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Abstract

Creation of a spectral signature reflectance data, which aids in the identifica-
tion of the crops is important in determining size and location crop fields.
Therefore, we developed a spectral signature reflectance for the vegetative
stage of the green gram (Vigna. radiata L.) over 5 years (2020, 2018, 2017,
2015, and 2013) for agroecological zone IV and V in Kenya. The years chosen
were those whose satellite resolution data was available for the vegetative stage
of crop growth in the short rain season (October, November, December
(OND)). We used Landsat 8 OLI satellite imagery in this study. Cropping
pattern data for the study area were evaluated by calculating the Top of At-
mosphere reflectance. Farms geo-referencing, along with field data collec-
tion, was undertaken to extract Top of Atmosphere reflectance for bands 2,
3, 4 and 7. We also carried a spectral similarity assessment on the various
cropping patterns. The spectral reflectance ranged from 0.07696 - 0.09632,
0.07466 - 0.09467, 0.0704047 - 0.12188,0.19822 - 0.24387, 0.19269 - 0.26900,
and 0.11354 - 0.20815 for bands 2, 3, 4, 5, 6, and 7 for green gram, respectively.
The results showed a dissimilarity among the various cropping patterns. The
lowest dissimilarity index was 0.027 for the maize (Zea maysL.) bean (Phaseolus
vulgaris) versus the maize-pigeon pea (Cajanus cajan) crop, while the highest
dissimilarity index was 0.443 for the maize bean versus the maize bean and
cowpea cropping patterns. High crop dissimilarities experienced across the
cropping pattern through these spectral reflectance values confirm that the
green gram was potentially identifiable. The results can be used in crop type
identification in agroecological lower midland zone IV and V for mung bean

DOI: 10.4236/ars.2024.132003

Jun. 30, 2024 41

Advances in Remote Sensing


https://www.scirp.org/journal/ars
https://doi.org/10.4236/ars.2024.132003
http://www.scirp.org
https://www.scirp.org/
https://doi.org/10.4236/ars.2024.132003
http://creativecommons.org/licenses/by/4.0/

K. H. Manzi et al.

management. This study therefore suggests that use of reflectance data in re-
mote sensing of agricultural ecosystems would aid in planning, management,
and crop allocation to different ecozones.

Keywords

Multi-Temporal, Cropping Patterns, Spectral Signatures, Landsat 8, Crop,
Identification

1. Introduction

Smallholder farms in Kenya face numerous challenges in data collection due to
the fragmented farm holding, variability in crop types and farming practices [1].
Green gram ( Vigna radiata L.) crops provide several management issues, particu-
larly in places with fragmented landscapes and smallholder farms. Traditional
crop monitoring and management approaches frequently fall short due to the la-
bor-intensive nature of ground surveys, unpredictability in crop growth stages,
and a lack of timely and accurate data. Additionally, there is lack the resources to
systematically gather and analyze agricultural data, leading to gaps in information
that are critical for making informed decisions about crop management, pest con-
trol, and yield optimization [2]. Smallholder farms are usually subdivided into
parcels whose boundaries are hard to distinguish and/or clearly delineate [3]. Spa-
tial information on agricultural fields is important for appropriate understanding,
planning, and management of crop growth conditions. This information is essen-
tial to improve crop yield prediction, provide crop management advice, allocate
resources, and monitor the effectiveness of development interventions [4]. Fore-
casting and monitoring agricultural production is a very crucial part of food de-
mand and overall food security. Remote sensing tools have been widely used in
crop area estimation, crop type identification, and yield estimation. Standard
methods of estimation of area under crop have relied on techniques such as area
statistical frame studies [5]. These are some of the field-based survey studies that
can take long time and resources, especially when dealing with small-holder farms
[6]. Furthermore, knowledge sharing, and dynamics are important in decision-
making and academic studies related to the green gram.

Earth observation data coupled with good cropping pattern training data has
revolutionized crop identification, making it easier to understand the spatial dis-
tribution of crops [7]. Advances in crop monitoring using remote sensing data
take advantage of indices and biophysical parameters such as normalized differ-
ence vegetable index (NDVI) and Leaf Area Index (LAI) and photosynthetically
active radiation (FAPAR), respectively to achieve the final goal [7]. The foremen-
tioned variables were obtained from space measurement in the visible and near-
infrared bands. [8] described a method for multidate supervised classification of

normalized difference vegetation index (NDVI) using Landsat 8 data for crop
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diversity mapping. In their research, they concluded that remote sensing could
solve complex problems in tropical developing countries.

The importance of satellite image-derived vegetation indices for crop condition
assessment such as normalized difference vegetation (NDVI), land surface water
index (LSWI), Temperature Vegetation Dryness Index (TVDI), soil adjusted veg-
etation index (SAVI), among others to be very crucial in the assessment of crop
development state has been highlighted [9]. In addition, the research documents
indicate the use of remote sensing to estimate crop area and crop situation as a
result of water stress, pests infestation and disease infections. [10] pointed out the
confusion that occurs between vegetation and cropland as a major source of error
in remote sensing-based crop mapping, especially with low-resolution imagery
and in areas with complicated crop-planting patterns. The variability in cropland
can be reduced if satellite data cover key phenological phases of the crop since
surface reflectance changes with the growth stages of the crops [10]. The use of
hyperspectral images cannot be overemphasized since it has made significant
strides in the development of crop spectral library lately. A study by [11] show-
cases promising results in the discrimination against rice (Oryza sativa), sugar-
cane (Saccharum officinarum), pepper, and cotton (Gossypium hirsutum) culti-
vars. The research confirmed the potential of using crop reflectance with the help
of spectral signatures to separate various crop cultivars. Furthermore, [11] were
able to highlight the spectral similarity between rice and sugarcane, which how-
ever, presented challenges. Successes of the use of hyperspectral data in the clas-
sification and discrimination of crops and varieties have also been demonstrated
[12]-[16]. The Global Hyperspectral Imaging Spectral Library of Agricultural
Crops (GHISA) for Central Asia has been developed and provides insight to crop
spectral libraries, [17]. The challenge of hyperspectral data is computing time, cal-
ibration, and redundancy of high data volume [18]. Other multispectral sensor
data, such as sentinel-2, have been shown to provide promising results [19]-[21],
where the capabilities in crop monitoring and land cover classification have been
found to be very crucial. [22] showed the importance of red edge bands of senti-
nel-2 in vegetation analysis. Their research proved that the accuracies were much
better when red edge bands were used compared to the accuracies of Landsat 8 or
sentinel-2 satellite data and they recommend the combination of Landsat 8 and
sentinel-2 data for improved accuracy.

