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Cannabis Sativa is an annual crop that is cultivated in the Bekaa valley of 

Lebanon. Cannabis is an important crop for farmers in north Bekaa due to its low 

production cost and high reutrn compared to other crops. Since cultivation of Cannabis is 

prohibited, no statistics are available concerning its cultivation areas and annual 

production. In this research, remote sensing techniques were used to detect the Cannabis 

Sativa fields in the Bekaa valley. Different satellite imagery were utilized in the study 

including Worldview-3, Sentinel-2, RapidEye, Landsat 7, Landsat 8, and ASTER. The 

research was developed by digitizing surveyed fields of the aforementioned crops in 

GIS, updating vegetative status of all fields to match with the date of the satellite 

imagery, and discriminating Cannabis Sativa fields by image classification techniques. 

Two pixel-based image classification techniques were used for Cannabis detection: 

maximum likelihood classifier (MLC) and decision tree (DT). MLC is a traditional 

classifier that is based on training data and statistical parameters, whereas DT is a 

conditional classifier that is independent of statistical assumptions. Both classification 

methods were evaluated by accuracy assessment using digitized data not used for 

training. Classifications were evaluated by analyzing user’s accuracy, producer’s 

accuracy, and total accuracy. MLC was applied to all satellites and proved the ability of 

Landsat 7 & 8, Sentinel-2, and RapidEye to discriminate Cannabis. DT had several 

advantages over the MLC by not requiring training data and giving higher accuracy 

results. Results show that it is best to implement the developed DT with Landsat 8 

imagery between May and June at CDI threshold of 4.8 and FOV of 0.36 to detect 

Cannabis Sativa fields. Using the DT classification method, the total cultivated areas of 

Cannabis in the northern-central Bekaa were estimated to be in the range of 1,500 - 

2,200 ha for year 2015 and 2,700 - 4,000 ha for year 2016. The research results are 

promising for provision of a risk-free method to detect illegal Cannabis plantations in 

heterogeneous landscapes. 
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CHAPTER I 

 

INTRODUCTION 

 

Cultivation of Cannabis Sativa in Lebanon remains a controversial issue for 

both the government and the local farmers. Although cultivation of the Cannabis crop is 

illegal according to the Lebanese law, it is still widely cultivated in Lebanon. According 

to  Haju (2015), more than 7,000 ha planted annually. This large production of Cannabis 

places Lebanon alongside Morocco, Afghanistan, India, and Pakistan as the top five 

countries for Cannabis resin production in the world (UNODC, 2011). Central and 

Northern Bekaa are the two most common areas for Cannabis cultivation in Lebanon, 

specifically in the Yammoune and Iaat plains. Due to its high return value compared to 

other crops, Cannabis is a major source of income for some population in the Bekaa 

valley.  

The government and the Cannabis farmers have opposite views pertaining to the 

cultivation of Cannabis. Lebanese farmers continue to grow Cannabis illegaly despite 

the government’s opposition because it costs less than other crops and its profit is greater 

(Bassam, 2014). The illegitimate nature of the industry has undermined the efforts to 

estimate the extent of its production, economic return, and has posed limitations on its 

traditional mapping as a feasible solution to scale and account for Cannabis cultivation 

(Adam et al., 2010). Several cases have showed the inapplicability of site mapping due to 

some protective measurements that the farmers implement. Farmers tend to cultivate 

Cannabis in inaccessible fields that are surrounded by tall crops or fencing walls. In 

addition to that, Cannabis farmers showed interest to combat with the local national 

forces for protecting their Cannabis plantations. For example, in 2010 Cannabis farmers 
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blocked the roads to prevent the national security forces from reaching their Cannabis 

fields during a government-led eradication campaign (Bassam, 2014).  

Remote sensing offers a powerful tool for detecting Cannabis. Promising results in 

identifying agricultural fields have been accounted for and discussed in existing literature 

and among academic circles (Van Niel and McVicar, 2004, Tso and Mather, 1999, 

Tatsumi et al., 2015, Murakami et al., 2001). Researchers have previously used 

hyperspectral and multispectral satellite imagery for distinguishing plant communities 

and differentiating between crops respectively (Rosso et al., 2005, Pengra et al., 2007, Li 

et al., 2005, Harvey and Hill, 2001, Belluco et al., 2006, Basham May et al., 1997). The 

detection of certain agricultural crops by remote sensing varies in difficulty and accuracy 

depending on certain factors such as available imagery, growing pattern, presence of 

other crops, soil-vegetation interaction, cultivation period, and the instantaneous 

vegetation status of the crop. Image classification is a method that utilizes satellite 

imagery for crop discrimination. Several classification techniques have been developed 

for classification enhancement. Research have shown an advantage of the object-based 

classifications (Tehrany et al., 2014) by implementing of object shape. This advantage 

does not apply in agricultural areas due to similarity in the shape of fields. Alternatively, 

the decision tree is a pixel-based classification approach, which benefits from spectral 

properties to classify crops. This method has proven its advantage over other 

classification methods like image segmentation, ISODATA, k-means and others (Otukei 

and Blaschke, 2010, Pal and Mather, 2003). Although crop detection using remote 

sensing has been an active area of research, limited work has been done on the detection 

of Cannabis Sativa in particular. 
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Daughtry and Walthall (1998) reported spectral differences between Cannabis and other 

crops, as their study was conducted using spectro-radiometer. Azaria et al. (2012) were 

able to identify Cannabis using a high-resolution hyperspectral scanner mounted to a 

drone. Pesaresi (2008) suggested the implementation of high-resolution imagery. More 

recently, an attempt for the detection of Cannabis plantation areas was done in Brazil 

using SPOT-5 imagery and object-based image classification (Lisita et al., 2013). 

This study aims to 1) identify multispectral satellites that have the potential to 

detect Cannabis Sativa fields; 2) evaluate the classification approaches for Cannabis 

detection; 3) develop a decision tree that can detect Cannabis fields; 4) estimate the total 

Cultivated areas of Cannabis in the Bekaa valley for the study period (2015-2016). 
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CHAPTER II 

LITERATURE REVIEW 

 

A. Cannabis plant 

1. Origin & History  

Cannabis Sativa is a monoecious plant native to central Asia, an area spanning 

from Pakistan to Turkestan that has diverse uses in medicine, production and feeding 

(trichomes and seed-oil). Historical accounts of the use of the Cannabis plant and its 

products date back to prehistoric times and ancient civilizations. The oldest preserved 

specimens of Cannabis Sativa found in a Chinese burial dates back to 1200 BC 

(Richardson, 1986). Back then, Cannabis was heavily utilized due to its vigorous 

phonological traits and medicinal properties (Brown et al., 1998, Mechoulam, 1986). 

In Ancient Egypt, the Cannabis plant was cultivated as a medicinal herb and a source of 

fiber (Nunn, 1996). Analysis of hair specimens obtained from Egyptian mummies 

revealed high concentrations of Cannabis, 800-4100ng/g (Moore et al., 1993). In the 

Bible and Judea, it is written that the oral uptake of Cannabis was used to treat 

impotence and depression. In Eastern Europe, “polypod” (small bowls) were found and 

believed to have been used as braziers in which Cannabis would be burned in order to 

trigger psychoactive effects on the mind of its users (Rudgley, 1993). Moreover, 

“polypod” were first found in the East and then, via the migration of culture, made its 

way to the West. 

For Arab and Persian civilizations, Cannabis was used abundantly. Due to the 

effects of Cannabis’ active ingredient THC (tetrahydrocannabinol), the plant is referred 

to in Arabic as “hashish” – derived from “hashish Al-kief” which literally translates to 
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“plant of joyfulness” (Brown et al., 1998). In India, the first record of Cannabis usage 

was in 200 BC. The plant, which was commonly known as “Bhanga”, was recommended 

to reduce phlegm, stimulate memory and to allow the mind to focus on meditation 

(Chopra and Chopra, 1957). Cannabis was also claimed to eliminate fear in warriors 

before battles. Indians describe the effects of Cannabis as causing a reeling gait, laughter 

and excitement. Specimens from Peruvian mummies dating to the period between 200 

and 1500 A.D had cannabinoids residues suggesting substance migration and cultural 

interaction between South America and Near East Asia (Brown et al., 1998). Moreover, 

Cannabis became a part of the several traditions of eastern European countries as well as 

an integral product to trade with near East Asian countries. Since hemp fibers are durable 

and waterproof, Europeans used it to manufacture sailing vessels and produce ropes and 

rigging equipment. In France, Napoleonic soldiers first introduced it into the country as a 

remedy for mental illness. There were specimens found in Roman wells in York, 

England. However, although the plant was not cultivated in those areas due to inadequate 

climatic conditions, the British used hemp ropes abundantly in their navy and thereby 

promoted the plant’s production in North America. By 1969, the spread of Cannabis 

from farmland to the wilderness reached 150,000 acres in Nebraska, while the very act of 

smoking Cannabis was not so long ago introduced into the United States by immigrant 

Mexican laborers (Brown et al., 1998). During that period and for the past decades, 

Cannabis was still considered illegal to cultivate, trade and consume. Nowadays, 

however, many countries including the United States have put in place new laws that 

promote the plant’s medicinal effects. 
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2. Cultivation  

Cannabis Sativa is an annual plant that grows best in warm temperatures (Brown 

et al., 1998). Sowing dates can vary depending on region, soil type, temperature and 

climatic factors. In the Bekaa region specifically, which has a semi-arid climate and hot 

summer waves, the plant is usually sown during spring and harvested in late summer-

early fall. Farmers usually grow Cannabis along with other crops such as potato, tobacco, 

onion and vegetables. Similar to wheat and barley, Cannabis seeds are manually 

forecasted by labor, it takes few days to germinate. Moreover, one Hectare requires fifty 

kilograms of Cannabis seeds (Hamieh, 2014). 

Moreover, Cannabis is a monoecious plant (Clarke, 1981). It has two sexes with 

similar appearances but different functions and THC constituents (Bloomquist, 1971). 

Male plants, which are identified early on, as they appear more slender than female 

plants, are usually removed. After male plants removal, female plants are left to grow 

alone in the field to obtain maximum nutrients. According to literature, the Cannabis life 

cycle varies from two to ten months (Brown et al., 1998). In Bekaa, the cultivation 

season usually starts in April and ends by September. At the end of the season, the plants 

are cut down from the stem, gathered as batches on the field to dry up for short period, 

collected, stored in dark areas, and processed. 

 

3. Morphology  

The Cannabis plant has a taproot system that involves a main root with elongated 

branches that divert from it and go deep down into the soil. The root length is about one-

tenth of stalk length. As for above the ground parts, the shoot system is made of the main 

stem, the leaves and flowers. The stalk is elongated and composed of strong and durable 
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bast fibers and inner hollow spongy hurd. The leaves – which act as distinctive features 

for the Cannabis Sativa species – are composed of multiple minor leaflets which increase 

in number when going upper part (Brown et al., 1998). Along with the leaflets come the 

flowers and buds that allow for sex determination.  

