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Abstract 

 

Agricultural monitoring systems should be able to provide timely information on crop 

production, status and yield in a standardized and regular manner at the (sub) regional to the 

national level. Monitoring and mapping vegetation condition and vegetation health accurately is 

important for crop management, damage assessment and yield prediction. Crop health 

monitoring is one of the important items for tracking the general health status of any crop. The 

use of remote sensing and GIS is useful for crop health monitoring to obtain up to date 

information that is difficult to collect by traditional methods such as field survey and sampling 

questionnaires.  Crop monitoring demands frequent and continuous data at regular time interval; 

such data needs to have better temporal and spatial resolution. In this research work NDVI time 

series data was prepared from Sentinel 2 satellite imageries. Using NDVI time series data crop 

phenology geo-information was generated for Teff, wheat, Onion and Sorghum. In addition, crop 

health status information was analyzed using Vegetation condition index in different time period 

during the growing season. Lastly, crop type mapping was done with the overall accuracy of 

79.26% and Kappa Value of 0.737. 
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Chapter One 

Introduction 

1.1 Background of the study 

Agricultural monitoring systems should be able to provide timely information on crop 

production, status and yield in a standardized and regular manner at the (sub) regional to the 

national level. Estimates should be provided as early as possible during the growing season(s) 

and updated periodically through the season until harvest. Based on the information provided, 

stakeholders are enabled to take early decisions and identify geographically the areas with large 

variation in production and productivity (Atzberger et al. 2013). 

Monitoring and mapping vegetation condition and vegetation health accurately is important for 

crop management, damage assessment and yield prediction (Zhang, et al 2019). Green vegetation 

can be monitored through its spectral reflectance properties (Tucker et al. 1979). Today, a large 

range of satellite sensors provide us regularly with data covering a wide spectral range (from 

optical through microwave). Crop monitoring is crucial for many agricultural and ecological 

applications such as crop yield estimation (Maas, 1988) prevention of diseases and pest 

outbreaks (Hatfield, 1993 and Hatfield, et al. 2018), water resources management (Duchemin, et 

al. 2015) and fertilizer application (Diacono, et al 2013 and Bouchet, 2016). 

Time series of remotely sensed data are an important source of information for understanding 

land cover dynamics. Vegetation dynamics can be defined over several time scales. In the short 

term, communities have seasonally driven phonologies which typically follow annual cycles. 

Between years, phonological markers (e.g., onset of greenness, length of growing season) may 

respond differently; these changes are affected by short-term climate fluctuations (Bradley et al. 

2007). Real-time disturbance detection is critical for signaling abnormal developments, quickly 

raising awareness and reducing negative impacts on natural resources, humans, and 

infrastructure (Verbesselt et al. 2012). 

For decades, satellite remote sensing was promoted as a key data source for operational 

agriculture monitoring. The coarse to medium resolution optical instruments on board of SPOT-
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Vegetation, MODIS and AVHRR satellites play a major role in operational near real-time crop 

monitoring thanks to their daily revisit cycle, their global coverage, their long-term archive and 

their access at no or limited cost (Defourny, et al. 2019). 

1.2  Statement of problem  

In Ethiopia, about 83.9 % of total population lives in rural area and agriculture is the main source 

of their livelihood. Since 2010, Agriculture is the most dominant next to service sector of the 

country‟s economy, by providing employment for 80 % of the total labors force and contributes 

42.7 % to Gross Domestic Product and 70 percent of foreign exchange earnings (NBE, 2013; 

CSA, 2013). These figures show the significance of agricultural sector in Ethiopia with respect to 

employment, contribution to GDP and export.  

Ethiopia has great agricultural potential because of its vast areas of fertile land, diverse climate, 

generally adequate rainfall, and large labor pool. Despite this potential, however, Ethiopian 

agriculture has remained underdeveloped. Because of drought, which has repeatedly affected the 

country since the early 1970s, a poor economic base (low productivity, weak infrastructure, and 

low level of technology), and overpopulation, the agricultural sector has performed poorly. For 

instance, according to the World Bank between 1980 and 1987 agricultural production dropped 

at an annual rate of 2.1 percent, while the population grew at an annual rate of 2.4 percent. 

Consequently, the country faced a famine that resulted in the death of nearly 1 million people 

from 1984 to 1986 (Wubne, et al 1991).  

Remotely sensed Satellite data possess significant potential for monitoring vegetation dynamics, 

due to their synoptic coverage and frequent temporal sampling (Atzberger et al. 2013). Crop 

health monitoring is one of the important items for tracking the general health status of any crop. 

The use of remote sensing and GIS is useful for crop health monitoring to obtain up to date 

information that is difficult to collect by traditional methods such as field survey and sampling 

questionnaires (Prathumchai, 2001). 

In Ethiopia, crop monitoring efforts have been based on conventional methods that rely on the 

availability of meteorological data, which is very tedious and time consuming to collect. 

Moreover, meteorological data and weather information dissemination is also a challenge. 

Consequently, millions of lives may be affected before the actual information is submitted to the 

https://en.wikipedia.org/wiki/World_Bank
https://en.wikipedia.org/wiki/1984%E2%80%931985_famine_in_Ethiopia
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appropriate decisions makers. The information that is produced in the conventional method is 

usually highly uncertain for taking preventive measures; therefore, producing reliable and timely 

information for decision makers is of the utmost importance (Getachew et al., 2011).  

Crop monitoring demands frequent and continuous data at regular time interval; such data needs 

to have better temporal and spatial resolution. With respect to satellite image there are different 

satellite images which provide data with different resolution, as an example; AVHRR, SPOT 

VEGETATION and MODIS with spatial resolution of 1000m -250m. The information which is 

obtained from such satellite image is very coarse for parcel level crop monitoring and mapping. 