The traditional approach to crop classification with remote sensing data has
been based primarily on supervised and unsupervised classification techniques to
map the geographic distribution of crops [23]. Remote sensing images represent
features on Earth with respect to their corresponding spectral reflectance, known
as a spectral [23]. Based on the same concept, two different types of crops can
exhibit different spectral signatures, which can be used to distinguish them in the
classification. In plant species, these differences in signature are due to their phe-
nology, leaf orientation, and canopy structure. Multi-temporal, red, and infrared

indices and their ratio indices (vegetation indices) have been used successfully to
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evaluate plant phenology [24].

Green gram ( Vigna. radiata L.) also known as mung bean, is one of important
legumes among smallholder farmers in Kenya, and the consumption has signifi-
cantly increased. Green gram is one of the most important legume crops in the
world [25]-[27] and in Kenya, it is grown successfully in Eastern part mainly in
Machakos, Kitui, Tharaka-Nithi, and Makueni counties due to its adaptability to
low [28]. Machakos county located in the lower eastern parts of Kenya, leads in
green gram production and this crop grows in various soil types and climatic con-
ditions because of its ability to tolerate low soil moisture regimes [29]. The crop
can grow well in various soil conditions even with limited nutrients such as phos-
phorus (P) [30]. This is due to the fact that green gram forms an excellent associ-
ation with mycorrhiza within its rhizosphere [30], hence it plays a vital role in
improving soil fertility. Smallholder farms form primary food sources in develop-
ing countries with about 90% provision capacity [31] [32] making the understand-
ing the production of this vital crop is therefore essential for planning and moni-
toring food security.

To address the issues of crop identification in fragmented land parcels, the
study proposes using spectral signature reflectance from multi-temporal data.
Crop spectral signatures obtained from multispectral imaging at key periods are
extremely valuable for crop identification, particularly during phenological cycles
and spectral similarity. To improve the accuracy of this approach using Landsat
8, cultivated areas were demarcated using field survey data to determine crop pat-
terns while also using farm parcel data. Further, throughout several years, crop
spectral signature reflectance ranges were established for the same field in a spe-
cific season (short rains) and phenological stage (vegetative stage) of the pheno-
logical cycle, as well as their statistical (di)similarity. Using spectral reflectance,
useful information was obtained by analyzing the temporal reflectance and spatial
reflectance features of vegetation for proper crop identification.

In this study, the investigation focused on satellite data for the vegetative stage
of growth around late December to mid-January to mid-late February due to de-
layed rains. This data set was only available on Landsat 8 and not in sentinel-2 as
was anticipated. The high cloud cover in sentinel-2 generally affected the expected
or anticipated crop spectral reflectance, which was execrated by the lack of data
for the period of interest. The study presents a multifaceted approach in green
gram growing areas in semiarid areas of agroecological zone IV and V using re-
flectance data and image statistics and temporal time series-based approaches in
the identification of cropping patterns and spectral signature ranges for crop iden-
tification in a specific crop stage, season, and agroecological zone. The challenges
of nonuniformity of coverage of ground truth data and satellite scenes and sea-
sonal differentiation of crop groups were addressed through acquired Landsat 8
images over different years, working in a specific agroecological zone for a partic-
ular phenological stage within a growing season.

The paper is organized such that an introduction discusses the purpose of the
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research and the reasoning behind it. Materials and procedures that outline the
research area, techniques, and approach are then presented. The study’s conclu-
sions are presented in the upcoming chapter, along with a discussion that weighs
the findings in light of prior research. The study’s conclusion, which highlights
the significance of the findings and offers suggestions for additional research,

comes last.

2. Materials and Methods
2.1. Experimental Site

The study area was the Ikombe-Katangi ward located in the semi-arid area found
in the southern region of Kenya in Machakos County (1°1624.55"S; 37°40'13.30"E)
(Figure 1). Eighty percent of this landscape is classified as semi-arid and arid lands
that are highly susceptible to the effect of climate change [33]. These are part of
the marginal areas of Kenya, highly vulnerable to degradation due to fragile land-
scapes. These semi-arid areas are characterized by fluctuating rainfall patterns that
are highly erratic and unreliable. The amount of rainfall is low and characterized
with very high temperatures of between 28oc to 300c, with resultant high evapo-
transpiration rates [33]. The normal cropping calendar commences in mid-Octo-
ber, allowing most of the crops to reach physiological maturity in January. In the
last 5 years, rainfall fluctuation in Ikombe-Katangi area has been very high, with
rains starting in mid or end of November, causing most crops to reach physiolog-
ical maturity at the end of February [33]. The area is characterized by small-holder
farmers practicing mixed cropping characterized by maize (Zea mays), Pigeon pea
(Cajanus cajan), beans (Phaseolus vulgaris), cow pea ( Vigna unguiculata), and

green grams ( Vigna radiata) [34]. The area under investigation lies in agroclimatic

KOMBEKATANGI STUDY AREA

Legend
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Figure 1. Map illustrating Ikombe-Katangi experimental site in Machakos County, Kenya.
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zone IV with bimodal rainfall patterns [35]. The cropping calendar follows the
bimodal rainfall regime with short rains (SR) occurring in the October, Novem-
ber, and December season, while long rains (LR) occur in March, April, and May
season (Table 1). The geographical region is a plateau, which extends north and
south of Machakos county with an elevation of 1700 m and covers an area of 1059
km?. The study area receives 500 mm of rain with temperatures ranging from 22°C
to 28°C [35]. The soil is characterized by sandy loams, with low soil organic matter
due to overworking of the soils and the fragile nature of the soils in marginal areas.
These soils are from base rocks such as Ferric Luvisol, Lithisols and Rhodic Fer-
ralsols [36].