The sex of a Cannabis plant can only be determined after the flowering stage. 

The male flowers are composed of various discrete flowers found on branches and stand 

out from leaves. Each male flower is small and consists of tiny green or white sepals that 

are less than 0.5 cm in length and contain five pendulous stamens. In contrast to the male 

flowers, the female flowers do not go beyond the surrounding leaves and are formed on 

the terminals of the branches. Moreover, the female flowers are compact, short and 

grouped in pairs. While the male flowers contain stamens, the female flowers consist of 

two stigmata and an ovary surrounded by the calyx, a green tubular sheath. Throughout 

the season and after fertilization takes place, the seed is bred inside the ovary and coated 

with a thin wall and hard shell. The produced seed is the fruit of the crop known as 

hempseed or Cannabis seed. Moreover, aerial parts of the Cannabis plant (buds, flowers, 

and leaves) are covered with hairs known as trichomes. They are classified into covering 

trichomes and glandular trichomes. Specifically, the glandular trichomes are those that 

contain the cannabinoids (THC), which are produced by secretory sacs and used for the 

production of Cannabis paste, while the non-glandular trichomes are cannabinoids-free 

(Malingre et al., 1975). 

 

4. Constituents and uses 

Cannabis Sativa has more than 500 natural compounds including cannabinoids, 

essential oils and alkaloids (ElSohly and Slade, 2005). Furthermore, it is cultivated for 
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the extraction of numerous end products derived from the cannabinoids, seed, fibre and 

wooden core of the plant (Struik et al., 2000).  

 

 Cannabis Seed and Cannabis seed oil  

The Cannabis seed has various benefits. It can be used in several ways: toasted, 

roasted or cracked. It can be pressed for oil production or added into a meal. Since THC 

is only produced at buds in trichomes, hemp seeds are THC free and contain 20-25% 

protein, 20-30% carbohydrates, 25-35% oil, 10-15% insoluble fiber and are rich in 

minerals (Sacilik et al., 2003). Hemp seed oil contains linoleic acid and α-linolenic acid 

which are major components of omega-3 and omega-6 polyunsaturated fatty acids (Da 

Porto et al., 2012). Moreover, the 3:1 ratio of linoleic acid to α-linolenic acid makes the 

seeds ideal supplements for reducing low density lipoproteins (Jones, 1995). Specifically, 

studies have shown that poultry diets consisting of 25% hemp seeds can improve the 

cholesterol and fatty acids profile of egg yolks (Silversides and Lefrancois, 2005). Other 

benefits of hemp seeds and hemp seed oil involve uses in the cosmetics industry and their 

high efficiency in inhibiting free radical attacks and radical-mediated oxidative damage 

(Yu et al., 2005, Da Porto et al., 2012). 

 

 Fiber production  

Fiber produced out of Cannabis is usually referred to hemp fiber. The Cannabis 

plant can also be considered a good source of high quality fiber due to its chemical and 

physical properties (Appendino et al., 2008). Hemp fiber is biodegradable cellulosic fiber 

that demonstrates durability, strength and resistance properties. It can be used for 

cordage, fabrics, molded car parts and paper production (Leaf-science, 2014, Ranalli, 
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1999). Sailors previously used hemp as cordage as it proved to be one of the strongest 

available materials before the production of polyester cordage; it was durable, water 

resistant and withstood sunlight-induced degradation. Hemp plants also led to certain 

advancements in the fiber industry as their long eco-friendly fibers made for higher 

quality paper compared to wood-based paper (Papadopoulou et al., 2015). 

Moreover, Hemp fiber also retains significant antibacterial and antifungal properties 

which has prompted its use in hospitals instead of cotton and polyester fibers (Khan et 

al., 2014).  

 

 Narcotic and other uses 

Among all the components produced by the Cannabis plant, cannabinoids – 

which are uniquely produced by the Cannabis Sativa species – are the most valuable 

product. Cannabinoids include cannabidiol (CBD), cannabichromene (CBC), cannabinol 

(CBN), cannabigerol (CBG), Tetrahydrocannabicarin (THCv), Δ 8-THC and Δ 9-THC 

(Wilcox, 2016). Δ9-tetrahydrocannabinol (THC) is the most known component due to its 

psychoactive effects that cause the user to experience confusion, amnesia, delusions, and 

hallucinations. Moreover, it has shown some significant therapeutic usefulness by 

relieving nausea and stimulating the appetite of patients with wasting syndrome (Kalant, 

2001). THC levels can vary among different types of Cannabis plants but generally lie 

below 0.3% in industrial hemp cultivation, between 0.3% and 1% in intermediate 

Cannabis cultivation and between 1% and 23% in drug-type Cannabis cultivation. 
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 Medicinal uses 

Cannabis is used in several regions for medicinal treatments (Carlini et al., 2017). 

Some examples show that Cannabis is used to reduce the sickness induced by 

chemotherapy (Doblin and Kleiman, 1991, Tramèr et al., 2001). Consumption of 

Cannabis has been legalized in twenty-eight states and Washington for a variety of 

medical conditions Multiple Sclerosis (Rudroff and Honce, 2017). It has been marked 

that consumption of cannabinoids can be useful in the management of neuropathic pain 

(Grant et al., 2012). Cannabis products also show an anti-inflammatory potential (Klein, 

2005), it can be used to treat epilepsy (Maa and Figi, 2014), heal glaucoma by reducing 

intraocular pressure (Flach, 2002). Other findings show that Cannabis extracts heal 

spasticity by lowering spasm frequency (Vaney et al., 2004). 

 

5. Cannabis history in Lebanon 

The first record for Cannabis cultivation in Lebanon returns to the Ottoman 

times, it was highly encouraged by the pashas that ruled over the valley (Ghadi Francis, 

2015, Makhlouf, 1994). However, the most known era for Cannabis cultivation was 

during the Lebanese civil war covering the period of 1975-1990, in which hundreds of 

millions of dollars were generated (Haju, 2015). After the war, several attempts were 

held to eradicate Cannabis cultivation by the Syrian forces, between 1991 and 1994, 

around 30,000 hectares of Cannabis were destroyed, leaving 250,000 people and 23,000 

family farms bereft of a primary source of income (Seshata, 2014). Moreover, the US 

provided several aid plans to motivate the Cannabis farmers to switch to dairy farming in 

the '90s by providing them with 3,000 imported cows. However, due to corruptions those 

cows were sold off (Tets, 2017). Later on, the Lebanese government attempted to 
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implement alternative agriculture projects. These projects aimed to encourage the 

Cannabis growers to cultivate fruits and vegetables instead. Nevertheless, these attempts 

had also failed whereas farmers went back to Cannabis cultivation for its high return 

(TDS, 2014). After the war in Syria have started in the 2011, the Cannabis production 

has dramatically increased mainly because more focus was given by the security forces 

on the internal threats like car bombs and Islamic militants rather than Cannabis 

cultivation (Bassam, 2014). 

 

6. Disadvantages of Cannabis  

Despite its beneficial uses, Cannabis consumption has several negative effects on 

both the individual and society. High levels of THC intake can weaken cognitive 

coordination and induce memory loss among consumers. Moreover, Cannabis 

consumption has shown negative physiological effects on consumers impairing several 

components of cognitive functions including short-term episodic and working memory, 

planning and decision-making, response speed, accuracy and latency (Ranganathan and 

D’souza, 2006). 

In case of acute exposure to Cannabis, physiological effects include increasing 

heart rate and blood pressure and in some cases involve orthostatic hypotension (Pacher 

and Kunos, 2013, Schmid et al., 2010). In addition, Cannabis intake can seriously harm 

lungs and breathing airways and lead to tissue damage (Tashkin et al., 2002). Cannabis 

consumption can also lead to social consequences involving conflicts with friends and 

family, peer disapproval, increased anxiety, legal issues and poor performance at school 

or work(Jones, 1971). Furthermore, consuming the drug can also lead to worsening an 

individual’s economic status and employability.  
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B. Remote Sensing 

1. Multispectral Remote Sensing 

Multispectral remote sensing is defined as the collection of reflected, emitted or 

backscattered energy from an object or an area of study across multiple bands of 

electromagnetic spectrum (Jensen, 2000). Each band in a multispectral sensor receives 

electromagnetic radiations within a determined range of wavelengths known as the 

spectral resolution. Multispectral imagery represents the spectrum by having several 

bands of different spectral resolutions that cover specific portions.  

Several satellites have been launched that capture multispectral imagery. Each of 

these satellites have different spectral, temporal, radiometric and spatial resolutions. 

Moreover, each satellite operates to fulfill a specific mission and has an advantage over 

other satellites depending on the area of study and the task.  

 

2. Multispectral Satellites 

Multispectral remote sensing is the collection of electromagnetic radiations that is 

reflected from an object in multiple bands (Jensen, 2000). A band is a selected 

wavelength range from a whole spectrum (USDA, 2013). Several Multispectral satellites 

have been launched in the last decades with each being composed of different bands, 

spatial resolution and temporal coverage. 

 

 Landsat 7 

Landsat 7 is the seventh satellite of the Landsat series, which was launched on 

April 15, 1999 (USGS, 2017). It is a multispectral satellite with enhanced thematic 

mapper plus (ETM+) (NASA, 2016). It provides high quality images with good temporal 
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coverage in the visible, near infrared and thermal infrared ranges of all landmass and 

near coastal regions. Moreover, it offers 16-days of repetitive coverage. Landsat 7 

images are composed of seven shortwave bands of 30 m spatial resolution, and one 

panchromatic band of 15 m spatial resolution. Due to the failure of the scan line corrector 

(USGS, 2017), all obtained Landsat 7 images after May 31, 2005 have gaps. However, 

there are several proposed methods for image gap filling including mosaicking method 

(Chen et al., 2011, Helmer et al., 2012, Zheng et al., 2012). 

 

 Landsat 8 

Landsat 8 satellite is the eighth satellite of the Landsat series, and it was 

launched on February 11, 2013 (NASA, 2013). Landsat 8 is composed Operational Land 

Imager (OLI) and the Thermal Infrared Sensor (TIRS). Similar to Landsat 7, Landsat 8 

provide high quality images with the same repetitive coverage (USGS, 2016). It is 

composed of nine shortwave spectral bands of 30 m spatial resolution and one 

panchromatic band of 15 m spatial resolution. Landsat 8 imagery has different uses in 

different domains such as agriculture, Forester, and water management (Jiménez-Muñoz 

et al., 2014, Roy et al., 2014, Dube and Mutanga, 2015). 

