll in paddy field level named UAV Chlorophyll
regression (UCR). This study aimed to explain the estimation of paddy phenology, based on the
estimated chlorophyll content distribution the aerial photograph of UAV’s still used in the whole
processed.

2. METHODS
2.1 Study location

The study of phonological stage estimation based on the estimated chlorophyll content
conducted in a paddy field in Sukoharjo villages, Sukoharjo sub-district, in Pringsewu residence,
Lampung Province (Figure 1). The paddy field covers the area 4.368 hectare produces 23.799
tonnage paddy rice per year. So, this place becomes one of the primary paddy rice sources that
supply many people lives in Lampung (Asmoro, 2020).
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Figure 1. Study location of paddy field in Sukoharjo village, Pringsewu residence

2.2 Data

An RGB orthophoto image of UAV’s is the only one data used at this study. It obtained from
the DJI Phantom 4 that flight at 200 meters above the surface, with pixel size 2 cm has
successfully collected 30 pieces of aerial photos. The orthophoto itself was generated using
agisoft software. As complementary data, some of the area in study location has assigned with
day after planting (DAP) information to indicate the general stage of it planting time

2.3 Data processing

In order to generate the chlorophyll content using the UCR formula (Eq.1), the orthophoto
must be corrected by doing a conversion. Since this study used the formula proposed by Ghazali
et al., (2020) that built based on the linear relation of spectral reflectance and digital number
(DN) of UAVs. The conversion formula is expressed below (Eq.2).

UCR =1.954 — 0.963 x Red + 1.589 x Green — 0.217 x Blue Q)
Reflectance (%) = [(DN-0)/(225-0)] x 100 (@)
The corrected orthophoto image that has converted to UAV reflectance based on the Eq. 2 has

masked out to separate paddy rice field area from the non-paddy field. This step, a digitation on-
screen has applied to perform this process. Finally, the UCR formula has used to generate the



chlorophyll content in only paddy field areas. Besides this process, the object-based image
analysis (OBIA) procedure using SAGA GIS software has implemented to gain a segmented
image. Then a supervised classification with a minimum distance method has used to classify the
paddy field area based on the phenology stage describe in (Mandal et al., 2019).

The function of the estimated chlorophyll of UCR has appeared in this process. The
classification result image of OBIA is needed to overlay over the UCR image. It gave the
information that the chlorophyll content increase from the early stages named seeding to the
flowering stage. However, it decreases gradually from the stage of dough or grain filling and
mature.

3. RESULTS AND DISCUSSION
3.1 Chlorophyll distribution based UCR formula
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Figure 2. Estimated chlorophyll content in paddy field in Sukoharjo village, Pringsewu residence

The estimated chlorophyll based on the UCR shown in the map (Figure 2). In entire the paddy
field, it ranges from 13.8 to 24.7 ml/6.5 m2. Generally compared with the map in Figure 1, the
lowest chlorophyll content corresponds with the green paddy rice, while the highest described the
yellow paddy rice. It seems these variations occur as influences of the different day after planting
(DAP). In other hands, the farmers have started to grow paddy plant at a different time.
Nevertheless, outside this factor, The effect of adaptation capability to environment condition like
weather condition includes the rainfall, soil moisture, and temperature also give the harmful effect.
As described by Liu et al., (2013), the chlorophyll variation on plant especially in paddy plant
caused by higher temperature led to a significant loss in rice grain yield.

3.2 Phenology estimation of paddy rice

There are classified nine classes of phonological stages, includes preparation, seeding,
tillering, elongation, booting, heading, flowering, dough and grain filling, and mature. These
stages are located randomly in the entire study location. The maps below show the relative
position of each class, in the entire stages of phenology (Figure 3). The spatial distribution of
phonological stages

After the land preparation (Figure 3.1), the vegetative stages also named preparation, seeding,
tillering, elongation, booting, and heading have mostly occurred in the north (Figure 3.2 to 3.6). In
the same time, the next stages, namely reproductive phases shown in the middle, indicates the



flowering and grain filling (Figure 3.7 to 3.9). The third phases namely dough and grain filling,
and mature stages, mostly occur in the south.
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Figure 3. Estimated paddy rice phenology stages. Clockwise, from left to right preparation,

seeding, tillering, elongation, booting, heading, flowering, dough and grain filling, and mature
(bottom right corner).