2.2, Training Data

Ground observation data for the various cropping patterns were collected in 2020
and a further socioeconomic survey was conducted to collect additional data for
the cropping patterns undertaken over the preceding 10 years. The method used
for data collection and setting up the farm controls was the multistage random
sampling design, where a homogeneous population was generated through the
elimination of farms that were not representative of the study. The experiment
was done according to [37] who used multistage sampling on rice fields to select
plots in the landscape that had a population of rice farmers.

This method used digitized farms within the study area for the sampling design
(Figure 2). The number of farms used in this statistical design was 10,000, which
is equivalent to the total number of farms in the experimental area, and this was
confirmed by the field survey (Figure 2). Level 1 of the statistical sampling designs
involved the elimination of irrigation farms so that only rainfed farms were con-
sidered in the study. The irrigated farms were 5% of the total farms within the
study area and this resulted in n = 9500 farms available for sampling. Level 2 of

the statistical sampling involved the elimination of farms that did not have any

Table 1. Phenological growth calendar for short rains (October-November-December) for the Ikombe-Katangi area.

Ph i
enological growth Month
stage
October November December January February
Germination, sprouting, Mid to End of Barlv N b
r vember
bud development October arly Novembe
Leaf devel t/shoot Early t
eaf development/shoo End of October . arly to
development Mid-November
Devel t of tati Early to lat Early t
evelopment o Vege ative Late November arly to late . arly to
plant parts, bolting December mid-January

Inflorescence emergence,
Flowering /Pod filling

Harvesting

Late December

Early to
mid January

Mid-February to

Lat
ate January late February
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FARM PARCELS AND CROPPING PATTERN TRAINING DATA IKOMBE-KATANGI WARD STUDY AREA

Google Earth Image

Legend

® CROPPINGPATTERN_DATA
[ STUDY AREA FARMS
[ ] IKOMBE-KATANGILASTFINALDISS
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Figure 2. Parcels of farms and cropping pattern training data at Ikombe-katangi, Machakos
County Kenya.

crops planted or where the crop was planted late within the planting season, for
instance short rains (October, November, December (OND)). These farms were
excluded from the total population of farms selected under level 1 and this re-
sulted in the elimination of 35% of the total farms from level 1, where n = 6175.
This elimination criterion was caused by the late onset of rains within the study
area. Atlevel 4 of the sampling, sub-location administrative data was used to select
areas known for growing green grams in the last 5 years. Six sub-locations out of
10 were considered, resulting in n = 820 farmers. Of the 820 farms, 10% of the
total number of farms were sampled for data collection. The farms sampled for
cropping training were 82 farms, a bigger number than the calculated value of 23
farms. This was done to ensure a higher level of accuracy in the data collected
especially in accommodating the variability in the fragmented landscapes a critical
level of 10% statistic used in this study was adopted from [38] and [39]. The for-
mula for sampling of the 10% representative farms for data collected is shown in
Equation (1) below.

" [(ngz)(l P)] @

(v-2( 2] +(p)a-p)

where n is the computed sample size needed for the desired level of precision; N
is the population size; pis the proportion of the population expected to choose; B
is the acceptable amount of sampling error, or precision; and finally, Cis the Z
statistic associated with the confidence level, which is 1.96 and corresponds to the

95% level. B was set at 0.05, which is + 10% of the true population value,
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respectively. The acceptable amount of sampling error or precision was set at 0.05
or 5%. A confidence level of 1.96 corresponds to the 95% level.

where N= 820, p=0.1, B=0.05, C=1.96

n=[(820) (0.1) (1-0.5)]/[(820-1) (0.05/1.96)2 + (0.5) (1-0.5)]

n=[(820) (0.1) (0.5)]/[(819) (0.0255)2 + (0.5) (0.5)]

n=(41)/(1.56+ 0.25)

n=41/1.81

n=22.65=23

2.3. Field Survey

A field survey was conducted to generate adequate data for the statistical sample
design. Questionnaires were administered to collect planting information from
150 farmers. The data collected were planting season, date of planting, crops
planted, varieties, cropping pattern, size of the farm, GPS coordinates of the farm
including elevation data, information of agricultural and practices carried out on
the farm (weeding, fertilizer application, etc.). These data sets were important in
understanding changing cropping patterns on small farmland. Table 2 shows the
identified cropping patterns and their frequencies as captured from the field data.
Figure 3 presents training data collection points for the field survey on Landsat 8

satellite imagery used for this investigation.

2.4. Pre-Processing of Landsat 8 Satellite Imagery

The study used data from 2013, 2015, 2017, 2018 and 2020 because they represent
good data with minimal or no cloud cover around the study area for the short
rain period (October, November and December (OND)) rains during which green
gram cultivation was carried out. [40] showed that images acquired on different

dates during the crop growth period are usually required to discriminate certain

Table 2. Cropping patterns constituting different crops identified within the experimental area.

Type of cropping
pattern
Mixed Crop (MPB)
Mixed Crop (MG)
Mixed Crop (MB)
Maize
Green Gram
Mixed Crop (MP)
Mixed Crop (MC)
Mixed Crop (MPC)
Bean

Mixed Crop (MCB)

Cropping Pattern Key

Cropping Pattern Frequency

2013 2015 2017 2018 2020

Maize, Pigeon pea and Beans 4 5 5 4 0
Maize and Green Gram 8 5 6 2 5
Maize and Beans 11 15 11 13 20
Maize 22 24 23 23 24

Green Gram 5 7 8 6 5

Maize and Pigeon pea 28 25 26 30 33
Maize and Cowpea 6 3 5 5 1
Maize, Pigeon pea and Cow Pea 3 3 0 2 0
Bean 2 0 1 2 1

Maize, Cow pea and Beans 1 1 5 3 0
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IKOMBE-KATANGI TRAINING DATA POINTS FOR FIELD SURVEY ON LANDSAT 8

KENYA

Legend

@  TRAINING DATA POINTS
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Figure 3. Training data collection points for the field survey on Landsat 8 satellite imagery.

crop types. The research used Landsat 8 data for the long rain season for 2020,
2018, 2017, 2015, and 2013 within the study area. The acquired data considered
images within the same temporal resolution. In addition, the landscape vector
data for this study area was acquired from Kenya’s administrative ward data to aid
in the extraction of the area of interest in the satellite imagery.