Considering this issue, the data used for this research work was a time series data from Sentinel 2 

satellite imagery. The Sentinel 2 satellite image is preferred due to its improved spatial resolution 

(10 meter for optical bands). The main objective of this research was generating crop health 

status geo-information in Menjar Shenkora Woreda of North Shewa Zone.   

1.3 Objectives 

1.3.1 General objective 

The main objective of this research was crop health status monitoring and mapping in Menjar 

Shenkora woreda of North Shewa Zone, Ethiopia. 

1.3.2 Specific objectives 

1. To analyze crop phenology for the major crop types in the study area  

2. To monitor crop health status for the major crop types in the study area, 

3. To communicate updated crop health information to stakeholders.  

1.4 Research questions 

1. How to analyze crop phenology for the major crop types in the study area  

2. How to monitor crop health status in the study area? 

3. How to communicate updated crop health information to stakeholders? 

1.5  Significance of the study 

The geo-information about crop health will benefit stakeholders at the zone, Woreda and kebele 

level in the following manner; 
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1. Experts and decision makers at the zone level will use the information of crop health 

status early before its maturity. If there will be unhealthy vegetation status during the 

growing season they will get an alerting message from the research team of DBU and act 

accordingly.  

2. Woreda agriculture office can also get the same geo-information about crop health from 

the research team and use it to inform farmers and take appropriate measure on the 

problem. 

3. The information of crop health will also be communicated to the farm owner. If there is 

unhealthy development on the farm; the owner will be communicated. This will help him 

to act and solve the problem before the loss of productivity.  

1.6 Scope of the study 

Geographically the study was conducted in the selected kebeles having the similar agro ecology 

(All these kebles have full coverage of Sub tropical climate). These kebeles are Arerti Zuria, 

Agirat, Bolo Silassie, Bolo Giyorgis, Kombolcha and Debre Tsehay. The study gave emphasis 

on crop health status monitoring using Vegetation Condition Index (VCI). We consider about 

four major crops: Teff, Sorghum, Onion and Wheat which are the dominant crop types in the 

study area. 

1.7 Limitation of the study  

It is evident that crop health monitoring and management demands adequate number of 

observations. Unfortunately, there is a thick cloud cover during the earliest growing season(July, 

August and September). As a result of this, in our phenology analysis we can‟t get sufficient data 

in the aforementioned months. So, the left side of our phenology investigation was not 

adequately represented. The same limitation works for VCI computation and analysis. On the 

other hand, a very dense ground sampling is required for crop type mapping. However the 

collected ground control points (GCPs) were 82. 
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Chapter Two 

Literature Review 

2.1 Agriculture in Ethiopia  

Agriculture is still believed to remain a determinant sector that can play a dominant role in 

stimulating the overall economic development of the country in the years to come. It has made a 

major contribution to Ethiopia's impressive overall growth performance' in the past few decades. 

Accordingly, „the sector accounts for more than two-fifths of GDP and three-fourths of 

merchandise export earnings‟ (Haile, 2014). The sound performance of agriculture warrants the 

availability of food crops. This accomplishment in agriculture does not only signify the adequate 

acquisition of food crops to attain food security, but also heralds a positive aspect of the 

economy. It would be realized if and only if strenuous  efforts  are  made  by  the  government  

and  other concerned  stakeholders  including farmers for increasing agricultural productivity 

(CSA, 2014).  

Ethiopia‟s crop agriculture is complex, involving substantial variation in crops grown across the 

country‟s different agro-ecologies. Smallholders account for 96 percent of total area cultivated 

and generate the key share of total production for the main crops. The core crop season is the 

Meher season, with harvests between September and February. Five major cereals (teff, wheat, 

maize, sorghum, and barley) are the core of Ethiopia‟s agriculture and food economy, accounting 

for about three-quarters of total area cultivated and 29 percent of agricultural GDP (Alemayehu 

et. al, n.d). 

2.2 Crop monitoring and Remote Sensing  

Crop conditions will be changed quickly due to various growing condition changes, such as 

temperature, soil moisture, fertilization, disease, or other factors. so timely repeat with a full 

geospatial coverage and sufficient granularity throughout the season is necessary to monitor crop 

conditions (Yang et al, 2011). To support food security, monitoring and estimating of crop yields 

in large areas is of great significance (Hutchinson, 1991).  

Crop condition information Management of crops is an essential part in the food production 

procedure; and is used for agricultural policy, production, food security, and food prices 

minimization (SoFI, 2017). Knowledge of growth stages of each crop is of paramount 
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importance in this respect (Jayawardhana and Chathurange, 2016). Accurate monitoring and 

mapping vegetation condition and vegetation health is important for crop management, crop 

damage assessment and yield prediction (Zhang, et al 2019).  

Crop health monitoring is one of the important items for tracking the general health status of any 

crop (Prathumchai, 2001). Early Warning in the crop health status monitoring is the provision of 

timely and effective information that allows individuals exposed to a hazard to take action to 

avoid or reduce their risk and prepare for effective response (UNISDR, 2009).     

Monitoring crop phenology and disturbances to crop growth is critical in strengthening farmers‟ 

ability to manage production related risks (Hufkens et al, 2019). Traditionally, crop monitoring is 

done by cropland observation by experts, and it is time-consuming and lacks spatial variability 

(Gao and Zhang, 2021). However, because of its synoptic coverage and ability to see in many 

spectral wavelengths, remote sensing of vegetation canopies is promoted as potentially a 

valuable tool for crop monitoring (Hinzman et al. 1986, Quarmby et al. 1993). Remote Sensing 

Vegetation Index (VI) time series has been used to map land surface phenology (LSP) and relate 

to crop growth stages mostly after the growing season.  

Crop growth condition information is critical for crop monitoring and management, and yield 

estimation.    

 The acquisition of early crop condition information can succor decision‐makers in adopting 

measures for averting potential large‐scale grain surpluses and shortages (Wu and Liu, 2000). 