3.3 The anomaly presence and occurs in paddy field based on the estimated phenology
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Figure 4. The relation and trends of estimated chlorophyll and phenology stages

The conversion process was applied to convert the DN to reflectance. However, this process
did not look good enough to remove vegetation outside the paddy rice plant. For example, grasses
have grown in rice field embankment. This situation occurred and documented very well in the
preparation stage (Fig. 3.1). one of them is an irrigation channel and rice field embankment.
Another anomaly appears in the trends of estimated chlorophyll. In the position of preparation
stages, the value seems higher than other. The ideal condition must follow the rules that these
values should be lower than the tillering stages (Fig. 4). This condition must be considered as the



sources of error.

4. CONCLUSION

The study explains the potential of an aerial photograph of UAV for estimation paddy rice
phenology. Mainly this study is the integration between OBIA and minimum distance
classification methods. These procedures have successfully created nine classes of phenology
stages. The performance of the UCR formula is capable of detecting entire phenology stages.
However, it may losses the detection capability since the objects outside the paddy plant exist in
the test area. This evidence has to consider for future study.

5. REFERENCES

Asmoro, D. (2020). Kecamatan Sukoharjo dalam angka 2020 (Fithriyah (ed.)). Badan Pusat Statistik, Kab.
Lampung, Lampung.

Bendig, J., Yu, K., Aasen, H., Bolten, A., Bennertz, S., Broscheit, J., Gnyp, M. L., & Bareth, G. (2015).
Combining UAV-based plant height from crop surface models, visible, and near infrared vegetation
indices for biomass monitoring in barley. International Journal of Applied Earth Observation and
Geoinformation, 39, 79-87. https://doi.org/10.1016/j.jag.2015.02.012

Berra, E. F., Gaulton, R., & Barr, S. (2016). Use of a digital camera onboard a UAV to monitor spring
phenology at individual tree level. International Geoscience and Remote Sensing Symposium
(IGARSS), 3496-3499. https://doi.org/10.1109/IGARSS.2016.7729904

Chadha, A., Florentine, S. K., Chauhan, B. S., Long, B., & Jayasundera, M. (2019). Influence of soil
moisture regimes on growth, photosynthetic capacity, leaf biochemistry and reproductive capabilities
of the invasive agronomic weed; Lactuca serriola. PLoS ONE, 14(6), 1-17.
https://doi.org/10.1371/journal.pone.0218191

de S4, N. C., Castro, P., Carvalho, S., Marchante, E., Lopez-Nufiez, F. A., & Marchante, H. (2018). Mapping
the flowering of an invasive plant using unmanned aerial vehicles: Is there potential for biocontrol
monitoring? Frontiers in Plant Science, 9(March), 1-13. https://doi.org/10.3389/fpls.2018.00293

Fernandez-Guisuraga, J. M., Sanz-Ablanedo, E., Suarez-Seoane, S., & Calvo, L. (2018). Using unmanned
aerial vehicles in postfire vegetation survey campaigns through large and heterogeneous areas:
Opportunities and challenges. Sensors (Switzerland), 18(2). https://doi.org/10.3390/s18020586

Gao, B. C. (1996). NDWI-A Normalized Difference Water Index for Remote Sensing of Vegetation Liquid
Water from Space. Remote Sensing Environment, 58, 257-266.

Ghazali, M. F., Wikantika, K., Aryantha, I. N. P., Maulani, R. R., Yayusman, L. F., & Sumantri, D. I.
(2020). Integration of spectral measurement and uav for estimation paddy leaf chlorophyll. Scientia
Agriculturae Bohemica, 14. https://doi.org/in Press

Hailemichael, G., Catalina, A., & Martin, P. (2016). Relationships between Water Status , Leaf Chlorophyll
Content and Photosynthetic Performance in Tempranillo Vineyards. South African Journal for Enology
and Viticulture, 37(2), 149-156.

Harto, A. B., Ayu, P., Prastiwi, D., Ariadji, F. N., Suwardhi, D., & Fenny, M. (2018). Identification of
banana plants from unmanned aerial vehicles (UAV) photos using object based image analysis (OBIA)
method (a case study in Sayang village , Jatinangor district , West java). Hayati Journal of Biosciences,
14. https://doi.org/Accepted

Hassan-Esfahani, L., Torres-Rua, A., Jensen, A., & McKee, M. (2015). Assessment of surface soil moisture
using high-resolution multi-spectral imagery and artificial neural networks. Remote Sensing, 7(3),
2627-2646. https://doi.org/10.3390/rs70302627