The collection 2 level one satellite images of the Landsat-8 OLI products that
were used within the scope of this study were obtained from the website of the
American Geological Service (USGS) with orthorectification and radiometric cor-
rection. The images were in the Universal Transverse Mercator (UTM) coordinate
system, and geometric corrections were made to position them on 37 South and
the WGS84 datum. Image enhancements such as standard deviation and histo-
gram equalization were performed to enable features identification. Furthermore,
an overlay with farm boundaries was also performed (Figure 4) to allow identifi-
cation of cropped areas during classification. The metadata of the images were
used (Table 3) and band selection was done as described by [41]. This study also

Table 3. Landsat 8 OLI scene satellite imagery metadata.

Landsat 8 product Type of product Path Row Date of acquisition Cloud cover

LCO08_LITP Collection 2 level 1 168 61 20/02/2020 1.30
LCO08_LITP Collection 2 level 1 168 61 2018-01-29 0.02
LCO08_LITP Collection 2 level 1 168 61 2017-12-28 0.26
LCO08_LITP Collection 2 level 1 168 61 2015-01-05 2.48
LCO08_LITP Collection 2 level 1 168 61 2013-11-15 3.59
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A: TOA bands with Enhancement

C: TAO bands with enhancement and Farm boundaries

Figure 4. Image enhancement and farm boundary overlay in Ikombe-katangi, Machakos
County Kenya.

relied on Landsat 8 band information to enhance a band combination for differ-
entiation of characteristics in a classification. Band 2 was used to distinguish soil
from vegetation, especially in areas where the vegetation is scattered with a low
cover typical of farms in the study areas. Band 3 was used to evaluate plant vigour,
while 4 and 5 assisted in vegetation classification while bands 6 and 7 were crucial

in the classification of irrigated areas.

2.5. Reflectance Calculations

The uses of the Top of Atmosphere (TOA) in calculation of TOA reflectance for
bands 2, 3, 4, 5, 6 and 7 which are very important in the identification of cropped
area on Landsat 8 satellite imagery compared to the use of Bottom of Atmosphere
(BOA) was adopted from [42]. The challenges of atmospheric correction that
might accumulate errors in the BOA reflectance data required the use of TOA for
a surface that is a plateau (generally flat). Landsat 8 bands 6 and 7 in the study
were used in the assessment of moisture contents in soil and vegetation in order
to ensure that the rainfed crops were properly identified during classification. The
calculation of reflectance is crucial when creating multitemporal and/or multispa-
tial mosaics, as it largely removes variations between these images due to sensor
differences, Earth-Sun distance, and solar zenith angle (caused by different scene
dates, overpass time, and latitude differences) [43]. Conversion from DN to TOA
reflectance was applied in this study as suggested [44] and it is the most crucial
step in producing “accurate” spectral reflectance. In this study, the retrieval per-
formance of sentinel-2 BOA and TOA data did not produce variable significant
differences. The top of atmospheric reflectance calculated by reflectance using the
rescaling coefficients in the MTL file found alongside the downloaded satellite
images for Landsat 8 was calculated as follows:

LA'=M, Qy +A, (10)

where:

LA" =TOA radiance, without correction for solar angle. Note that pA’ does
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not contain a correction for the sun angle;
Mp = Band-specific multiplicative rescaling factor from the metadata (RE-
FLECTANCE_MULT_BAND_x, where x is the band number);
Ap = Band-specific additive rescaling factor from the metadata (REFLEC-
TANCE_ADD_BAND_x, where x is the band number);
Qcal = Quantized and calibrated standard product pixel values (DN).
This formula is adopted from [45].
Converting the TOA radiance to TOA reflectance:
LA -d?-7
ESUN, -Cos(6y, )

PTOA= 3
where

LA =TO where d is the Earth-Sun distance, ESUN, is the mean solar exoatmos-
pheric irradiance, and 6s.is the solar zenith angle [46].

The reflectance value was performed for all five years and the data are repre-
sented in Table 4. In this study All cropping patterns identified from the ground
observation were subjected to the Euclidean distance spectral dissim assessment
by comparing all patterns against possible outcomes. The method is deterministic
and looks at the shape of the wavelength [47]. Using data obtained from the field
surveys ground truth data for various crop types with precise geographic locations
was used for extraction of the spectral signatures (reflectance values at different
wavelengths) for the identified crops at the ground truth locations [7] [48]. The
Euclidean distance was calculated using the formula.

n

d(p.a)=,/>(p—0) 4)

i=1

where p; and g;are the reflectance values of the pixel and the reference signature
at the ith wavelength, respectively [49].

Table 4. Computation of the top of atmosphere reflectance for all the cropping patterns for bands 2, 3, 4, 5, 6, and 7.

Mixed Mixed  Mixed Mixed Mixed  Mixed Mixed
Year Wawlj::l::gth Crop Crop Crop Maize (él:;: Crop Crop Crop Bean Crop