 

 Sentinel-2 

Launched by European Space agency (ESA), SENTINEL-2 is a European 

satellite that provides multispectral high-resolution imagery of wide swath (SUHET, 

2013). Sentinel-2 is two satellites that were launched on June 23, 2015, and March 7, 

2017 respectively (ESA, 2017). Sentinel-2 imagery are composed of 13 shortwave 

spectral bands of 10, 20 and 60 m spatial resolution. Sentinel-2 imagery product have 
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been widely used in different fields like Vegetation monitoring, forestry, and water 

management (Clevers and Gitelson, 2013, Brede et al., 2016, Immitzer et al., 2016, 

Toming et al., 2016). 

 

 ASTER 

The Advanced Spaceborne Thermal Emission and Reflection Radiometer 

(ASTER) is an imaging radiometer attached to the terra satellite that was launched on 

December 1999 (Michael Abrams, 2004). ASTER provides moderate-resolution imagery 

that consist of three subsystems: three visible near infrared bands of 15m spatial 

resolution, 5 shortwave infrared bands of 30m spatial resolution, and six thermal infrared 

bands of 90m spatial resolution (Michael Abrams, 2004). ASTER imagery have been 

used in varies domains like Agriculture, Lithology, and water resources (Rowan and 

Mars, 2003, Ninomiya et al., 2005, Mars and Rowan, 2006). 

 

 RapidEye 

The RapidEye constellation of five satellites provides high-resolution imagery 

for wide areas on daily basis (Planet, 2016). It acquires five bands in the visible near 

infrared range of 5 m spatial resolution. RapidEye have showed advancements in 

research due to its high-resolution imagery (Maxwell et al., 2014, Tapsall et al., 2010, 

Kross et al., 2015, Adelabu et al., 2014). 

 

 Worldview-3 

Worldview-3 Launched by Digital globe is high-resolution commercial satellite. It 

provides 31 cm panchromatic resolution, 1.24 m multispectral resolution, 3.7 m short-
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wave infrared resolution, and 30 m CAVIS (cloud, aerosal, water vapor, ive, and snow) 

resolution (EOportal) .Worldview-3 imagery needs atmospheric correction, and 

FLAASH tool by Exelis is the one of the most accurate methods currently available 

(EOportal). Due to the advantage of Worldview-3 in both spectral and spatial resolutions, 

it has been used in varies domains for instance mining, agriculture, classification (Kruse 

and Perry, 2013, Kruse et al., 2015, Hunt et al., 2017). 

 

3. Interpretation of Multispectral bands 

The multispectral bands utilized for the study can capture wavelengths ranging 

between visible and shortwave infrared light. Usually, different satellite imagery consists 

of different bands and different colors. However, bands that can capture similar 

wavelengths usually have similar interpretations. Unlike Hyperspectral satellites, 

multispectral satellites’ spectral coverage is limited and similar bands used by different 

satellites can encounter minor variations. The relative interpretation of bands used in the 

study include costal blue, blue, green, yellow, red, red-edge, near infrared and infrared. 

Coastal blue is used to monitor near coastal areas and is not usually utilized for 

agricultural monitoring. Blue is usually absorbed and reflected by plants at low ratios 

(Hogewoning et al., 2010). Green is reflected by plants; the healthier the plant the 

brighter it appears. Yellow indicates the presence of unhealthy vegetation and is 

therefore helpful for monitoring crop diseases and deficiencies. Red and blue are 

absorbed by vegetation for photosynthesis; they are used as part of vegetation indices 

such as normalized difference and enhanced vegetation indices. Red is also reflected by 

soil rich in iron, thus low density crops where the soil is more exposed are expected to 

reflect higher amount of red light compared to healthy and dense vegetation. Red-edge, 
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which lies between red and near infrared, is used as slope for difference between red and 

near infrared, the healthy the vegetation, the higher near infrared and red-edge the higher 

the vegetation. Near infrared is the most accurate band to use to discriminate vegetation 

from other green bodies. Moreover, higher reflections in near infrared bands are shown 

among the healthier vegetation. Short wave infrared bands (SWIR), which belong among 

non-visible light that ranges between 1700 and 3000 nm, can act as an indicator for leaf 

water content (Chen et al., 2005). Wilted vegetation is expected to show higher 

reflectance in SWIR bands. 

 

4. Remote Sensing in Agriculture  

The use of remote sensing for land and agriculture monitoring is increasing 

worldwide. Certain agricultural activities, which involve the assessment of crop 

phenology, management practices and economic return, can be efficiently achieved using 

remote sensing technologies. Since this tool can cover huge areas with limited in-situ 

observations, it is becoming increasingly used on national scales.  

Remote sensing in agriculture has various uses including estimating evapotranspiration 

and water productivity by crop type, developing accurate water footprint assessment, 

indicating crop water requirement and predicting crop yield (Jaafar and Ahmad, 2015). 

Furthermore, key indicators such as soil moisture and vegetation uniformity can be 

determined and used to adjust agricultural practices, boost production and minimize cost. 

The ability to monitor areas on a macro-scale with frequent temporal coverage can 

enhance decision making on a national level by promoting or demoting certain practices 

for farmers. 
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5. Vegetation indices  

 Certain factors can be studied to evaluate different aspects of production growth. 

Crop phenology is studied by remote sensing through data collection carried out by 

satellites, which capture the wavelengths of light absorbed and reflected by plants. The 

gathered data is transformed into vegetation indices which are used to provide a rough 

estimation of crop type, biomass and land conditions (USGS, 2015b). Some types of 

indices include normalized difference vegetation index (NDVI) (Baret and Guyot, 1991), 

enhanced vegetation index (EVI) (Sims et al., 2008), modified soil adjusted vegetation 

index (MSAVI) (Qi et al., 1994), triangular vegetation index (TVI) (Broge and Leblanc, 

2001), and soil adjusted vegetation index (SAVI) (Huete, 1988). Red edge normalized 

difference vegetation index (Sims and Gamon, 2002), modified chlorophyll Absorption 

Ratio Index (MCARI) (Haboudane et al., 2004), and Transformed Chlorophyll 

Absorption Reflectance Index (TCARI) (Haboudane et al., 2004). For agricultural 

monitoring, several factors need to be taken into consideration. Using previously tested 

and implemented models and formulas, remote sensing can effectively estimate plant 

characteristics and pigments. Different vegetation can be identified since they contain 

certain pigments in their leaves, which strongly absorb visible red light and reflect non-

visible near infrared light. Such information is crucial as it can be transformed into 

meaningful data using mathematical equations to create vegetation indices that can 

roughly describe vegetation color, type and density.  

One type of vegetation indices used is the leaf area index (LAI) which is the ratio 

between the leaf surface area and the unit surface area (Viña et al., 2011). Another type is 

the net difference water index (NDWI) which is an indicator on the presence or absence 

of water within leaves (Karamihalaki et al., 2016, McFeeters, 1996). 
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6. Crop Detection by Classification  

Remote sensing is also strategically used in acquiring geospatial information 

which has further expanded the application of satellite imagery (Bhaskaran et al., 2010). 

This tool also allows for the classification of satellite imagery. Specifically, it allows for 

image classification, which is the process by which computer machines categorize pixels 

into an assigned number of classes. Image classification can use two approaches: pixel 

based and object based image classification (Matinfar et al., 2007). The former is the 

traditional approach which depends on the spectral information of each pixel by focusing 

on a combination between bands (Pradhan and Suleiman, 2009). However, due to the 

limitations of the pixel based approach, there has been a shift towards using the object 

based classification approach took place making it more popular and widely adopted. 

(References using Object based image classification). This method processes the data 

differently by using features such as texture, shape, size, shadow and patterns (Gao et al., 

2011). The object based classification process starts by segmentation of the image into 

homogenous objects. The textural, spatial, spectral and relational features of the created 

objects are considered the core basis for the rest of the classification process (Petropoulos 

et al., 2012). This method has proven to be more accurate and effective than the pixel 

based classification process. However, for the aim of this thesis, the pixel based image 

classification method will be used since the added advantages of the object based method 

is not needed as the difference between Cannabis and other crops is spectral rather than 

spatial or textural. In unsupervised classification, pixels that share similar characteristics 

are grouped under the same classes. Unlike unsupervised classification, supervised 
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classification requires training sites, a feature that defines and trains the computer 

machine to become more knowledgeable about classes and how they look like. 

 

C. Detection of Cannabis Sativa by Remote Sensing  

1. Spectral Profile of Cannabis and Other Crops  

The spectral profile represents the variation of reflectance of an object or 

material. Since crop observation by remote sensing is carried out using aerial view, the 

most prominent crop feature is the leaves. Thus, the spectral profile of crops is 

represented by leaf reflectance, which is dependent on pigment concentration, water 

content and morphology (Sims and Gamon, 2002). Chlorophyll is a dominantly common 

pigment among leaves. However, variation in pigments can cause variation in spectral 

reflectance. Therefore, in the aim of improving remote sensing’s ability to distinguish 

between one crop and another, spectral libraries containing spectral profiles of crops 

were developed to identify their unique spectral reflectance. Such spectral libraries will 

enhance classification procedures by matching crops to their respective detailed spectral 

profiles, which are usually obtained using hyperspectral sensors. 

 

2. Previous Attempts to Discriminate Cannabis  

Traditional methods for detection of Cannabis fields was by visual observation. It 

was done identified on site by trained officers who recognized their morphological 

properties. In Brazil, agents from the federal police who were trained to identify fields 

from a distance use helicopters to identify Cannabis fields (Lisita et al., 2013). This 

method is considered expensive, inefficient and time consuming (Lisita et al., 2013).  
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Daughtry and Walthall (1998) used a hyperspectral radiometer in the lab to extract the 

spectral profile of Cannabis leaves over the 400–1000 nm wavelength range at 

approximately 3-nm intervals. The results were compared with other crops (trees and 

herbaceous species). They reported that Cannabis could be discriminated in the green, 

red, red-edge, and near infrared ranges. This approach is not applicable detection method 

of Cannabis fields since it does not take into consideration field conditions i.e. soil-

vegetation interaction, presence of weeds, and aerosol conditions. 

 Azaria et al. (2012) aimed to identify Cannabis Sativa outdoors using a 

hyperspectral detector at 400-1000 nm wavelengths mounted to a drone. They reported 

unique spectral characteristics for Cannabis within a wavelength range of 500-750 nm. 

This method involves using drones and hyperspectral scanners i.e. very high-resolution 

hyperspectral imagery, which can be costly and unsafe since farmers may shoot down the 

drone. 

 Pesaresi (2008) proposed the use of high-resolution satellite imagery such as 

IKONOS and textural analysis for identification of Cannabis Sativa. However, high-

resolution imagery is also costly and requires disk space and time for analysis. 