Thus, crop condition information is important for users at different levels, from individual 

farmers to regional or national decision‐makers. Crop condition monitoring can provide an 

objective foundation for large‐scale crop management, as well as early information on crop yield 

estimation (Wu and Li, 2010).    

Moreover, accurate and timely assessment of crop condition in a natural disaster, such as a 

drought or pest infestation, can be critical for countries whose economy is dependent on crop 

production (Doraiswamy et al., 2004). 

For monitoring crop conditions from space, high temporal and spatial resolution remote sensing 

data are required (Doraiswamy et al., 2004). Currently, high spatial and temporal resolution 

remote sensing data have allowed near-real-time mapping of crop phenology within the growing 

season (Gao and Zhang, 2021).  
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Remote sensing techniques are widely used in agriculture and agronomy. The use of remote 

sensing is necessary, as the monitoring of agricultural activities faces special problems not 

common to other economic sectors (FAO, 2011). 

Remote sensing is a wonderful science used for exploring agricultural applications such as crop 

identification, condition and health of crop, extent of infestation, soil moisture estimation, yield 

estimation, agriculture water management, and soil conditions (Kronbak and Liu, 2011). 

Moreover, remote sensing is capable of significantly contribute to providing accurate and timely 

picture of the agricultural sector, as it is very suitable for gathering information over large areas 

with high revisit frequency (Atzberger, 2013).  

Remotely sensed Satellite data possess significant potential for monitoring vegetation dynamics, 

due to their synoptic coverage and frequent temporal sampling (Atzberger et al. 2013). The use 

of remote sensing is useful for crop health monitoring to obtain up to date information that is 

difficult to collect by traditional methods such as field survey and sampling questionnaires 

(Prathumchai, 2001). 

Numerous studies have recognized that plant development, stress, and yield capabilities are 

expressed in the spectral reflectance from crop canopies and quantified using spectral vegetation 

indices (Jackson et al. 1986, Malingreau 1989, Weigand and Richardson 1990).  

2.3. Satellite images with different spatial resolution for crop monitoring  

For operational agriculture monitoring in last decades decades, satellite remote sensing was 

promoted as a key data source. Due to their global coverage, daily revisit cycle, and long-term 

archive and their access at no or minimal cost; and with their coarse to medium resolution optical 

instruments on board of SPOT-Vegetation, MODIS and PROBA-V satellites play a major role in 

operational near real-time crop monitoring (Defournya et al, 2019).  

Published literatures showed that Landsat satellite series permitted developing operational crop 

type mapping at high resolution for some specific agricultural landscapes characterized by large 

fields  (McNairn et al., 2009; Boryan et al., 2011; Yan and Roy, 2014; Fisette et al., 2015; 

Davidson et al., 2017; USDA, 2018). 

The temporal resolution of satellites also determines the usage of the data for crop monitoring. 

For near real-time crop type mapping a 16-day revisit cycle is found to be problematic in regions 

with persistent cloud cover due to the limited number of valid observations (Blaes et al., 2005; 
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McNairn et al., 2009; Johnson, 2014; Whitcraft et al., 2015b). Moreover, Ray et al (2016) stated 

that a 30-m and above spatial resolution does not allow vegetation condition monitoring of the 

individual fields in many agricultural lands, preventing any parcel-based application on most 

cropping systems around the world.  

It is very difficult to have a very high spatial resolution for free. Commercial satellite 

constellations like RapidEye allow monitoring agricultural landscapes with a spatial resolution 

higher than 5 m (Lussem et al., 2016; Xu et al., 2016). However, the problem with these satellite 

data is that   their small scene footprint combined with rather poor radiometric and atmospheric 

correction preventing operational wall-to-wall consistent coverage over large areas in addition to 

the cost constraint (Davidson et al., 2017). In similar fashion, SPOT 6 and 7 imagery is similarly 

used over targeted areas for commercial crop advice programs or specific applications like 

nitrogen management, but cannot be generalized due to their significant cost and still limited 

scene footprint (Defourny et al, 2019).  

2.4. Sentinel-2 satellite image for crop monitoring  

The Sentinel-2 satellite constellation and its Multispectral Instrument (MSI) were designed in the 

framework of the European Copernicus program for land surface and agriculture monitoring to 

measure the reflected solar spectral reflectance in 13 bands ranging from the visible to the Short 

Wave Infrared (SWIR) bands (Defourny et al, 2019). 

The spectral bands of Sentinel-2 include three narrow bands for cloud screening and atmospheric 

correction at 60 m, three red-edge bands and two SWIR bands at 20 m providing key information 

about vegetation, as well as the classical blue, green, red and near infrared bands at 10 m 

resolution (Gascon et al., 2017).  

Since late 2015, the Sentinel-2A satellite provides a temporal resolution (revisit time) of 10 days 

over Europe and Africa and of 20 days elsewhere while the successful launch of Sentinel-2B 

(S2B) was in March 2017, and ensures a 5-day revisit time above all landmasses since February 

2018. The Sentinel-2A and Sentinel-2B space component was designed as a global consistent 

and long-term solution, whose continuity is ensured beyond at least 2030 with the forthcoming 

Sentinel-2C and 2D satellites (Defourny et al, 2019). 
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Unlike the previous Earth Observation (EO) missions, the wideswath of S2 combined with its 5-

day revisit cycle opened the door for revisiting agricultural mapping and monitoring, and for 

addressing new challenges, related to the diversity of cropping systems at global scale.  The 

Copernicus Sentinel-2 mission completely providing a new avenue for near real-time crop 

specific monitoring at parcel level over large countries (Defournya et al, 2019). 

In fact, the Copernicus open and free access policy coupled with the S2 great image quality 

performance (Gascon et al., 2017) provides the opportunity to build dense and consistent time 

series over a growing cycle in most regions of the world. Yet, a key research question concerns 

the scientific feasibility of a generic exploitation of the S2 time series for agriculture monitoring 

across the world. Indeed, up to now, no high spatial resolution agriculture application has been 

considered beyond national scale for systematic, regular and wall-to-wall monitoring (Fritz et al., 

2018). 