(MPB) MG) (MB) (MP) M™MCQC) (MPC) (MCB)
2013 0.455 0.08927 0.09586 0.09782 0.09714 0.09611 0.09523 0.09042 0.09455 0.10394 0.00000
2013 0.56 0.08397 0.09349 0.09682 0.09286 0.09467 0.09320 0.08738 0.09497 0.10117 0.00000
2013 0.655 0.11389 0.11269 0.12533 0.11367 0.12188 0.11541 0.11783 0.11799 0.12419 0.00000
2013 0.865 0.17718 0.19634 0.19709 0.17834 0.20016 0.18541 0.19077 0.18765 0.19208 0.00000
2013 1.62 0.24180 0.24705 0.27321 0.24897 0.26900 0.26013 0.26677 0.26864 0.28703  0.00000
2013 2.2 0.19331 0.19179 0.21507 0.19643 0.20815 0.20364 0.20649 0.20739 0.23309 0.00000
2015 0.455 0.08178 0.07869 0.07738 0.07785 0.07845 0.07767 0.07505 0.07827 0.00000 0.00000
2015 0.56 0.08142 0.07211 0.07469 0.07497 0.07489 0.07526 0.07280 0.07605 0.00000 0.00000
2015 0.655 0.08380 0.07236 0.08117 0.08121 0.07564 0.07716 0.06525 0.08031 0.00000 0.00000
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Continued
2015 0.865 0.24936  0.19873  0.23230 0.22657 0.22178 0.23125 0.26128 0.22892  0.00000 0.00000
2015 1.62 0.22320 0.18761 0.20874 0.20457 0.19699 0.20628 0.17366 0.19619 0.00000 0.00000
2015 2.2 0.15126  0.12995 0.14266 0.14050 0.13043 0.13868 0.10051 0.13174 0.00000 0.00000
2017 0.455 0.07797 0.07567 0.07891 0.07801 0.07696 0.07651 0.07704 0.00000 0.00000 0.07734
2017 0.56 0.07738 0.07425 0.07842 0.07528 0.07466 0.07421 0.07032 0.00000 0.00000 0.07668
2017 0.655 0.09232  0.08937 0.08987 0.08499 0.08390 0.08719 0.07688 0.00000 0.00000 0.09117
2017 0.865 0.19938 0.19458 0.20790 0.19507 0.19822 0.19126 0.15944 0.00000 0.00000 0.20300
2017 1.62 0.23083 0.21366 0.22584 0.21146 0.19725 0.21912 0.19497 0.00000 0.00000 0.22754
2017 2.2 0.16924 0.15447 0.15943 0.15161 0.14430 0.15880 0.14508 0.00000 0.00000 0.16386
2018 0.455 0.08929 0.09017 0.09379 0.09033 0.09632 0.09112 0.09249 0.08673 0.08868 0.09468
2018 0.56 0.08767 0.09264 0.09586 0.08924 0.09672 0.09212 0.09578 0.08645 0.08932 0.09685
2018 0.655 0.10684 0.12070 0.12362 0.11328 0.11869 0.12156 0.12807 0.11046 0.11701 0.11856
2018 0.865 0.20444 0.21914 0.22083 0.20093 0.20667 0.21193 0.22814 0.20931 0.21768 0.21566
2018 1.62 0.23805 0.26873  0.29415 0.25914 0.26891 0.27938 0.29846 0.24534 0.26241 0.29436
2018 2.2 0.17199 0.19829 0.22210 0.19884 0.20345 0.21170 0.23097 0.18363 0.19895 0.21677
2020 0.455 0.00000 0.07989 0.07765 0.07880 0.08206 0.07922 0.00000 0.00000 0.00000 0.00000
2020 0.56 0.00000 0.07697 0.07615 0.07766 0.07916 0.07814 0.00000 0.00000 0.00000 0.00000
2020 0.655 0.00000 0.07061 0.06397 0.06949 0.07047 0.06976 0.00000 0.00000 0.00000 0.00000
2020 0.865 0.00000 0.24227 0.27798 0.26834 0.24387 0.26933  0.00000 0.00000 0.00000 0.00000
2020 1.62 0.00000 0.18978 0.18944 0.19581 0.19269 0.19582 0.00000 0.00000 0.00000 0.00000
2020 2.2 0.00000 0.11448 0.10414 0.11376 0.11354 0.11367 0.00000 0.00000 0.00000 0.00000

2.6. Land Cover Classification for the Study Area

The maximum likelihood classification classifier was used in the classification of
TOA band composite image from multispectral datasets. To further improve sat-
ellite imagery, standard deviation and histogram equalization enhancements were
performed using ARCGIS software (Figure 4) The crop pattern data was used to
train the land cover classification while farm boundaries were overlaid during the
classification to increase the classification accuracies as shown in Figure 4. The
maximum likelihood classifier as documented by [50] provides good results in
data-intensive environments. The crop pattern training data provided good infor-
mation for the proper discrimination of the various crop classes in the study area.
The critical role of training data as described by [51] cannot be overemphasized,
especially where the maximum likelihood classifier is used. In this study, land-
cover classification was performed to evaluate the effectiveness of crop discrimi-
nation using spectral signature ranges in the identification of green gram. Crop-
ping pattern field data for the year 2020 was collected during the short rain season
(October, November, December (OND)) and used in the classification while tar-

geting the specific spectral signature ranges. The basis for separating one crop
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from another is the assumption that each crop species has a specific spectral sig-
nature in a time series of multispectral images. This is achieved by varying the
plant reflectance of different crops and a proper understanding of cropping pat-
terns for the areas analyzed. The methodology workflow used in the classification

is shown in Figure 5.

REMOTE SENSING DATA FIELD DATA

MULTI-TEMPORAL/
~— MULTI YEAR LANDSAT CROPPING PATTERN
8 IMAGES DATA

IMAGE PRE-PROCESSING

(SURFACE REFLECTANCE) SRECIRASICRATURE

DENTIFICATION
FARM BOUNDARY DATA

SPECTRAL SIMILARITY
ASSESSMENT

FIELD CLASSIFICATION
VALIDATION DATA
FROM FIELD

CROP SPECTRAL SIGNATURE LANDCOVER CLASSFICATION ACCURACY
LBRARY ASSESSMENT

Figure 5. Methodology workflow.