Lisita et al. (2013) have tried to identify potential areas for Cannabis plantations in 

Brazil. They implemented high-resolution satellite imagery (SPOT-5) with object based 

image classification (support vector machine). Nevertheless, although their method 

proved feasible and reduced the total areas to be searched, high-resolution images are 

still costly, and requires known ancillary data as training sites.   
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CHAPTER III 

MATERIALS AND METHODS 

 

A. Study area 

The study area is located in the central-northern part of the Bekaa valley covering 

a total area of 12,500 ha (Figure 1). The area includes all towns located between Hizzine 

(South) and Iaat (North) located in the west part of Baalbek (Figure 1). The region 

receives average annual rainfall of 521mm most falling between November and March. 

The climate is semi-arid with an average annual grass-reference evapotranspiration of 1.5 

m, 70% of which occurs between April and September (Jaafar et al., 2017).  

 

 

Figure 1. Location of the study area in Baalbak-Hermel , Lebanon. The background 

image is captured by the Sentinel-2 satellite on June 15, 2016.  
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The soil type within the studied area varies between clay and clay-loam and the average 

elevation is 1000m. Besides potato, tobacco, wheat, barley and onion, the study area is 

highly cultivated with Cannabis. The area is known for two growing seasons: winter and 

summer. Wheat and barley are cultivated in the winter while potato, onion, tobacco, 

Cannabis and other vegetables are cultivated in the summer. The crop calendar of Bekaa’ 

main crops are shown in Figure 2. Due to the absence of rainfall during summer growing 

periods, most summer crops are irrigated. Irrigation systems include sprinkler, drip, and 

surface irrigation. 

 

 

Figure 2. Crop calendar of the major crops in the study area. 

 

B. Ancillary data 

1. Pre-Surveying and field visits 

Recent satellite imagery in 2015 and 2016 of the Bekaa valley were downloaded 

or purchased ahead of surveying. The image was used to identify cropped areas to be 

verified by field visits. Six field visits were conducted (three in 2015 and three in 2016) 
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to survey and map crop typology. In 2015, the surveys were conducted on the following 

dates: June 21, July 10, August 21, 2015 and June 25, July 15, and August 2, 2016. The 

collected information included a GPS location point, cultivated crops, vegetation status 

(flowering, vegetative, harvested, and immature), vegetation density (0, 25, 50, 75 and 

100%), irrigation type if found (sprinkler, micro sprinkler, furrow and drip irrigation), 

and photographs of fields as shown in Figure 3. 

 

 

Figure 3. Image of Cannabis field in Iaat plain on August 2, 2016. 

 

2. Field Delineation 

Following the field visits, data was digitized and imported into a GIS database. Surveyed 

fields were delineated in ArcGIS using highest resolution downloaded imagery from 



24 

available satellites: RapidEye & Worldview-3 in 2015 and Sentinel-2 in 2016. Number 

of surveyed fields of each crop, average area per field, and total cultivated area of crops 

surveyed in 2015 and 2106 are shown in Table 3. 

 

3. Satellite imagery  

Different multispectral satellite imagery were used in the conducted study. The 

satellites and their corresponding bands are shown in Figure 4. The spatial resolution of 

the bands used are demonstrated in Table 1 and displayed as false-color imagery in 

Figure 5.  

 

Table 1. Bands and their respective spatial resolution of each satellite used in this study. 

Band 
Landsat 

7 

Landsat 

8 
ASTER 

Sentinel-

2 
RapidEye 

Worldview 

3 

Coastal 

Blue 
- 30 m - 60 m - 1.3 m 

Blue 30 m 30 m - 10 m 5 m 1.3 m 

Green 30 m 30 m 15 m 10 m 5 m 1.3 m 

Yellow - - - - - 1.3 m 

Red 30 m 30 m 15 m 10 m 5 m 1.3 m 

Red-edge 1 - - - 20 m 5 m 1.3 m 

Red-edge 2 - - - 20 m - - 

Red-edge 3 - - - 20 m - - 

NIR1 30 m 30 m 15 m 10 m 5 m 1.3 m 

NIR 2 - - - 20 m - 1.3 m 

Water vapor - - - 60 m - - 

Cirrus - 30 m - 60 m - - 

SWIR 1 30 m 30 m - 20 m - - 

SWIR 2 30 m 30 m - 20 m - - 

Pan 15 m 15 m - - - 0.33 m 
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Figure 4. Satellite imagery used with their respective bands and bandwidths. 

 

Some of them provide images free while others are commercial and operate 

under request. Landsat 7, Landsat 8, Sentinel-2, ASTER are freely available for 

download. While RapidEye and Worldview-3 are commercially available and were 

purchased from suppliers. The dates of the satellite imagery downloaded and purchased 

are shown in Table 2. 

 

Table 2. Satellite imagery dates used in the study 

Year Month Landsat 7 
Landsat 

8 
Sentinel-2 ASTER RapidEye Worldview-3 

2015 April 28 - - - - - 

 
May 14 , 30 6 - 31 - - 

 
June 15 7 , 23 - 16 21 - 

 
July 1 , 17 9 , 25 - 2 14 , 18 3 

 
August 18 10 30 - 12 - 

  September - - - - 20 - 

2016 March - - - 5 - - 

 
April - - 7 15 - - 

 
May 1 , 17 9 , 25 - - - - 

 
June 18 10 , 26 15 , 25 - - - 

 
July 4 , 20 12 , 28 15 , 25 - - - 

 
August 5 13 4 21 - - 

  September - - - 6 - - 
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Figure 5. False-color composites for the study area a) Worldview-3, b) RapidEye, c) 

ASTER, d) Sentinel-2 , e) Landsat 8, f) Landsat 7 

 

4. Image Pre-processing 

Multispectral satellite images (except Landsat 7 and Landsat 8) were downloaded 

as a radiance in digital numbers form, and then converted into surface reflectance. 

Methods of atmospheric correction and radiance to reflectance conversion varied from 
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one image source to another due to the available atmospheric correction tools. Landsat 7 

& 8 imagery were ordered as surface reflectance product from the EROS Science 

Processing Architecture (ESPA). Landsat images of path 174 and row 36 during 

agricultural season were ordered and downloaded. Sentinel-2a imagery were downloaded 

from (USGS) website. One Sentinel-2 image was available in 2015 and seven images 

were available in 2016. The process of atmospheric correction and radiance to 

reflectance conversion was performed on QGIS using “Semi-automatic classification” 

plugin (Congedo, 2016). ASTER imagery were downloaded from earth (USGS) website. 

RapidEye and Worldview-3 imagery were purchased from BlackBridge Inc., (Berlin, 

Germany) and DigitalGlobe, Inc. (Westminster, Colorado, United States), respectively. 

Atmospheric correction of ASTER, RapidEye, and Worldview-3 was done on ENVI 

software using the FLAASH Atmospheric correction package (Fast Line-of-sight 

Atmospheric Analysis of Hypercubus), which is a MODTRAN-4-based radiative transfer 

code available in the ENVITM image processing software (ITT, 2009). The atmospheric 

model was set as mid-latitude summer, and the aerosol model was set as rural. Other 

input parameters were obtained from the metadata file, which included the satellite flying 

altitude, image date, longitude, latitude, and mean elevation of the study area. 

 

5. Vegetation status update of fields by image 

Due to the difference in field vegetative cover between the date of the field 

surveys and the satellite overpass day, the vegetative status of the surveyed fields were 

revisited to match with the satellite imagery date for accurate analysis. The process of 

updating the vegetative status was done by creating duplicates from the original shape 
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file that relates to the satellite and its corresponding image date, then calculating the 

Normalized Difference Vegetation Index (NDVI) equation (1) (Tucker, 1979). 

𝑁𝐷𝑉𝐼 =
𝜌𝑁𝐼𝑅 − 𝜌𝑅𝑒𝑑

𝜌𝑁𝐼𝑅 + 𝜌𝑅𝑒𝑑
 (1) 

Where ρRED is reflectance in the red wavelength and ρNIR is the reflectance in the 

near-infrared wavelength. Then, the Fraction of vegetation cover (FOV) raster was 

calculated equation (2) (Gutman and Ignatov, 1998, Montandon and Small, 2008) 

𝐹𝑂𝑉 =
𝑁𝐷𝑉𝐼 − 𝑁𝐷𝑉𝐼𝑚𝑖𝑛

𝑁𝐷𝑉𝐼𝑚𝑎𝑥 − 𝑁𝐷𝑉𝐼𝑚𝑖𝑛
 (2) 

Where NDVI is the actual value of the processed pixel, NDVImin corresponds to 

the bare soil NDVI (0.12 for the study area), and NDVImax is the highest NDVI value for 

the vegetative field in the image. Then mean FOV values were extracted for fields on all  

dates using “zonal statistics as table” tool. Finally, vegetation status for fields on all dates 

were updated according to the extracted mean FOV value. Fields with FOV value < 0.31 

were classified as “Low”, fields with FOV ranging between 0.31 & 0.6 were classified as 

“Medium”, and fields of FOV values > 0.6 were classified as “High”. 

 

Table 3. Number of surveyed fields, average area per field, and total area of surveyed 

fields in 2015 and 2106 

  
Number of Fields Average area/field Total area (ha) 

Cannabis 206 3.55 731.2 

Onion 29 3.61 104.8 

Potato 145 5.81 842.5 

Tobacco 55 2.95 162 
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C. Detection of Cannabis 

Once the vegetative status was determined for all crops, the classification 

procedure started. Two methods were used: the decision tree method (DT) (Friedl and 

Brodley, 1997) and a supervised classification method using the Maximum Likelihood 

Classifier (MLC) (Otukei and Blaschke, 2010). 

 

1. Decision Tree 

The decision tree method was implemented by developing of a novel 

discrimination index to detect Cannabis, herein referred to as the Cannabis 

Discrimination Index (CDI). Figure 6 shows the flow chart for implementing the decision 

tree and developing the CDI. The method started by calculating the spectral profile of 

various crops for all satellite imagery on all dates and determining how the spectral 

reflectance of Cannabis varied from that of other crops.   

 

 Spectral profiles and percent difference in reflectance from Cannabis  

Percent difference (PD) in the reflectance between Cannabis fields and other 

crops was calculated as follows. First, the reflectance for each band was averaged for all 

fields over the growing season for each crop (provided that the field was in full 

vegetative cover). Then, the mean reflectance values for the Cannabis crop were 

subtracted from other crops (individually) and divided by the sum of the mean 

reflectance values for that crop and for the Cannabis crop (3).  