The Sen2-Agri open source system design and development addressed the top priority crop 

monitoring needs in support of the national reporting capacities for the “Sustainable 

Development Goal 2 – Zero Hunger” (SDG-2) and the GEOGLAM initiative (Whitcraft et al., 

2015a, Parihar et al., 2012). 

In this new context, the European Space Agency (ESA) funded the Sentinel-2 for Agriculture 

(Sen2-Agri) project (WWW3), which aimed at developing an open-source system based on 

generic time series analysis methods for crop mapping and monitoring, and which could be 

applied anywhere, taking advantage of the global availability of EO high resolution time series 

acquired by S2 and Landsat 8 (L8). 

2.5. Crop Phenology and NDVI Time series data analysis   

Phenology was emerged recently as an important focus for ecological and climate change related 

studies (Cleland et al., 2007; Menzel et al., 2001). Crop phenology is critical for agricultural 

management, crop yield estimation, and agroecosystem assessment. Crop phenology date on the 

other hand is an essential parameter in many agricultural yield models (Gao and Zhang, 2021). 

Crop phenology is defined as physiological development stages of crop growth from sowing to 

harvest. Crop growth management and monitoring require accurate crop phenology information 
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during the growing season (Walthall et al, 2013). Moreover, phenology is the study of cyclic and 

seasonal natural phenomena that are controlled by environmental and climatic factors.  

According to Michael and Nemani (2006) Land surface phenology is an important process for 

real-time monitoring and short-term forecasting in diverse land management, crop health 

monitoring, and hydrologic modeling applications.   

As of Lieth (1974) vegetation phenology refers to the specific life cycle events and their timing 

based on insitu observation. However, phenology from satellite is aggregate information at 

coarse spatial resolution that relates to the timing and rates of greening (growth) and browning 

(senescence), timing of maximum photosynthetic activity and duration of active growth phase at 

both seasonal and inter-annual time scales (Sehgal et al, 2011).  

According to Zhanga et al, (2003), phenology has four transitional dates: greenup stage at which 

photosynthetic activity onset; maturity, the date at which plant green leaf area is maximum; 

senescence, the date at which photo synthetic activity and green leaf area begin to rapidly 

decrease; and dormancy, the date at which physiological activity becomes near zero.   

Crop phenology (growth stage) varies by time/year and location and is affected by many factors 

like climate change, local weather, soil properties, and anthropogenic activities. The crop growth 

stage starts with sowing or emergence and ends with the harvest. Crop sowing dates depend on 

soil temperature, soil moisture, weather condition, and farmer practices. For example wet 

weather may delay crop planting ( Gao and Zhang, 2021). 

Crop phenology and growth condition provide information for crop growth modeling and yield 

estimation (Yang et al, 2018). Monitoring the crop condition manually in the field is difficult and 

time consuming. Therefore recently, several methods have been introduced by using satellite 

derived vegetation indices. Extraction of phenological parameters is helpful for the purposes like 

irrigation management, health management, nutrient management, yield prediction and crop type 

mapping. Easily extracted parameters will be the important data base for agricultural researchers 

((Jayawardhana and Chathurange, 2016).  

 Since it is an indicator of crop growth conditions, phenology is correlated with crop yields (Ji et 

al, 2021). Information on phenological development is a fundamental key to crop monitoring 

because it describes the actual state of the cultivated species and varieties and their relation with 

the soil and climate (pedoclimate) conditions.  
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The phenological stage of crop can be measured using field observation by the farmer. In such a 

traditional way, the assessment of phenological stages is carried out by visual detection of clear 

and easily recognizable external morphological characteristics (Boschetti et al, 2009).  However 

it is difficult to maintain the same method in large areas. Therefore, remotely sensed time series 

data are essential for the estimation of crop phenology stages across large areas (Jayawardhana 

and Chathurange, 2016).  

Recently, the use of high temporal resolution satellite data has been emerging as an important 

tool in studying crop phenology. Most methods to detect phenological events based on satellite 

data use thresholds to identify key events in the lifecycle of a crop (You et al, 2013). 

Crop phenological stage computation from remote sensing data becomes more and more 

important for crop progress and crop condition evaluation and also crop yield estimation in 

agricultural decision support (Doraiswamy et al, 2004; Sakamoto et al, 2005). Crop condition 

assessment needs crop phenology information as an indicator of the crop condition (Biatwright et 

al, 1986).  

Remote sensing of vegetation involves an implicit link to vegetation phenology. The seasonal 

behavior of vegetation is a fundamental component of successful image interpretation (Morain 

1974; Lillesand and Kiefer 1987; Lloyd 1990).   

Historical crop calendars can be easily made and it may be an important database for food 

security information systems.  

Many approaches of estimating phenology from time series of Normalized Difference 

Vegetation Index (NDVI) have been published in literature but there is no consensus on the 

optimal approach for producing vegetation phenology at pixel or regional scales (Sehgal et al, 

2011). NDVI plays an important role in agriculture. Higher NDVI values usually represent 

greater vigor and photosynthetic capacity of vegetation canopy (Jayawardhana and Chathurange, 

2016).  

NDVI data derived from the National Oceanic and Atmospheric Administration‟s Advanced 

Very High Resolution Radiometer (AVHRR) satellite sensor offer a means of efficiently and 

objectively evaluating phenological characteristics over large areas (Bradley et al, 1994). 

In remote sensing, NDVI is designed by enhancing the difference between the spectral 

reflectance of visible and infrared band to reflect vegetation status (Brown, et al, 2013; 

Landmann et al, 2013).  
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NDVI time series are  used by different organizations like the Monitoring Agricultural Resources 

(MARS) unit at Joint Research Centre (JRC), the United States Famine Early Warning System 

Network (FEWS-NET), and the United Nations Food and Agricultural Organisation (FAO) as an 

early warning indicating tool for potential food production problems in African countries (Rojas 

et al., 2008). 