2.7.Land Cover Accuracy Assessment

The error matrix evaluation method was found to be a valuable tool for assessing
the accuracy results of the classification results; the error matrices were obtained
by comparing the classification and the resulting ground-truth data collected from
the field. The precision of classification was measured through the overall accu-
racy (OA) and Kappa («) indices, where OA is the ratio between correctly classi-
fied pixels and the total number of pixels, while k index measures statistically the
concordance between the ground truth data and classification values [52]. The

Kappa coefficient was computed as follows.
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where 7is the class number NVis the number of classified values compared to the

true values, m;; is the number of values belonging to the true class 7that have also
been classified as class / |9 normally at the diagonal area of the confusion matrix.
C;is the number of predicted values belonging to the class, 7 G7is the total number
of truth values belonging to the class. Once the Kappa coefficient is applied, it
results in error of commission and omission. The error of commission gives a
fraction of values predicted to be in the class but do not belong to that class, whilst
the error of omission gives fraction of values belonging to a class but were pre-
dicted to be in a different class. Errors give producers and users precision, where
the probability that a value in a given class was correctly classified is the producer’s
precision, while the probability that that a value predicted to be in a certain class

actually is in that class is the user’s precision.

3. Results

Changes in the short rain season (October-November-December) have been de-
scribed by Recha et al (2016) to start between mid-November and early Decem-
ber, thus causing changes in vegetative stages of the crop depending on the date
of onset of rain. For data collected for five years, the vegetative stage of crop
growth was found to occur between late December and February. In one unique
case, while field data was collected, 2020 short rains began in early December,
occasioning a two-month delay in the cropping calendar. These changes informed
satellite imagery data acquisition for the years investigated. The graphs in Figures
6-10 represent Variation of TOA reflectance for the 5 years that were examined
in the study are for bands 2, 3, 4, 5, 6 and 7 for the various cropping patterns was
eminent (Figures 6-10). The results represent the discrimination of the spectral
signatures for the various cropping patterns extracted from the Landsat 8 data for
each band used in the study. The focus of the result was to present the reflectance
for the vegetative stage of growth for the various cropping patterns against the

various bands used for the study, that is, bands 2, 3, 4, 5, 6 and 7 for the short rain

seasons.
Mixed Crop(MP)
——Mixed Crop(MG)
Mixed Crop(MB)
——Maize
——GreenGram
560 655 865 1620 2200

WAVE LENGTH

Figure 6. Landsat 8 TOA Spectral Reflectance for vegetative stage of growth for different crops in the 2015-short rain.
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Figure 7. Landsat 8 TOA Spectral Reflectance for vegetative stage of growth for different crops in the 2018-short rain.
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Figure 8. Landsat 8 TOA Spectral Reflectance for vegetative stage of growth for different crops in the 2017-short rain.
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Figure 9. Landsat 8 TOA Spectral Reflectance for vegetative stage of growth for different crops in the 2015-short rains.

The results of the table show the levels of dissimilarity among the various crop-

ping patterns for each of the TOA reflectance for each band (2, 3, 4, 5, 6, and 7).
Table 5 and Table 6 depict the levels of similarity with a dissimilarity threshold

0f 0.95 in each of the cropping patterns.
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Figure 10. Landsat 8 TOA Spectral Reflectance for vegetative stage of growth for different crops in the 2013-short rains.

Table 5. Euclidean distance proximity matrix for all cropping patterns identified in the study area.

Proximity matrix (Euclidean distance):

Mixed Mixed Mixed ) . . )
. Mixed Crop Mixed Crop Mixed Crop Mixed Crop
Crop Crop Crop  Maize GreenGram (MP) (MC) (MPC) Bea: (MCB)
(MPB) (MG) (MB)
Mixed Crop
0 0.259 0.288 0.278 0.257 0.280 0.059 0.221 0.344 0.337
(MPB)
Mixed Crop
0.259 0 0.054 0.048 0.029 0.045 0.263 0.333 0.393 0.400
(MG)
Mixed Crop
0.288 0.054 0 0.037 0.042 0.027 0.292 0.365 0.440 0.443

(MB)

Maize 0.278 0.048 0.037 0 0.036 0.017 0.284 0.350 0.425 0.424
GreenGram | 0.257 0.029 0.042 0.036 0 0.033 0.261 0.333 0.407 0.418
Mixed Crop

0.280 0.045 0.027 0.017 0.033 0 0.283 0.349 0.426 0.430

(MP)

Mixed Crop
0.059 0.263 0.292 0.284 0.261 0.283 0 0.182 0.323 0.354

(MO
Mixed Crop 0.221 0.333 0.365 0.350 0.333 0.349 0.182 0 0.243 0.397

(MPO) . . . . . . . . .

Bean 0.344 0.393 0.440 0.425 0.407 0.426 0.323 0.243 0 0.319
Mixed Crop

0.337 0.400 0.443 0.424 0.418 0.430 0.354 0.397 0.319 0

(MCB)

Table 6. Dissimilarity threshold of 0.95 for cropping pattern TOA spectral reflectance.
List of similar objects (Dissimilarity threshold = 0.95):