𝑃𝐷 =  
𝜌𝑐𝑟𝑜𝑝 −𝜌𝑐𝑎𝑛𝑛𝑎𝑏𝑖𝑠 

𝜌𝑐𝑟𝑜𝑝 +𝜌𝑐𝑎𝑛𝑛𝑎𝑏𝑖𝑠 
× 100  (3) 

where  𝜌 is the average reflectance for high vegetative fields in the growing season in the 

respective band. The percent difference is used to define the Cannabis discrimination 
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index (CDI) by identifying the key bands with the highest difference in reflectance from 

Cannabis. 

 

 Cannabis discrimination index (CDI) 

Spectral properties of Cannabis with a percent difference from other crops was 

used to develop the Cannabis discrimination index. Several indices were first tried based 

on the percent difference in spectral profile. Only one index was successful in 

discriminating Cannabis from other crops. The index was derived by adding SWIR1 and 

SWIR2 bands and dividing the sum by the green band. It was named Cannabis 

Discrimination index (CDI) (equation(4). 

𝐶𝐷𝐼 =  
𝜌𝑆𝑊𝐼𝑅1 + 𝜌𝑆𝑊𝐼𝑅2

𝜌𝐺𝑟𝑒𝑒𝑛
 (4) 

  

 Statistical analysis 

All discrimination indices were subjected to an initial evaluation process by comparing 

the means of the indices over the observed crop fields with high vegetative status. 

Significant difference was calculated for all means using the all pairs Tukey-Kramer 

HSD (honestly significant difference) multiple range test at p < 0.05. Statistical analysis 

were conducted on software JMP 11 Software package (Copyright 2012 SAS Institute, 

Inc., Cary, North Carolina, USA).  

 

2. Maximum likelihood supervised classification 

The process for detecting Cannabis fields using the supervised image 

classification by applying the Maximum Likelihood Classifier is demonstrated in Figure 
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7. Training sites were selected for crops from high-density vegetative fields on a 

vegetation status basis. Only fields with high vegetation status were selected. Training 

was done manually for each image in GIS. The signature file was exported after 

delineating the training sites to be used in the classification process. Maximum likelihood 

classification (MLC) method was used. Training classes included soil, onion, potato, 

tobacco and Cannabis fields. The number of samples for classification needed to be at 

least ten times the number of classes. Therefore, at least 50 pixels for each class were 

selected.  
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Figure 6. Flowchart for creation of discrimination index 



33 

 

Figure 7. Flowchart for image classification using ground-truth fields and their 

vegetation status. 

 

3. Accuracy assessment 

Evaluation of the classification process was done for both MLC and CDI that was 

used in the decision tree by conducting an accuracy assessment and producing confusion 

matrices (Foody, 2002). Several evaluation factors were obtained from the produced 

confusion matrix. These factors include commission, omission, user’s accuracy, 

producer’s accuracy, kappa coefficient and total accuracy. Kappa coefficient is an 

evaluation factor with a similar role to the total accuracy, but differs by taking in 

consideration the distribution of samples among classes. The use of kappa coefficient 

was debatable in literature, Kvålseth (2011) mentioned that values of kappa coefficient 
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decrease with uneven distribution of observations among classes. For this, the use of total 

accuracy was more important and a threshold of 85% was considered acceptable for the 

classification process (Foody, 2002). 

The analysis were performed by calculating 1) User accuracy (UA) (equation 

(5)), which is a measure of the underestimation of the crop by the classification product; 

2) the producer accuracy (PA) (equation (6)), which is a measure of the overestimation of 

the crop by the classification product; and 3) Total accuracy (TA) (equation (7)), which 

is a measure of acceptability of the classification product. 

 

UA =
CP×100

G
   (5) 

PA =  
CP×100

P
  (6) 

TA =  
∑ 𝐶𝑃×100

T
  (7) 

where CP is the number of correctly classified pixels in a class, G is the number of 

ground-verified points of a crop, P is the number pixels of a class and T is the total 

number of samples. Performing the accuracy assessment was done in GIS in several 

steps. Figure 8 shows the ArcGIS model developed to calculate the confusion matrix for 

the accuracy assessment.    
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Figure 8. ArcGIS model for deriving the confusion matrix of classified imagery. 

 

 Assessment of the MLC classification output 

Ground truth fields were selected from the same shapefile used for training. 

Fields used as training sites were not used for ground verification. A point shapefile was 

created by importing points from the ground-verified fields. The created shapefile was 

then transformed into a raster with pixel size matching the classification pixel size using 

“point to raster” tool. Created ground-verified raster was then combined with the 

classification product using the “combine” tool. The resulting point raster was composed 

of pixels showing how the ground-verified data and classification product overlapped. 

The attribute table of the raster was exported in dbf format. A confusion matrix was 

created from the exported table using the “pivot table” tool in GIS (Figure 9). See Figure 

9 as example of results for the Maximum Likelihood Classifier scheme.  
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Table 4. Sample confusion matrix of the accuracy assessment, classification of 

RapidEye image on July 14, 2015. Numbers in the table denote points used in 

the classification (GT: ground-verified) 

GT\Classified Cannabis Onion Potato Tobacco Soil Ground-truth 

Cannabis 74 1 13 9 0 97 

Onion 1 68 27 0 1 97 

Potato 2 0 85 0 0 87 

Tobacco 0 0 0 0 0 0 

Soil 0 0 0 0 91 91 

Total 77 69 125 9 92 372 

 

 

Figure 9. ArcGIS Pivot table tool including input field, pivot field and value field to 

create a confusion matrix. 

 

Assessment of the CDI and Decision Tree 

After showing the significant difference between the CDI of Cannabis and CDI 

of other crops, the accuracy of the developed index and the threshold for the optimal 

detection were evaluated by the accuracy assessment procedure. Performing the accuracy 

assessment was done in several steps (Figure 10). A CDI raster was obtained for each 

satellite imagery date (except for Worldview-3 and ASTER) even if there was no 
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significant difference in CDI between Cannabis fields and other crops on that date. CDI 

values were extracted by points from high and medium vegetative status fields using the 

“Zonal statistics as table tool” in GIS. Each point had two attributes: the actual crop type 

and the CDI pixel value. Cannabis points were denoted as “C” and potato, tobacco, and 

onion were marked as other “O”. All points were classified by comparing the CDI value 

to the threshold value, and points with CDI value greater than the threshold were 

classified as Cannabis and given the value “1”. All others were given the value “0”.  

 

 

Figure 10. Flowchart of the accuracy assessment of the CDI output. 
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Thus, Cannabis points with CDI value greater than the threshold were marked as “C1”, 

while Cannabis points with CDI value lower than the threshold were marked as “C0” and 

the same applies to other crops (O1 and O0). The detection threshold was calibrated for 

each date for optimal classification. Although each scene had different threshold for 

optimal accuracy, average threshold per year was calculated and considered as the 

standard for the classification assessment. Total, user, and producer accuracies were 

calculated as in equations (8), (9), and (10), respectively. 

 

𝑈𝑠𝑒𝑟 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
∑ 𝐶1

∑ 𝐶1 + ∑ 𝐶0
 

(8) 

𝑃𝑟𝑜𝑑𝑢𝑐𝑒𝑟 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
∑ 𝐶1

∑ 𝐶1 + ∑ 𝑂1
 

(9) 

𝑇𝑜𝑡𝑎𝑙 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
∑ 𝐶1 + ∑ 𝑂1

∑ 𝐶1 + ∑ 𝐶0 + ∑ 𝑂1 + ∑ 𝑂0
 (10) 
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CHAPTER VI 

 

RESULTS & DISCUSSION 
 

A. Detection by Decision tree 

1. Spectral profiles of the observed crops 

Moderate-resolution imagery 

Spectral profiles of Cannabis, potato, tobacco, and onion were extracted using the 

aforementioned satellite imageries. The spectral profile of each crop was presented by 

the mean spectral reflectance at each band. Different spectral profiles were observed by 

different satellites. The derived spectral profiles are displayed in Figure 11 &Figure 12. 

 

 Sentinel-2 

Based on the above data, a similarity in the reflectance of the studied crops 

within visible range was observed and slight increase was encountered in the NIR range 

by all crops due to the difference in the bandwidth of NIR bands (Figure 11a and Figure 

12a). Moreover, minor difference in Red-edge and NIR ranges were detected. The 

highest reflectance in the NIR range refers to the potato crop and the lowest reflectance 

refers to the onion and Cannabis crops. In the SWIR range the potato, tobacco and 

Cannabis crops showed a relatively similar reflectance, while the onion crop had the 

lowest reflectance. With the aforementioned differences and Cannabis having an 

average reflectance compared to other crops, it is not possible to detect Cannabis fields 

by observing the spectral profile of Sentinel-2. 
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 Landsat 7 and Landsat 8  

The spectral profiles of vegetative field crops that were obtained by Landsat 7 

revealed a broad spectral representation. Similar patterns were observed among all the 

crops, with a minor difference in the NIR band (Figure 11c andFigure 12c). Thus, 

observation of spectral profile of vegetative crops using Landsat 7 displays general 

vegetation reflectance, which is not enough to distinguish between the crops observed. 

Similar pattern was demonstrated for all crops by Landsat 8 (Figure 11b and Figure 

12b). Minor difference between onion and other crops was demonstrated in the SWIR 

range. Cannabis showed average reflectance among observed crops with lowest 

reflectance in the NIR band. Potato displayed higher reflection compared to other crops 

except in the SWIR range. In conclusion, the spectral profiles by Landsat 8 show minor 

differences in the SWIR and NIR ranges.  

 

 ASTER 

The downloaded ASTER imagery consisted of three bands only (Figure 11f and 

Figure 12d). The extracted spectral profiles showed similar patterns of reflectance 

among all crops, with minor difference in the NIR band only. Potato crop revealed the 

highest reflectance in the NIR band, and onion the lowest. 

 

High-resolution imagery 

 RapidEye 

A similar pattern of reflectance was observed among all the crops in the visible 

range (Figure 11e). A difference was observed in the red-edge and NIR bands. The 

potato and Cannabis crops had a higher reflectance than the onion and tobacco crops. 
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The results show that the observation of spectral profile using RapidEye imagery is not 

enough to discriminate Cannabis from other crops.  

 

 Worldview-3 

One scene for the study area in 2015 by Worldview-3 was available. The 

purchased Worldview-3 image was composed of eight bands in the visible and near 

infrared range. Due to the lack of temporal coverage of the study area by Worldview-3, 

the observed tobacco fields were of medium vegetation density. Reflectance in the NIR 

range increased as well as the difference between crops: Cannabis and potato displayed 

higher reflectance than onion and tobacco (Figure 11). Such presentation of the spectral 

profile of the crops was because onion and tobacco fields were not as vegetative as 

Cannabis and tobacco fields. No features were observed that could distinguish 

Cannabis from other crops.  
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Figure 11. Mean spectral profile of observed field crops using different satellite imagery 

in 2015.  
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Figure 12. Mean spectral profile of observed field crops using different satellite imagery 

in 2016. 