Time-series of NDVI data from satellite sensors carry useful information about the vegetation 

phenology, which is used to characterize growth process and seasonal dynamics of vegetation for 

research on climate change and ecosystem response (Verbesselt et al, 2010; Kariyeva and 

Leeuwen, 2011; Li et al, 2011; Fensholt and Proud, 2012; Forkel et al., 2013).  

It has been proved proven that NDVI maps are valuable in providing a spatially complete view 

of crop vegetation condition, which manifests disastrous events such as drought and flood (Yang 

et al, 2011). Vegetation indices (VI), among which NDVI is in the forefront are typically a sum, 

difference or ratio of two or more spectral wavelengths. They are highly correlated with 

photosynthetic activity in non-wilted plant foliage and are good predictors of plant canopy 

biomass, vigor or stress (Tucker, 1979). Vegetation monitoring using the red and near infrared 

SPOT VGT channels has been one of the most widely used indices. The NDVI correlates closely 

with green biomass and the leaf area index (LAI).    

2.6. Challenges in using Satellite Data and methods in filling data gap  

Due to the unfavorable atmospheric conditions and viewing geometries in time of data 

acquisition, NDVI time-series curve often contains a lot of noise; and fluctuates greatly 

(Motohka et al, 2011; Park, 2013). Hence, there is a resilient need for the reconstruction of 

NDVI time-series before extracting information from the noisy data.  

Data users may use maximum value compositing (MVC) method to obtain a relatively cloud-free 

data but still residual noise exists in the NDVI data products, and will prevent the accurate 

detection of vegetation phenology (Holben, 1986). Therefore, Residual noise due to poor 

atmospheric conditions and other factors in computing NDVI time-series analysis has prevented 

the further application of the data (Wei et al, 2015). 

  Different literatures evaluated the performances of different noise reduction techniques for 

NDVI time-series data either in qualitative or quantitative methods (Bradley et al, 2007; Hird 

and McDermid, 2009; Julien and Sobrino, 2010; Geng et al., 2014; Michishita et al, 2014).  
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Besides to their easiness, qualitative evaluations may only reveal the technique that produces the 

most visually pleasing result. While quantitative evaluations are better in accuracy though they 

analysis is more complex (Shan and Xu, 2013; Xu et al, 2013).    

For reducing the noise; and reconstructing NDVI time-series several techniques have been 

presented. These methods can be grouped in to two major types. These are filtering methods and 

function fitting methods (Reed et al, 2009).  

Filtering methods consist of Savitzky-Golay (SG) filtering (Chen et al., 2004), the best index 

slope extraction (BISE)  filtering (Viovy, Arino, and Belward, 1992) and the modified version of 

BISE (Lovell and Graetz, 2001), moving median and mean filtering (Kogan & Sullivan, 1993), 

temporal window operation (TWO) filtering (Park and Tateishi, 1998), maximum value iteration 

(MVI) filtering (Taddei, 1997), fast Fourier fltering (Sellers et al., 1994) and wavelet (Lu et al, 

2007) transformation based frequency domain low pass filtering, 4253H Twice (4253HT) 

filtering (Velleman, 1980), ARMD3-ARMA5 (ARM3–5) filtering (Davis, 2002) and iterative 

interpolation for data reconstruction (IDR) (Julien & Sobrino, 2010), and others.  

On the other hand, Function fitting methods includes: Asymmetric Gaussian function (AG) 

fitting (Jönsson and Eklundh, 2002), Double Logistic function (DL) fitting (Beck et al, 2006), 

Fourier function fitting such as harmonic analysis of time series (HANTS) (Roerink et al, 2000) 

and Sellers algorithm (Sellers et al., 1996), piecewise Logistic function (PL) fitting (Zhang et al., 

2003) and others.   
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Chapter Three 

Research Methodology 

3.1 Location 

Menjar Shenkora Woreda is one of the woredas in North Shewa Zone of Amhara regional state 

of Ethiopia. It is the southernmost Woreda of north Shewa zone and its extent is in between 8
0
 

41‟ 42‟‟-9
0 

6‟39‟‟North to 39
0 

13‟0‟‟-39
0
44‟33‟‟ East (Figure 1). In this Woreda there are about 

29 kebeles with a total area of 1511km
2
. It is bordered on the east, south and west by the Oromia 

Region, on the northwest by Hagere Mariamna Kesem, and on the northeast by Berehet woreda.  

 

Figure 1 Location map 

3.2 Elevation 

Elevation is the height of a particular feature above mean sea level. Elevation of Menjar 

Shenkora Woreda ranges from 999-2622 Meter above mean sea level (Figure 2). As it is clearly 

displayed on figure 5, elevation decreases from West to East direction and vice versa. 

https://en.wikipedia.org/wiki/Oromia_Region
https://en.wikipedia.org/wiki/Oromia_Region
https://en.wikipedia.org/wiki/Hagere_Mariamna_Kesem
https://en.wikipedia.org/wiki/Berehet
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Figure 2 Elevation map 

3.3 Agro ecology 

Agro ecologically menjar shenkora is classified in to three classes; these are Tropical, sub-

tropical and Temperate with elevation values of 500m-1500m, 1500m-2300m and 2300m-3300m 

respectively.  

Table 1: Agro ecology map 

SN Name Area Percent 

1 Tropical 50984 34 

2 Subtropical 92720 61 

3 Temperate 7504 5 

4 Total 151208 100 
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According to our agro-ecological zone classification the share of subtropical tropical and 

temperate areas is about 61%, 34% and 5% respectively (table 1& figure 2). The Woreda is well 

known by its surplus production of Teff and other cereal crops. According to 2007 national 

census, this woreda has a total population of 128,879, of whom 66,918 are men and 61,961 

women; 12,237 or 9.49% are urban inhabitants. 