Object 1 Object 2 Dissimilarity Object 1 Object 2 Dissimilarity
Mixed Crop (MPB) Mixed Crop (MG) 0.259 Mixed Crop (MB) Mixed Crop (MC) 0.292
Mixed Crop (MPB) Mixed Crop (MB) 0.288 Mixed Crop (MB) Mixed Crop (MPC) 0.365
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Continued
Mixed Crop (MPB) Maize 0.278 Mixed Crop (MB) Bean 0.440
Mixed Crop (MPB) GreenGram 0.257 Mixed Crop (MB) Mixed Crop (MCB) 0.443
Mixed Crop (MPB) Mixed Crop (MP) 0.280 Maize GreenGram 0.036
Mixed Crop (MPB) Mixed Crop (MC) 0.059 Maize Mixed Crop (MP) 0.017
Mixed Crop (MPB)  Mixed Crop (MPC) 0.221 Maize Mixed Crop (MC) 0.284
Mixed Crop (MPB) Bean 0.344 Maize Mixed Crop (MPC) 0.350
Mixed Crop (MPB)  Mixed Crop (MCB) 0.337 Maize Bean 0.425
Mixed Crop (MG) Mixed Crop (MB) 0.054 Maize Mixed Crop (MCB) 0.424
Mixed Crop (MG) Maize 0.048 GreenGram Mixed Crop (MP) 0.033
Mixed Crop (MG) GreenGram 0.029 GreenGram Mixed Crop (MC) 0.261
Mixed Crop (MG) Mixed Crop (MP) 0.045 GreenGram Mixed Crop (MPC) 0.333
Mixed Crop (MG) Mixed Crop (MC) 0.263 GreenGram Bean 0.407
Mixed Crop (MG) Mixed Crop (MPC) 0.333 GreenGram Mixed Crop (MCB) 0.418
Mixed Crop (MG) Bean 0.393 Mixed Crop (MP) Mixed Crop (MC) 0.283
Mixed Crop (MG) Mixed Crop (MCB) 0.400 Mixed Crop (MP) Mixed Crop (MPC) 0.349
Mixed Crop (MB) Maize 0.037 Mixed Crop (MP) Bean 0.426
Mixed Crop (MB) GreenGram 0.042 Mixed Crop (MP) Mixed Crop (MCB) 0.430
Mixed Crop (MB) Mixed Crop (MP) 0.027 Mixed Crop (MC) Mixed Crop (MPC) 0.182
3.1. Green-Gram Spectral Signature Ranges for
Bands 2,3,4,5,6 and 7
The graphs 11 to 16 represent the spectral signature ranges for green gram for
each band evaluated individually in the study for 5 years. In Figures 11-16 the
spectral reflectance for green gram the were 0.07696 - 0.09632, 0.07466 - 0.9467,
0.0704047 - 0.12188, 0.19822 - 0.24387, 0.19269 - 0.26900 and 0.11354 - 0.20815
for Band 2, 3, 4, 5, 6, and 7. The identified ranges of spectral signature can be used
to define the reflectance for green gram for agroecological zones IV and V for the
vegetative stages of the crop growth during the short rains only (Figures 11-16).
Similarities in the sigmoid curve of the TOA reflectance indicate that spectral sig-
nature reflectance were established through defined ranges for a particular crop-
ping stage, season, and agroecological zones. Figure 17 gives an overall compari-
son of all bands for the green gram for the selected 5-year period.
3.2. Landcover Classification and Accuracy Assessment
The classes selected in the land cover of the classification of the study area were
mixed crop (maize and pigeon pea), mixed crop (maize and greengram), green
gram, mixed crop (maize and beans), maize, built area, shrubland, mixed crop
(maize and cowpea), beans and water. These classes were based on training data
collected from the field. Classification was carried out using the TOA reflectance
bands 2, 3, 4, 5, 6, and 7 of Landsat 8. The cropping pattern and farm boundary
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Figure 11. Greengram vegetative stage TOA reflectance for band 2.
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Figure 12. Greengram vegetative stage TOA reflectance for band 3.
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Figure 13. Greengram vegetative stage TOA reflectance for band 4.
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Figure 14. Greengram vegetative stage TOA reflectance for band 4.
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Figure 15. Greengram vegetative stage TOA reflectance for band 6.
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Figure 16. Greengram vegetative stage TOA reflectance for band 7.
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Figure 17. Greengram spectral signature library for all bands in a 5-year period.

data were used to improve the classification. The accuracy assessment of the land-
cover classification of the study area was 84% with a kappa coefficient of 0.836
(Table 7). The producer accuracy and the user accuracy were 82.86% and 85.29%,
respectively, for the green gram crop, other classes identified in the classification
were; Mixed crop (maize and pigeon pea) 79.31% and 79.31%; Mixed crop (maize
and green gram) 100% and 61.54%; Mixed crop (maize and beans) 88.89% and
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70.59%; Maize 61.11% and 100%; Built up 92.86% and 92.86%; shrubland 83.33%
and 90.91%; Mixed crop (maize and cowpea) 83.33% and 100%; Bean 100% and
100%; Water 100% and 100% for producers and users accuracy, respectively (Ta-
ble 7) and the land cover classification (Figure 18).

Table 7. Landcover classification accuracy assessment using the confusion matrix.

Overall accuracy =(143/171) 84%
Kappa coefficient 0.83625731
Class Prod. Acc. User Acc. Prod. Acc. User Acc.
(%) (%) (Pixels) (Pixels)
Mixed crop (MP) 79.31 79.31 23/29 23/29
Mixed crop (MG) 100.00 61.54 8/8 8/13
Greengram 82.86 85.29 29/35 29/34
Mixed crop (MB) 88.89 70.59 24/27 24/34
Maize 61.11 100.00 11/18 11/11
Built-up area 92.86 92.86 13/14 13/14
Shrubland 83.33 90.91 10/12 10/11
Mixed crop (MC) 83.33 100.00 15/18 15/15
Bean 100.00 100.00 717 717
Water 100.00 100.00 3/3 3/3

IKOMBE-KATANGI WARD LAND COVER CLASSIFICATION AND LANDSAT 8 IMAGE FOR YEAR 2020

LANDSAT 8 FALSE COLOR COMPOSITE

LANDCOVER CLASSIFICATION

Legend
[Jnocaa [ wixed cropviz) [ Mixed crooe) [ Meize [ soruoiand [ Vveter N
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Figure 18. Tkombe-Katangi landcover classification using maximum likelihood classifier.
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4. Discussion

Spectral resolution, which this study captures through the study of green gram
spectral signatures affects the amount and type of thematic information available
from a satellite scene for distinguishing vegetation (Table 4, Figures 11-17). This
argument is in agreement with those of [53] who defined spectral resolution as
the width of the spectral intervals (bands) used. Earth observation datasets have
also proven to be effective in crop-type mapping and identification [54]. Further-
more [55] confirmed that satellite imagery data sets for crop identification ranged
from low to high spatial resolutions. Multi-temporal Landsat data have been
found to be very useful in crop monitoring. NASA Landsat-8 satellites provide
images every 16 days with a spatial resolution of 30 m [56] [57]. Medium spatial
resolution remote sensing data provide the spectral-temporal profiles of the crops
of interest using a set of multispectral images acquired within a temporal period
of time [57] [58]. Crop types have been distinguished using temporal and spectral
characteristics of satellite images [58]-[60]. A study by [7] found that multitem-
poral imagery was very instrumental in the monitoring of crop growth stages of
green gram enabling proper crop management such as irrigation, fertilization and
pest control. [61] demonstrated the capabilities of Landsat 8 data integrated with
sentinel 2 in enabling the understanding of the spatial variability of crop condi-
tions.