Hunt, E. R., Doraiswamy, P. C., McMurtrey, J. E., Daughtry, C. S. T., Perry, E. M., & Akhmedov, B.
(2012). A visible band index for remote sensing leaf chlorophyll content at the Canopy scale.
International Journal of Applied Earth Observation and Geoinformation, 21(1), 103-112.
https://doi.org/10.1016/j.jag.2012.07.020

Kyratzis, A. C., Skarlatos, D. P., Menexes, G. C., Vamvakousis, V. F., & Katsiotis, A. (2017). Assessment
of vegetation indices derived by UAV imagery for durum wheat phenotyping under a water limited and
heat stressed Mediterranean environment. Frontiers in Plant Science, 8(June), 1-14.
https://doi.org/10.3389/fpls.2017.01114

Li, B., Xu, X., Han, J., Zhang, L., Bian, C., Jin, L., & Liu, J. (2019). The estimation of crop emergence in
potatoes by UAV RGB imagery. Plant Methods, 15(1), 1-13. https://doi.org/10.1186/s13007-019-
0399-7

Liang, L., Di, L., Huang, T., Wang, J. hui, Lin, L., Wang, L. juan, & Yang, M. hua. (2018). Estimation of
Leaf Nitrogen Content in Wheat Using New Hyperspectral Indices and a Random Forest Regression



Algorithm. Remote Sensing, 10(1940), 16. https://doi.org/10.3390/rs10121940

Liu, Q. H., Wu, X,, Li, T., Ma, J. Q., & Zhou, X. B. (2013). Effects of elevated air temperature on
physiological characteristics of flag leaves and grain yield in rice. Chilean Journal of Agricultural
Research, 73(2), 85-90. https://doi.org/10.4067/S0718-58392013000200001

Mandal, D., Kumar, V., Rao, Y., & Bhattacharya, A. (2019). Experimental Field Campaigns at Vijayawada
Test Site. https://doi.org/10.17605/0OSF.IO/DN3E8

Park, J. Y., Muller-Landau, H. C., Lichstein, J. W., Rifai, S. W., Dandois, J. P., & Bohlman, S. A. (2019).
Quantifying leaf phenology of individual trees and species in a tropical forest using unmanned aerial
vehicle (UAV) images. Remote Sensing, 11(13). https://doi.org/10.3390/rs11131534

Ramesh, K., Chandrasekaran, B., Balasubramanian, T. N., Bangarusamy, U., Sivasamy, R., & Sankaran, N.
(2002). Chlorophyll dynamics in rice (Oryza sativa) before and after flowering based on SPAD
(chlorophyll) meter monitoring and its relation with grain yield. Journal of Agronomy and Crop
Science, 188(2), 102-105. https://doi.org/10.1046/j.1439-037X.2002.00532.x

Riihiméki, H., Luoto, M., & Heiskanen, J. (2019). Estimating fractional cover of tundra vegetation at
multiple scales using unmanned aerial systems and optical satellite data. Remote Sensing of
Environment, 224(February), 119-132. https://doi.org/10.1016/j.rse.2019.01.030

Rokhmatuloh, Supriatna, Wibowo, A., Shidig, I. P. A,, Pin, T. G., & Hernina, R. (2020). Spatial analysis of
rice phenology using Sentinel-2 and UAV in Parakan Salak, Sukabumi Regency. IOP Conference
Series: Earth and Environmental Science, 500(1), 8. https://doi.org/10.1088/1755-1315/500/1/012072

Yang, H., Yang, X., Heskel, M., Sun, S., & Tang, J. (2017). Seasonal variations of leaf and canopy
properties tracked by ground-based NDVI imagery in a temperate forest. Scientific Reports, 7(1), 1-10.
https://doi.org/10.1038/s41598-017-01260-y

Ying, C., He, B., Quan, X., & Liao, Z. (2016). Chlorophyll content estimation in arid grasslands from
Landsat-8 OLI data. International Journal of Remote Sensing, 37(3), 615-632.
https://doi.org/10.1080/01431161.2015.1131867

Yingying, X. I. E., Civco, D. L., & Silander, J. A. (2018). Species-specific spring and autumn leaf
phenology captured by time-lapse digital cameras. Ecosphere, 9(1). https://doi.org/10.1002/ecs2.2089

Zul Fahmi, L.P. and Widartono, B. S. (2019). Pemanfaatan Foto Udara Format Kecil (Fufk) Inframerah
Berwarna Untuk Identifikasi Usia Tanam Dan Kemasakan Tanaman Tebu (Saccharum Officinarum) Di
Sebagian Kecamatan Gamping, Godean Dan Prambanan. Bumi Indonesia, 8, 10.