 

Figure 3 Agro ecology map 

3.4 Data type and data sources 

 

The data which will be used for this research work was collected from different sources. The 

data type and their sources are indicated table 2. 
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Table 2: Data type and data source 

SN Data type Source Purpose 

1 Sentinel 2 satellite 

image 

https://scihub.copernicus.eu/ To acquire optical data 

with 10m spatial 

resolution 

2 Parcel data North Shewa Rural land 

administration 

To generate parcel level 

geo-information 

3 GCP Field measurement Validation 

4 Phenology information Key informant interview To collect information 

about the growing 

season and phonological 

stages of crops 

 

4.2 Sentinel 2 Satellite image 

The Sentinel-2 (S2) satellite constellation and its Multi Spectral Instrument (MSI) were designed 

in the framework of the European Copernicus program for land surface and agriculture 

monitoring to measure the reflected solar spectral reflectance in 13 bands ranging from the 

visible to the Short Wave Infrared (SWIR) bands. The spectral bands include three narrow bands 

for cloud screening and atmospheric correction at 60 m, three red-edge bands and two SWIR 

bands at 20 m providing key information about vegetation, as well as the classical blue, green, 

red and near infrared bands at 10 m (Gascon et al., 2017). Since late 2015, the Sentinel-2A (S2A) 

satellite provides a revisit time of 10 days over Europe and Africa and of 20 days elsewhere 

while the successful launch of Sentinel-2B (S2B) in March 2017 ensures a 5-day revisit time 

above all landmasses since February 2018. 

Sentinel satellite image is preferred for crop monitoring because of its high spatial resolution 

(10m for blue, green, red and near infrared channels) and high temporal resolution which about 5 

days.  

4.3 Parcel data 

The parcel data will be used as a mask when calculating normalized difference vegetation index 

(NDVI). In this research work the required geo-information is only about crop health status; due 

to this other land use and land covers need to be excluded. 
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4.4 Normalized difference vegetation Index (NDVI) 

NDVI values range from +1 to -1, with high positive values corresponding to dense and healthy 

vegetation, and low and/or negative NDVI values indicating poor vegetation conditions or 

unhealthy vegetative cover. The normalized difference vegetation index (NDVI) is the ratio of 

the difference between the near-infrared band (NIR) and the red band (R) and the sum of these 

two bands (Rouse Jr et al. 1974): 

     
       

        
                                 (1) 

Where, NIR is near infrared reflectance, RED is red reflectance. In this research work sentinel 2 

image was used to calculate NDVI. In doing so band 8 and band 4 was used for near infrared and 

red bands respectively. 

The amount of reflection and absorption in the near infra-red region is an important indicator of 

vegetation health. Different researchers and organizations used this method to study vegetation 

health like the Monitoring Agricultural Resources (MARS) unit at Joint Research Centre (JRC), 

the United States Famine Early Warning System Network (FEWS-NET), and the United Nations 

Food and Agricultural Organization (FAO) as an early warning for potential food production 

problems in African countries (Rojas et al., 2005). 

4.5 NDVI anomaly 

The NDVI anomaly indicates the variation of the current value to the long-term average, where a 

positive value would signify enhanced vegetation conditions compared to the average, while a 

negative value would indicate comparatively poor vegetation conditions. 

NDVI anomaly is the most common NDVI-based approach for detecting and mapping drought 

and vegetation health using its long-term mean for a pixel or region at a given time (Anyamba 

and Tucker, 2012).  

To derive NDVI anomaly, firstly the mean NDVI (NDVI i mean) of the growing season (Sep to 

January.) for each year will be computed using the following formula. 

                                  

https://www.sciencedirect.com/science/article/pii/S0140196318302659#bib1
https://www.sciencedirect.com/science/article/pii/S0140196318302659#bib1
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Where NDVI meani is mean NDVI value of the growing season of i year and NDVI1 is the first 

(5-10) -days NDVI2 is the second (5-10) days and to NDVIn which is the last (5-10) days NDVI 

composite during the growing season of i year. 

After computing NDVI mean for each growing season of the 5 years, the overall mean (NDVI) 

of all NDVI means will be then computed by using the following expression 

               ∑           

 

   

   

where n is the number of years which is equal to 5 years. The seasonally NDVI anomaly will be 

derived using the next formula 

              
                

      
     

Where NDVI anomaly i is the NDVI anomaly for the growing season during i year. 

4.6 Vegetation condition index 

The Kogan (1995) proposed a vegetation condition index based on the relative NDVI change 

with respect to minimum historical NDVI value NDVImin(x, y). It was defined as following: 

 

                                       

 

                                      

 

Where NDVI max is maximum NDVI from the time series data, Min NDVI is minimum NDVI 

from the time series data. This was done by cell statistics tool of Arc GIS software. 

 

              
            

                         
     

  

Where VCI is vegetation condition index, NDVI min is minimum NDVI in the time series data, 

NDVI max is the maximum NDVI in the time series data. In this study, the calculation of 

vegetation condition index was done by raster calculator tool. 
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4.7 Information dissemination 

 

The generated geo-information is displayed to stakeholders (DBU, north Shewa zone agriculture 

office, Woreda agricultural office and farmers). Due to thick cloud cover the information is 

updated 1-3 times per month during the growing season. In order to communicate the result 

vegetation condition index map is used. 