 

2. Percent difference in Spectral Reflectance 

Moderate-resolution Imagery 

 Landsat 7 and Landsat 8 

Observations of difference among crops from Cannabis using Landsat 7 imagery 

showed a narrow difference exceeding the 10% difference in one case, which was -11% 

by onion in the SWIR band (Figure 12c and Figure 13c). No major difference from 

Cannabis by other crops was observed when using Landsat 7 imagery. SWIR band was 

identified as the key band to distinguish Cannabis. Among all Landsat 8 bands, the 
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maximum percent difference was observed in the SWIR bands (Figure 12b and Figure 

13b). In the SWIR range, potato and onion fields showed the highest percent difference 

in reflectance from Cannabis in Landsat 8 imagery in the SWIR region. In the visible 

range of the spectrum, the green and red bands showed the highest difference. This is in 

agreement with Daughtry and Walthall (1998). SWIR, green, and red bands were 

recognized as key bands for Cannabis detection. 

 

 Sentinel-2 

The highest observed difference was -18.8% for Onion in the SWIR1 band and 

15.4% for the potato crop in the green band (Figure 12a and Figure 13a). Other bands did 

not display significant difference. SWIR and green bands were identified as the key 

bands for detection of Cannabis. 

 

 ASTER 

ASTER imagery consisted of three bands: green, red, and near infrared. The 

difference did not exceed 5% in the green band and 10% in the red band in 2016 but in 

2015 (Figure 13f and Figure 13d). The difference in the near infrared band reached -

12.7% and 14.4% for the onion and tobacco crops respectively. Onion was the only crop 

with high difference from Cannabis, which limits the usability of these bands for 

detection of Cannabis fields.  
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Figure 13. Percent Difference in mean reflectance from Cannabis by different satellite a) 

Sentinel-2, b) Landsat 8, c) Landsat 7, d) Worldview-3, e) RapidEye, f) 

ASTER in 2015. 
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Figure 14. Percent difference in mean reflectance from Cannabis by different satellites in 

2016. 

 

High-resolution 

 RapidEye 

RapidEye imagery did not show a huge difference between Cannabis and the 

other crops (Figure 12e). The highest difference observed was 13.8% for potato in the 

near infrared band. In the blue, green, red, and red-edge bands, it did not exceed 10%. In 

comparing Cannabis to other crops using RapidEye, only the NIR band showed the 

potential to detect Cannabis fields. 
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 Worldview-3 

With the available bands from Worldview-3 imagery, a limited difference was 

observed between the Cannabis and other crops (Figure 13d). The highest observed 

difference was in the red-edge and NIR bands for all crops reaching up to 16% in the 

NIR 2 band. A slight difference of 7% was observed with the potato crop in the green 

band, suggesting the usability of the Green and NIR bands for Cannabis discrimination. 

 

3. Development of Cannabis Discrimination Index (CDI) 

Several indices were developed and tested. However, only one index herein 

named as the Cannabis Discrimination index (CDI) showed significant difference 

between Cannabis and other crops equation (4) and Figure 15. 

 

Statistical analysis of the CDI 

CDI index was based on green, SWIR1 and SWIR2 bands. SWIR bands were not 

available from RapidEye, ASTER, and Worldview-3imagery. Landsat 7, Landsat 8 and 

Sentinel-2 satellite images were eligible for the application of the aforementioned index. 

It was tested to detect Cannabis fields in both high and medium vegetative status. Means 

were compared separately (fields with medium vegetative status were not mixed with 

high vegetative fields) and Table 5 shows the date of images with significant difference 

between Cannabis and other crops using CDI. 

Two Landsat 7 images using the CDI showed significant difference between Cannabis 

and other crops in the medium vegetative status. Moreover, six images showed 

significant difference in the high vegetative status: three in 2015 and three in 2016. 

Seven cases of significant difference between Cannabis and other crops were observed 
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when applying the CDI using Landsat 8 images in the high vegetative status, five in 2015 

and two in 2016. However, it failed to show any significant difference in the medium 

vegetation status. None of the Sentinel-2 images succeeded to distinguish Cannabis from 

other crops in the medium vegetation status. The lack of proving significant difference 

was due to the lack of observations of tobacco fields. Discrimination was possible from 

the potato and onion crops. Cannabis was significantly different from all other crops in 

the high-density status when Sentinel-2 images were used on June 15 and 25, 2016. 

Based on the above, the best dates to discriminate Cannabis were during the end of May 

until the end of June and between the end of July and the beginning of August.  

 

 

Figure 15. Applied CDI and NDVI rasters on May 7, 2015. 
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Table 5. Date of images when CDI index showed significant difference between Cannabis and other crops and mean CDI value (numbers 

with different letters indicate significant difference in mean CDI at p less than 0.05) 

 

Mean CDI  Medium density vegetation  High density vegetation 

 
Date Cannabis Onion Potato Tobacco Date Cannabis Onion Potato Tobacco 

Landsat 7 

8/18/2015 4.22a 3.14b - 3.33b 5/30/2015 5.07a - 4.01b 3.64b 

5/17/2016 4.01a 3.41b 3.58b 3.38b 6/15/2015 4.95a - 3.70b 3.26b 

     
7/17/2015 4.50a 2.81c 3.69b 3.76b 

     
5/1/2016 4.21a - 3.47b 3.20b 

     
5/17/2016 4.67a 3.47c 3.42c 3.93b 

     
6/18/2016 4.48a 2.88c 3.55b 3.70b 

Landsat 8 none 

    
6/7/2015 4.43a - 3.55b 3.32b 

    
6/23/2015 5.59a 3.30b 3.97b 3.76b 

    
7/9/2015 5.34a 3.07c 3.90b 3.98bc 

    
7/25/2015 4.67a 2.90c - 3.70b 

    
8/10/2015 4.92a 3.08c - 3.84b 

    
5/25/2016 6.22a 4.37c 4.21b 4.89bc 

    
6/10/2016 6.22a 3.57c 4.18b 4.17bc 

Sentinel-2 none     
6/15/2016 10.9a 6.85b 6.14b 6.10b 

    
6/25/2016 9.59a 5.76c 6.35b 7.22b 
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Table 6. Accuracy Assessment of the decision Tree using Landsat 7 & 8, and Sentinel-2 

(CF: number of Cannabis field with mean FOV > 0.36, TA: Total accuracy, 

UA: User accuracy, PA: Producer accuracy, AA: Average accuracy, CS: 

number of Cannabis samples, TS: total number of samples, CDI: CDI threshold 

at the date for optimal classification of Cannabis). 

Satellite Date TA UA PA AA CS TS CDI 

Landsat 8 

6/7/2015 67 0 0 0 48 146 3.80 

6/23/2015 100 100 98 99 62 197 4.70 

7/25/2015 81 55 70 62 93 340 4.10 

8/10/2015 97 88 100 94 51 193 4.69 

Season 86 69 83 76 254 823 4.60 

5/25/2016 92 83 87 85 48 178 4.90 

6/10/2016 93 85 93 89 78 226 4.80 

6/26/2016 98 95 100 97 76 225 4.80 

7/12/2016 89 89 78 84 73 227 4.80 

7/28/2016 72 62 60 61 77 216 4.75 

Season 89 83 83 83 352 1072 4.80 

Landsat 7 

5/14/2015 69 90 50 70 30 99 4.85 

5/30/2015 92 90 91 90 88 224 4.75 

7/1/2015 95 85 100 93 75 205 3.80 

7/17/2015 70 50 74 54 81 238 3.65 

Season 83 77 76 77 274 766 4.39 

5/1/2016 86 95 81 88 79 156 3.90 

5/17/2016 90 87 84 85 89 264 3.90 

6/18/2016 95 88 96 91 72 254 3.85 

7/4/2016 64 72 45 59 79 250 4.80 

Season 84 85 72 79 319 924 3.85 

Sentinel-2 

8/30/2015 93 99 85 92 84 229 4.80 

6/15/2016 89 68 100 84 81 241 7.40 

6/25/2016 91 70 89 80 80 340 8.80 

7/15/2016 81 25 90 58 117 466 8.20 

7/25/2016 77 28 68 48 95 354 8.60 

Season 83 46 85 66 377 1401 8.60 

 

Accuracy Assessment of CDI 

The accuracy of Cannabis Discrimination Index was evaluated after performing a Tukey 

HSD test. The same points used for the evaluation of the MLC were used to evaluate the 
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decision tree (DT) results. The thresholds for optimal classification and accuracy values 

are displayed in Table 6. The CDI threshold for Cannabis detection using Landsat 8 

imagery varied between 3.8 and 4.9 while the seasonal thresholds were 4.6 and 4.8 for 

2015 and 2016, respectively. All Landsat 8 imagery showed high total accuracy values 

and consistency in the threshold values except three cases on June 7, 2015, July 25, 2015, 

and July 28, 2016. Moreover, the user and producer accuracy values were relatively high 

showing limited underestimation and overestimation of Cannabis fields using the 

proposed index. The seasonal classification was acceptable with total accuracy values of 

86% and 89% in 2015 and 2016, respectively. Cannabis fields can be detected by 

applying the CDI using Landsat 8 imagery and threshold value ranging between 4.6 and 

4.8.  

The range of the threshold value for Cannabis detection using Landsat 7 imagery 

ranged between 3.65 and 4.8 and the seasonal thresholds were 4.39 and 3.85 showing 

inconsistency for detection. Moreover, the seasonal threshold in both years was close to 

acceptable values. Cannabis was not overestimated or underestimated by the acceptable 

classification. Total accuracy of classifications between mid-May until the beginning of 

July were high in both years. However, due to the large variation in the threshold of the 

CDI between the two years, detection of Cannabis by applying the CDI using Landsat 7 

imagery is not recommended. 

The CDI threshold using Sentinel-2 for Cannabis detection ranged between 4.8 

and 8.8 showing large variations in both years. The seasonal classification showed 

relatively high total accuracy (83%) with three images exceeding 85%. The user 

accuracy values were low in 2016 showing large underestimation of Cannabis while 

maintaining high producer accuracy and thus limited overestimation. The wide range of 
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the CDI threshold and the low average user accuracy shows that Sentinel-2 imagery can’t 

be used to classify Cannabis using the CDI. 