4.8 Flow Chart of Activities 

 

Figure 4: Flow chart of activities 
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Chapter Four 

Result and Discussion 

4.1 Phenology of major crops 

The phenology dynamics of regional vegetation reflect how ecosystem is reacting to climate 

change, and the timing of phenological cycles is often used as an effective parameter for gaining 

a better understanding of vegetation-climate interactions and their effect on carbon cycling 

(White et.al 2009) 

Crops phenology provides vital information for irrigation scheduling, fertilizer management, 

seasonal ecosystem carbon dioxide (CO2) exchange understanding, and biomass productivity 

estimation (You et.al 2013). Therefore, timely and accurate crop phenology identification is not 

only important for climate variability research but also it is significant for the scientific and 

rational utilization of farmland. Nonetheless, most agricultural crops show a typical pattern of 

NDVI value consisting of a drop at the beginning of the growing season (indicating tillage), high 

values in the middle (showing full bloom) and a drop again at the end of the growing season 

(indicating harvest) (Kanjir et.al 2018). 

The annual cycle of vegetation phenology inferred from remote sensing is characterized by four 

key transition dates, which define the key phenological phases of vegetation dynamics at annual 

time scales. These transition dates are: (1) greenup, the date of onset of photosynthetic activity; 

(2) maturity, the date at which plant green leaf area is maximum; (3) senescence, the date at 

which photosynthetic activity and green leaf area begin to rapidly decrease; (4) dormancy, the 

date at which physiological activity becomes near zero (Zhang et al 2003). 

 

Crop phenology studies require frequent observation of the target. In our study, we used Sentinel 

satellite image with 5 days of temporal resolution. Due to thick cloud cover in the early growing 

period, we use only cloud free images in July, August and September. In the current study, 

phenology detection is performed for the four major crops: Teff, Onion, Wheat and Sorghum. 

According to our analysis, for all crops July 12 marks the beginning of growing season which is 

primarily related with emergence of seedling. The high NDVI value for Teff is detected on 

August 26 while October 5 is the date of highest NDVI value for wheat. Highest NDVI values 
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for Onion and Sorghum are observed on September 15. These peaks in the phonology graph 

indicate the dates of maximum greening stage.  

After the maximum greening stage, the gradual decrement of NDVI values of all crops is 

observed. November 9 is the date of Senescence for Teff and Wheat , whereas November 14 is for 

Sorghum. The date of senescence for onion is October 25. The end of growing season (harvesting 

period) for Onion is around November 9, for Wheat it is November 14. November 19 marks the 

harvesting time for Teff and Sorghum (Table 3 & Figure 3).  

Table 3: phenology of major crops 

SN 

Crop 

Name Sowing Emergence 

Max 

greening Senescence Harvesting Remark 

1 Teff July1-30 Aug 1-30 

Sep 1-

30 Sep 23-30 Oct 1-Dece 15 

From 

Agricultural 

office 

2 Onion 

June 23-July 

7 July 23- 31 

 

Sep 23-30 

Sep23- Octo 

15 

3 Wheat July1-30 Aug 1-30 

Sep 1-

30 Sep  23-30 Oct 23-Nov 15 

4 Sorghum 

 

July 1-30 

Sep 1-

30 15-Oct Nov1- Dec 31 

5 Teff 27-Jun 12-Jul 26-Aug 9-Nov 19-Nov 

NDVI 

Result 

6 Onion 27-Jun 12-Jul 15-sep 25-Oct 9-Nov 

7 Wheat 27-Jun 12-Jul 5-Oct 9-Nov 14-Nov 

8 Sorghum 27-Jun 12-Jul 15-Sep 14-Nov 19-Nov 

 

 

Figure 5 Phenology graph 

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

Teff

Wheat

Onion

Sorghum



23 
 

 

a 

 

b 
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c 

 

d 

Figure 6: Phenology maps of Teff(a), Onion(b), Wheat(c) and Sorghum(d) 
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4.2 Crop type mapping 

In the study area, the task of crop land information gathering and communication has been based 

on a manual method which is primarily by expert observation and farmer interviews.  Practically, 

such methods are tedious, time consuming, costly and less effective in communicating parcel 

level information for stakeholders. Satellite images based crop maps provide an effective 

alternative for accurate crop information collection, documentation and communication 

(Thiruvengadachari and Sakthivadivel 1997; Lobell et al. 2003; Thenkabail et al. 2010). In our 

study, we classified and mapped the major types of crops in the selected kebeles. In doing so, we 

collected ground control points from the field for the purpose of classification and validation of 

the generated crop map. As it is shown in table 4 about 67% of the cultivated land is covered by 

Teff. Such a large share of teff is due to the popularity of this crop in  Menjar Shenkora Woreda. 

The share of Onion in the classified crop map is about 13%. The remaining 20% of parcels are 

covered by wheat and sorghum with equal share (Table 4). The crop type map was classified 

with an overall accuracy of 79.26% and kappa value of 0.737(table 5& figure 5). Thus our 

classification result deviates by 20.74%. Crop area statistics collected by different stakeholders 

such as agricultural offices and nongovernmental organizations generally show deviations of up 

to 30% and don‟t truly correlate to the cultivated area (Van Genderen et al. 1978; Stehman et al. 

2003; Gallego 2004; Biggs et al. 2006).   

Table 4: Crop statistics 

SN Name Area Percent 

1 Teff 7934.95 67 

2 Onion 1554.73 13 

3 Wheat 1222.18 10 

4 Sorghum 1189.70 10 

5 Total 11901.56 100 
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Figure 7 Crop Map 

Table 5: Accuracy report 

    Reference   

    Teff Onion Wheat Sorghum Total 

User 

Accuracy Kappa 

C
la

ss
if

ie
d

 Teff 18.00 1.00 1.00 0.00 20.00 90.00 

0.737 

Onion 1.00 14.00 3.00 2.00 20.00 70.00 

Wheat 3.00 1.00 16.00 2.00 22.00 72.73 

Sorghum 0.00 1.00 2.00 17.00 20.00 85.00 

Total 22.00 17.00 22.00 21.00 82.00 

 

  

Producer 

Accuracy 81.82 82.35 72.73 80.95  OA=79.26     
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4.3 Crop status monitoring 
 

Crop status information is critical to decision making in both public and private sectors that have 

concern for agricultural policy making, production and food self-sufficiency. Crop conditions 

change quickly due to different growing condition changes, such as temperature, soil moisture, 

fertilization, or disease, etc. so, frequent observation with a full geospatial coverage and 

sufficient granularity throughout the growing season is vital to monitor crop conditions (Yang et 

al 2011). 

Green plant leaves naturally have minimum reflectance and transmittance in visible regions of 

the electromagnetic spectrum (i.e., 400 to 700 nm) due to strong absorbance by photosynthetic 

and accessory plant pigments (Chappelle et al., 1992). Conversely, reflectance and transmittance 

are usually high in the near-infrared regions (NIR, 700 to 1300 nm) because there is very little 

absorbance by subcellular particles or pigments and also because there is considerable scattering 

at mesophyll cell wall interfaces (Gausman, 1974; Gausman,1977; Slaton et al., 2001). This 

sharp difference in reflectance properties between visible and NIR wavelengths enable a majority 

of remote sensing methods for crop and natural vegetation monitoring and management. 

In this study we used vegetation condition index to generate and quantify crop status 

information. As it is clearly shown in table 6 anomaly information for the parcels is classified in 

to five classes as extreme anomaly, severe anomaly, moderate anomaly, normal condition and 

better than average(Luisa 2017). According to October 1-10 anomaly result about 78.56% of the 

study area is in a better than average anomaly class. This percentage value is 5%, 4.06, 2.09% 

and 10.29% for normal condition, moderate anomaly, severe anomaly and extreme anomaly 

respectively.  

In the second date of anomaly analysis, the share of better than average anomaly class decreased 

significantly to 56.72%. Conversely to this, the percentage of extreme anomaly and severe 

anomaly increased to 14.96% and 6.24% respectively. In the first days of November the share of 

better than average anomaly class is about 43.78% which is still decreasing as compared to the 

previous percentage share. In this measurement date the percentage share for extreme anomaly 

and severe anomaly is about 13.51% and 10.96% respectively. In the last measurement date the 

share of better than average increased to 72.80 %. In contrary to this, the share of extreme 

anomaly and severe anomaly decreased to 3.46% and 7.21% correspondingly (table 6). In his 
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study crop condition information is prepared and mapped for each parcel for the selected kebeles 

of Menjar Shenkora Woreda (Figure 8). 

Table 6: crop status information 

Name Area      

(Oct 1-

10) 

% Area       

(Oct 20-

30) 

% Area    

(Nov 1-

10) 

% Area        

(Nov 

10_20) 

% 

E Anomaly 1634.69 10.29 2376.70 14.96 2145.98 13.51 549.50 3.46 

S Anomaly 332.67 2.09 990.92 6.24 1741.82 10.96 1146.23 7.21 

M Anomaly 644.71 4.06 1726.28 10.86 2681.61 16.88 1161.98 7.31 

N Condition 794.78 5.00 1782.80 11.22 2362.60 14.87 1463.74 9.21 

B Than 

AVG 
12481.94 78.56 9012.09 56.72 6956.78 43.78 11567.34 72.80 

Total 15888.79 100.00 15888.79 100.00 15888.79 100.00 15888.79 100.00 

 

 

Figure 8: Crop Status Map 
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Chapter Five 

Conclusion and Recommendations 

5.1 Conclusion 

Geo-information about crop health status was the main objective of this research work. To 

realize this objective NDVI time series data was prepared from sentinel satellite image which 

was acquired from the official website of Sentinel Hub (Sentinel Hub (sentinel-hub.com)). In the 

study the effectiveness of geospatial methods and Optical data was tested and they are proved to 

be effective with some limitations. The output of the current research gives information about the 

onset, greening, maturity and senescence dates for Teff, Wheat, Onion and Sorghum.  

According to our analysis, for all crops July 12 marks the beginning of growing season which is 

primarily related with onset of photosynthetic activity. The high NDVI value for Teff is detected 

on August 26 while October 5 is the date of highest NDVI value for wheat. Highest NDVI values 

for Onion and Sorghum are observed on September 15. These dates are related with maturity 

stage which is date at when plant green leaf area is maximum.  Senescence is the date at which 

photosynthetic activity and green leaf area begin to rapidly decrease. November 9 is the date of 

Senescence for Teff and Wheat, whereas November 14 is for Sorghum. The date of senescence 

for onion is October 25.  Dormancy, the date at which physiological activity becomes near zero. 

The end of growing season (harvesting period) for Onion is around November 9, for Wheat it is 

November 14. November 19 marks the harvesting time for Teff and Sorghum. 

Crop type map in the selected kebeles of Menjar Shenkora Woreda was prepared for the major 

crops. According to the result, 67% of the total cultivated land was covered by Teff which is the 

most popular crop in the study area. The share of Onion, Wheat and Sorghum is about 13% and 

10% respectively. Crop health status map was also prepared and classified as Extreme anomaly, 

Severe Anomaly, Moderate anomaly, Normal condition and better that average at four different 

time period.  

 

 

https://www.sentinel-hub.com/
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5.2 Recommendation  

According to our major finding we forward the following recommendations: 

 As compared to the conventional method of crop monitoring, remote sensing based 

method is better for continuous, accurate and effective crop health status monitoring. 

Thus, we suggest stakeholders to use this method to monitor crop status. 

 Crop type mapping demands intensive ground control points for the different crop types. 

Therefore, collection of intensive field data in several parcels can improve the task of 

crop type mapping. 

 The existence of thick cloud cover was a major challenge for crop phenology and crop 

health status analysis. Thus, using only optical bands of sentinel satellite imagery has a 

significant impact on the analysis. Therefore, we recommend other researchers to use 

both optical and Synthetic Aperture Radar (SAR) data. 

 Geo-information communication about crop health can be easily done using Arc GIS 

online platform. As a higher education institution we urge Debre Berhan University to 

secure the Subscription of this platform and enable its researchers to have unlimited 

access and usage of the platform.  
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