 

B. Detection by classification 

1. Moderate resolution imagery 

 Landsat 7 

Three out of seven Landsat 7 images met the minimum threshold for 

classification acceptance i.e. total accuracy greater than 85%. Kappa coefficient values 

varied in parallel to total accuracy values having similar implication. The other five 

classifications had a relatively high total accuracy values (greater than 75%) ( 

 

 

 

Table 7 and Figure 16d). Producer’s accuracy of Cannabis exceeded 85% in 

five cases and had a minimum value of 65% in two cases. Cannabis is not 

overestimated but minor confusion occurred with potato or tobacco. Highest total 

accuracy results were observed during the month of June. Several results showed a 

major confusion between Cannabis and potato and a minor confusion with onion. In 

addition, observations of tobacco fields were limited due to the low density of such 

fields.  

 

 Landsat 8 
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Table 7 showed that two Landsat 8 images met the minimum requirements for 

classification acceptance. Only two of the remaining images exceeded 80% with 

classification of overall accuracy values reaching 67% & 65% on May 25 and July 28, 

2016 respectively. The user accuracy of Cannabis values, varied between 35% and 100% 

in all of the observations. It exceeded 84% in five cases. Thus, not all classification 

reached the threshold of classification acceptance. Moreover, underestimation of 

Cannabis fields is limited when classifying Landsat 8 imagery. The producer’s accuracy 

of Cannabis exceeded 84% at six dates. Four cases of the above had full grade on June 

23 & August 10, 2015, and May 25 & June 10, 2016. Lowest producer’s accuracy value 

was 47% obtained on July 12, 2016. This was due to the confusion between Cannabis 

and potato fields. The overall observation indicates that although Landsat 8 imagery did 

not show high user’s accuracy values for Cannabis, but it had high producer’s accuracy. 

Major confusion was between Cannabis and potato observed, while a minor confusion 

with tobacco detected was detected (Figure 16d). Therefore, Landsat 8 imagery 

classification does not overestimate Cannabis fields, but it may underestimate them. 

 

 Sentinel-2 

As shown in Table 7, one Sentinel-2 image on August 2015 exceeded the 

minimum threshold of classification acceptance with total accuracy of 91%. The total 

accuracy of the images obtained in the year of 2016 varied between 62% and 67%. The 

user’s accuracy of Cannabis ranged between 27% on July 25, 2016 and 86% on June 25, 

2016. The only image passing the threshold for classification acceptance had high user 

and producer accuracy values showing limited confusion with other crops. Producer’s 

accuracy values of Cannabis exceeded 85% in three cases, and in the other two cases, it 
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was 36% and 52% on June 25 and July 15, 2016, respectively. Kappa coefficient showed 

similar results as total accuracy, having same significance. The overall observation 

indicates that Sentinel-2 shows variation in total, user, and producer accuracy of 

Cannabis on different dates. This concludes that Sentinel-2 is not suitable for detection 

of Cannabis by classification by either overestimating or underestimating Cannabis 

fields. 
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Figure 16. Classification product samples of the study area using the aforementioned 

satellite imagery a) Worldview-3: July 3, 2015, b) RapidEye: July 14, 2015,  

c) Sentinel-2: June 15, 2016, d) Landsat 8: June 10, 2015, e) Landsat 7: May 

1, 2016. 

 

 

 

Table 7. Accuracy assessment of Maximum Likelihood Classifier (in percent) for 

detection of Cannabis using Landsat 7, Landsat 8, and Sentinel-2 imagery (CS: 



56 

Cannabis samples, UA: use accuracy, PA: producer accuracy, AA: average 

accuracy, TA: total accuracy) 

Satellite Year Date CS UA PA AA TA 

Landsat 8 2015 7-Jun 47 91 61 76 72 

  
23-Jun 68 94 100 97 87 

  
9-Jul 85 73 67 70 75 

  
25-Jul 93 88 78 83 83 

 
  10-Aug 51 84 100 92 91 

 
2016 25-May 59 47 100 73.5 67 

  
10-Jun 78 72 100 86 76 

  
26-Jun 76 79 88 83.5 81 

  
12-Jul 73 100 47 73.5 72 

    28-Jul 77 35 84 59.5 65 

Landsat 7 2015 30-May 88 98 83 90.5 90 

  
15-Jun 90 88 95 91.5 94 

  
1-Jul 75 93 86 89.5 87 

 
  17-Jul 81 80 65 72.5 76 

 
2016 1-May 82 79 64 71.5 79 

  
17-May 89 79 91 85 78 

  
18-Jun 72 43 91 67 81 

    4-Jul 79 66 100 83 75 

Sentinel-2 2015 30-Aug 83 83 87 85 91 

 
2016 15-Jun 81 28 92 60 67 

  
25-Jun 83 86 52 69 67 

  
15-Jul 117 63 36 49.5 62 

    25-Jul 95 27 81 54 66 

 

2. High resolution imagery 

 RapidEye  

The results from Table 8 shows that the minimum threshold of classification 

acceptance was met on June 21 and July 18, 2015. The two other images had 

unacceptable but high values: 77 and 79% on July 14 and August 12, 2015.  

In the first image captured by RapidEye only Cannabis and potato crops were observed 

in high-density vegetative status, which lead to having a limited number of classes in the 
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classification. Generally, RapidEye imagery had less confusion and higher total 

accuracy. With the exception of June 21, 2015, user’s accuracy values for Cannabis were 

low ranging between 54% and 76%. Cannabis was majorly confused with potato and 

minor with tobacco & onion. Overall, classification of RapidEye imagery will 

underestimate Cannabis fields. 

Table 8. Accuracy assessment of Maximum Likelihood Classifier (in percent) for 

detection of Cannabis using Worldview-3 and RapidEye imagery (CS: 

Cannabis samples, UA: User accuracy, PA: producer accuracy, AA: average 

accuracy, TA: total accuracy) 

Satellite Year Date CS UA PA AA TA 

RapidEye 2015 

21-Jun 90 90 82 86 90 

14-Jul 99 62 69 65.5 77 

18-Jul 97 76 96 86 85 

12-Aug 95 54 80 67 79 

Worldview-3 2015 3-Jul 109 56 62 69 67 

 

 Worldview-3 

As noted in Table 8, there were not enough tobacco and onion fields for ground 

truth data. Total accuracy was 67% below the minimum threshold for classification 

acceptance. User’s accuracy of Cannabis was 56%, thereby underestimating Cannabis 

fields by confusing it with tobacco. Producer’s accuracy value for Cannabis was 62%, 

thereby overestimating Cannabis fields by confusing it with potato. Worldview-3 

satellite is a commercial satellite producing high-resolution images of low temporal 

coverage and limited scene areas, the total accuracy of the downloaded Worldview-3 

image did not achieve detection of Cannabis fields, and no other scenes were available 

for further testing. The SWIR bands were not purchased due to budget limitations. 
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3. Average MLC accuracies 

 User accuracy 

The average user’s accuracy of vegetation classes as shown in 

Figure 17a ranged from 53% to 78% for Landsat 7, 49% to 83% for Landsat 8, 20% to 

70% for Sentinel-2, 30% to 91% for RapidEye and 62% to 90% for Worldview-3. Onion 

and tobacco were not validated in the Worldview-3 classification due to the lack of 

observations. User’s accuracy values varied for the same satellite from one class to 

another. Landsat 8 and RapidEye had the highest user’s accuracy values in the Cannabis 

class (82% and 83%, respectively). These satellites were the least to underestimate 

Cannabis fields. Worldview-3 had the lowest user accuracy for Cannabis; it 

underestimates Cannabis fields more than other satellites. On average onion was 

classified with the highest accuracy since all satellites maintained relatively high 

accuracy values all the satellites can predict onion fields with limited underestimation. 

Potato was highly underestimated by Landsat 7, 8, Sentinel-2 and RapidEye imagery but 

showed high user accuracy by Worldview-3. In classifying tobacco, the maximum 

achieved user accuracy value was 70% by Sentinel-2. It was highly underestimated by all 

the other satellites. 
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Figure 17.Average Accuracy values for all satellite and all crops a) average user 

accuracy, b) average producer accuracy. 

 

 

 Producer accuracy 

The average producer’s accuracy values of vegetation classes displayed in  

Figure 17b ranged from 63% to 86% for Landsat 7, 64% to 76.3% for Landsat 8, 35% to 

78% for Sentinel-2, 70% to 94% for RapidEye and 56% to 65% for Worldview-3. 

Producer accuracy for Cannabis achieved 78% by Landsat 7, and it had low values for 

Sentinel-2 and Worldview-3 (57.4% and 56% respectively). The onion class had similar 

producer accuracy values for all satellites with a maximum value of 86% for Landsat 7. 

RapidEye and Sentinel-2 classified potato with 88% and 35% respectively. Values for 
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the tobacco class ranged from the highest value of 94% using RapidEye and lowest value 

of 63% using the Landsat 7. 

 

 Total accuracy and kappa coefficient 

Average total accuracy for the used satellites ranged between 67% and 83% 

(Figure 18). The minimum acceptable total accuracy for classification acceptance as 

discussed in literature is 85%. However, the evaluated result is the average total accuracy 

of all classifications by each satellite, thus it is beneficial to evaluate the satellite’s 

potential in classifying rather than to evaluate the acceptance of classification product. 

None of the used satellites reached 85%. The highest total accuracy values obtained were 

82.5% and 83% for Landsat 7 and RapidEye respectively, the average total accuracy for 

Landsat 8, Sentinel-2 and Worldview-3 were 77%, 71% and 67% respectively. The 

Kappa coefficient values followed the same trend as the overall accuracy, indicating a 

fairly-uniform distribution of samples among classes. 

 

 

Figure 18. Average total accuracy and Kappa coefficient values for all satellites. 
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C. Total cultivated areas as Cannabis and profit estimation 

Analyzing the classified images that exceeded the acceptance threshold, the total 

cultivated areas of Cannabis were determined to range between 1,500 and 2,200 ha in 

2015 and between 2,700 and 4,000 in 2016 (Figure 19). One hectare of Irrigated 

Cannabis produces 72 kg of dry paste, which is sold in packages of 1.2 kg each for 

nearly 330$. A total of 60 packages of Cannabis paste is produced by one hectare with 

an average return of 20,000$ (Hamieh, 2014). The total annual production of Cannabis 

paste would be 131 Tons and 243 Tons in 2015 and 2016 respectively. The annual return 

of Cannabis during the years of study (2015 and 2016) is estimated to be 36.4m$ and 

67.4m$ respectively.  

 

Figure 19.Total Cannabis fields classified using Landsat 8 imagery in 2015 & 2016. 

 

D. Discussion  

1. Detection by Decision tree 

The first step of the development of the decision tree was by obtaining the 

spectral profile of the observed crops using satellite imagery. Each satellite displayed 

different spectral demonstrations, of which Sentinel-2 displayed the most detailed 
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spectral profile, due to its inherent high number of bands (thirteen bands).  Moreover, the 

average percent difference of vegetative field crops from Cannabis fields using Sentinel-

2 revealed greater difference in reflectance than other satellites. Furthermore, a slight 

increase in reflection in NIR 2 compared to NIR 1 was noticed, since NIR 2 has a 

broader spectral coverage allowing the reception of more electromagnetic radiations, thus 

higher reflectance values. Spectral profiles of Landsat 7 and Landsat 8 were very similar 

due to similar bands. ASTER showed the least representative spectral profile due to the 

limited number of bands. While Worldview-3 displayed representative spectral profile, it 

only covered the visible and NIR ranges. Observation of spectral profiles was not enough 

for the development of the decision tree. Percent difference in reflectance from Cannabis 

revealed large discrepancy in the visible range that was not shown by the spectral profile 

due to the low reflectance values by all crops. Besides, results have shown higher values 

for Cannabis than other crops in the SWIR range because Cannabis leaves are drier as 

observed on the field. This has not been mentioned in the scientific literature because the 

spectral difference was examined in the visible and the NIR ranges ignoring the short-

wave infrared range (Azaria et al., 2012, Daughtry and Walthall, 1998, Lisita et al., 

2013). Green, Red, NIR, and SWIR bands were marked as key bands for Cannabis 

detection, and implemented in different discrimination indices. However, one index 

merging the SWIR and green bands was able to show significant differences between 

Cannabis and other crops. SWIR bands demonstrated the leaf water content, and green 

band presented the greenness of the field. As a result, vegetative Cannabis fields 

appeared as darker green with lower water content. The CDI was instigated in a decision 

tree to differentiate Cannabis from other crops in the vegetative stage and several 

observations were noticed. The performance of the developed decision tree altered on 
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different dates between 2015 and 2016, while maintaining relatively high total accuracy 

values on average. The CDI threshold for optimal classification varied from one satellite 

to another, which was due to the difference in the bandwidths and varied on different 

dates due to changes in field conditions. Results from 2016 were more reliable due to the 

more intensive mapping. Cannabis was confused in the decision tree with tobacco more 

often than potato and onion were, and this is believed to be due to the water content 

property. Tobacco fields are less dense, which results in higher reflectance in SWIR 

bands resulting minor confusion with Cannabis in the CDI. The most reliable satellite for 

detection of Cannabis fields using the established decision tree was Landsat 8, since it 

gave the highest average accuracy values in both years and maintained the threshold 

value for optimal classification results. 

In summary, ASTER had a minimal spectral presentation among used satellites 

due to its limited spectral coverage. Sentinel-2 imagery, which are composed of 13 

bands displaying the most representative spectral profile among other satellites. The 

yellow band in Worldview-3 imagery did not help in discriminating Cannabis from 

other crops. In all observations, minor differences in the NIR and SWIR ranges were 

observed. Moreover, no difference was observed in the visible range by all satellites 

because of the low reflectance values, which requires deeper comparison in this range. 

 

2. Detection by classification 

The study area is an agricultural plain with minor urban areas. The region is 

known for several summer crops including potato, tobacco, onion, and Cannabis, which 

were identified on the ground. Tobacco was rarely observed in the high vegetation status 

since it is not cultivated at high density; hence it was not ground-verified or classified in 
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some cases. MLC method is based on statistical parameters and training sites, so its 

performance was improved by accurate selection of representative training sites. Landsat 

7 had the highest number of acceptable classifications with three cases followed by 

Landsat 8 and RapidEye with two cases for each and Sentinel-2 with one case while 

ASTER and Worldview-3 failed to achieve minimum threshold for classification 

acceptance. Landsat 7 and Landsat 8 succeeded to classify Cannabis fields in certain 

cases because of the spectral difference in the SWIR bands as shown by the spectral 

profile. Moreover, RapidEye showed relatively high performance due to the high-

resolution of the imagery (5m) and the temporal coverage of the growing season i.e. June 

21 to August 12, which allowed the observation of the fields in high-density vegetative 

status. In contrast, Sentinel-2 did not perform as well as the aforementioned satellites and 

was either highly confused with potato or confused with onion and tobacco at the same 

time. Confusion occurred because of the similar spectral characteristics shared with other 

crops at different times. Worldview-3 did not perform as well as other satellites due to 

several reasons including the limited area covered, availability of one image during the 

growing season (Worldview-3 is a commercial satellite at high costs), absence of highly 

vegetative tobacco and onion fields, all this lead to poor training and lower classification 

performance. Moreover, some potato fields were classified as Cannabis as high-density 

potato spots were wrongly classified as Cannabis and some Cannabis fields were 

classified as tobacco since some low-density spots were confused with tobacco. 

Likewise, ASTER did not achieve minimum threshold for classification acceptance due 

to lack in bands, which was due to the limited observations of vegetative fields on the 

dates of imageries. 
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3. Performance of the Decision tree Compared to other classification methods 

The developed decision tree produced higher average accuracies than did the 

MLC algorithm. Several factors gave this advantage to the DT, by having an advantage 

over other classification methods of being non-parametric. The DT does not take into 

consideration any statistical assumptions concerning the distribution of the data over 

classes. Moreover, the most important factor for its superiority is that it eliminated the 

noise between the crop classes and data by implementing the FOV and the CDI, which 

eased the detection of Cannabis. It eliminated non-vegetative areas in the first step using 

the general vegetation property. Moreover, the CDI discriminated Cannabis from other 

vegetative crops by using the leaf water content property as Cannabis showed lower leaf 

water content with dimmer green color. This concept for classification was absent in the 

MLC classifier since it is based on training data and statistical assumptions, which lead 

to confusion in the spots with similar reflectance patterns. 

Object-based image classification are known to have better classification accuracy than 

pixel-based classifications by integrating the spectral and spatial properties of classes 

(Tehrany et al., 2014). The advantage of the object-based classifications is highly noticed 

in the land use land cover classifications, since each class have different shape than other 

classes (forests are easily distinguished from grassland by shape). However, this 

advantage is missing in the case of classifying agricultural fields that share similar spatial 

properties, which is the case of huge scale Cannabis production. Lisita et al. (2013) took 

this advantage to identify Potential Cannabis Sativa plantations in a forest. They 

highlighted potential areas of Cannabis plantations, but the research did not prove to 

detect Cannabis fields. They developed a potential Cannabis plantation identification 

tool. On the contrary, the proposed DT is an actual Cannabis detection tool with average 
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total accuracy of 87%. In addition to the high accuracy of the decision tree, it is simple, it 

has fixed classification parameters, it does not require training data, and it can be applied 

using the raster calculator. All these advantages makes from the futuristic application of 

the DT and CDI easier, more convenient, and more accurate compared to other 

classification methods. 
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CHAPTER VI 

 

SUMMARY, CONCLUSIONS, AND RECOMMENDATIONS 
 

A. Summary 

Multispectral satellite imagery was used to detect Cannabis Sativa fields in Bekaa 

valley. The study was conducted over two years: 2015 and 2016. The used satellite 

imagery were Landsat 7, Landsat 8, Sentinel-2, ASTER, RapidEye, and Worldview-3. 

Cannabis, onion, potato, and tobacco were the major summer crops grown in the study 

area. Observation of the aforementioned crops was done during their growing periods in 

summer. The two methods for detection of Cannabis Sativa fields are the decision tree 

and Maximum likelihood classifier (MLC) also known as supervised image 

classification. Common steps were done in both methods, which included the 

identification of ground verified fields and delineating them in GIS. Vegetation status 

was identified as low, medium, or high according to the fraction of vegetation. Image 

classification was performed on images with fields of high vegetation status. The 

classification included five classes: Cannabis, onion, potato, tobacco, and soil. The 

results showed that the Landsat 8, RapidEye, and Landsat 7 are the best among used for 

detection of Cannabis fields by classification. The decision tree was developed manually 

in ArcGIS. It was done by obtaining the spectral profile of the vegetative fields and 

identifying the key bands by calculating the percent difference from vegetative Cannabis. 

Several discrimination indices were developed based on the key bands identified by the 

percent difference, all discrimination indices went into two statistical analysis tests. One 

index was able to discriminate Cannabis from other crops, it was composed of SWIR and 

green bands and named Cannabis Discrimination index (CDI). The resulted decision tree 
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was a two steps elimination process. The first step was based on the FOV to eliminate the 

non-vegetative areas, and the second step eliminates the non-Cannabis vegetative fields. 

Three satellites were eligible for this method due to the presence of the SWIR bands: 

Landsat 7, Landsat 8, and Sentinel-2. Results showed that Landsat 8 can be used to detect 

Cannabis with highest accuracy and most stable threshold. The decision tree method is 

better for detection of Cannabis fields than the image classification method since it 

showed higher performance and it does not require field visits to input training sites. 

 

B. Conclusions 

Cultivation of the Cannabis plant in the Bekaa valley is prohibited and as a result, 

tension between Cannabis growers and security forces limits the ability to survey 

Cannabis fields, which leads to lack of statistics concerning its cultivation areas, quantity 

of production and economical return. Satellite imagery showed great potential for 

detection of Cannabis fields by remote sensing. Cannabis fields could be detected 

through remote sensing using both MLC and DT techniques. Landsat 7 and RapidEye 

imagery showed potential for detection of Cannabis when using MLC. However, overall 

results have shown a superior performance of DT over the MLC, which was agreed in the 

literature. CDI had an important role in the DT since it was a main element and the key 

to discriminate Cannabis from other vegetative fields. Moreover, application of the DT 

has an advantage over the MLC by not requiring training sites for classification. The 

period for detection of Cannabis fields using satellite imagery starts from May until the 

end of June and then the accuracy starts to decrease in July until August. Commercial 

satellites have not shown superior advantage over free satellites such as Landsat 7 & 8 

and Sentinel-2 since spatial resolution did not show intense contribution for Cannabis 
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detection. In addition to the high accuracy of the decision tree, it is simple, it has a fixed 

classification parameters, it doesn’t require training data, and can be applied using the 

raster calculator The best way to detect Cannabis is by using Landsat 8 with the 

proposed DT during May and June months. Local farmers estimated 7,000 to 14,000 ha 

of Cannabis cultivation in 2014 within the Bekaa (Hamieh, 2014). However, Results 

from acceptable classified images showed a total of 1,500 and 2,200 ha and 2,700 and 

4,000 ha were cultivated as Cannabis. 

 

C. Recommendations 

It is recommended to: 

1. Use free satellite imagery such as Landsat 7, Landsat 8, and Sentinel-2 for 

detection of Cannabis fields instead of purchasing high—resolution imagery. 

2. Use hyperspectral sensing method (sensors mounted on drones) to determine the 

hyperspectral profile of Cannabis in the field. 

3. Determine the biomass of Cannabis to better estimate Cannabis yields in the 

Bekaa. 
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