A study by [23] has significantly proven the importance of various bands in a
land cover classification that features other vegetation alongside crops. [62] sug-
gested that the good performance of pre-processed OLI 8 satellite data in the clas-
sification of very fragmented agricultural landscapes. A calculation of TOA reflec-
tance increased the probability of identification of cropping patterns in the study
area Table 4 and Figures 6-10 especially with a focus on training data that had
identified all possible cropping patterns. In addition, Existing data sets from USGS
NASA for BOA provided results similar to those of TOA that were calculated for
the images in question. Furthermore, a study by [63] indicated an agreement be-
tween ETM+ and OLI level 1 TOA reflectance within insitu measurement across
all the spectral bands, whilst Level 2 reflectance products; Bottom of Atmosphere
(BOA) decreased across the shorter wavelengths (bands 6 and 7) & for Landsat 8
across different landscape. [64] has shown that the use of surface reflectance and
TOA produced validly accurate results in the estimation of LAI index. It is evident
that in LAI, the atmospheric errors do not affect the resultant outputs. The use of
TOA to avoid potential errors that can result from subsequent retrieval processes
has been advocated for [65].

Differentiation of the different crops and crop patterns was possible, as indi-
cated by the spectral similarity and showed the lowest dissimilarity index of 0.027
and the highest 0of 0.443 (Table 5 and Table 6). An in-depth analysis of the spectral
signatures associated with green gram for all bands Figures 11-17 for various
years investigated gives an indication of the possibilities of having spectral signa-

ture ranges for the identification of crops or cropping patterns in the field. Similar
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findings to those reported with maize in our study were previously reported by
[6] [66] conducted a multi-temporal analysis using Landsat 8 data to differentiate
between rice and wheat in fragmented landscapes of South Asia. The research
confirmed the capabilities to capture multiple phenological stages with Landsat 8
enhancing crop classification in regions with small, heterogeneous fields. [67] uti-
lized Landsat 8 data for mapping smallholder farms in Sub-Saharan Africa. The
research demonstrated accurate identification of different crop types within frag-
mented landscapes using Landsat 8 images. The need for accurate cropping pat-
tern data and the demand for accurate and efficient crop pattern maps has been
previously documented by [68]. Furthermore, [69] and [70] indicated that the
spatial distribution and temporal dynamics of crop planting patterns have great
contribution to the general understanding of agricultural production. Establishing
these patterns is key towards mapping spectral signatures. In the study by [71] of
various methods of spectral similarity assessment were used. The study high-
lighted the use of non-hybrid methods in the discrimination of objects with high
level of similarity. [72] used the pearson correlation coefficient to check similari-
ties between the NDVI time series and sentinel-2 data. Establishment of the area
under the crop would also be possible. Comparison of spectral reflectance across
the five years for the green gram showed that the range did not widen or had out-
liers but was significantly maintained across the bands. All spectral reflectance’s
of the green grams are compared over the years (Figure 17). High levels of simi-
larity were observed for the vegetative stage of growth in the short rain season
over the five years. This is confirmation of the potential of multispectral datasets
for crop identification, as was discussed [8]. The precision in the identification of
these crops is highly dependent on the stage of the crop, the agroecological zone
where most of the climatic characteristics are similar and on the use of one crop-
ping season as was the case for this particular study. This can be explained by the
reports of [73] who showed that the spectral characteristics of crops were influ-
enced by the chlorophyll and water content and, therefore, changes in the course
of the growing season. The best results for crop identification may be achieved
during the phase of full vegetation development, when the soil influence on the
habitat's spectral reflectance is lowest. However, the exact time of the full devel-
opment stages differ from crop to crop [73]. In this case, the study used the vege-
tative stage of green gram, where the crop was actively growing, when there was
enough cover to reduce the influence of soil characteristics.

The problem in crop classification related to differences in spectral reflectance
due to uneven crop maturation and differences in the growth phase of plants
within a single field or among different surfaces (caused by other dates of sowing)
is suggested by [74]. In our study, these challenges are addressed by mapping all
possible cropping patterns and operating from one agroecological zone and one
crop growth stage (when that stage is at its optimal level). This minimizes seasonal
variation for the vegetative stage over the years. This particular methodology im-

proves the homogeneity of the environment by taking care of several factors that
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cause a heterogeneous nature in the identification of crops using satellite imagery.
Our study spectral reflectance similarity findings as shown in Figure 17 are in
agreement with those of [75] who confirmed that identification of crops or detec-
tion of changes on agricultural surfaces is performed by multitemporal classifica-
tion. As observed by [76] meteorological variables increase crop variation across
region; therefore, our study focused on particular agroecological zones whose me-
teorological data showed a high level of similarity to overcome this challenge. In
this case, our study worked with different dates in different years for the same
cropping season while observing the planting date to determine satellite imagery
data for use in the analysis. This was to ensure that all images were acquired when
the crops were in the optimum vegetative stage of growth. In a similar approach,
[60] used temporal signatures, agroclimatic diversity, and farm field sizes to ena-
ble crop classification. In our study, seasonality was found to be crucial as it af-
fected the variability in time series, while regional stratification, for example, the
use of agroecological zones, was found to give the best result. We showed that the
classification of fragmented landscape land cover was improved using training
data and farm boundaries, and these concurred with the findings by [60]. A fur-
ther confirmation of crop identification is the landcover classification carried out
in the study area are presented in Figure 18. The multi-approach to landcover
classification, especially in cropland were in agreement with those of previous re-
searchers [77]-[80] as a sure way of increasing the effectiveness of satellite imagery
data of medium resolution in crop identification. Spectral reflectance range data
for various crops can be generated using multitemporal and cropping pattern ap-
proaches for small-holder farms to increase crop identification. The application
of spectral reflectance data for crop identification has revolutionized precision ag-
riculture and agroecosystem management. According to [81] multi-temporal sat-
ellite data allows for monitoring crops throughout their growth stages optimizing
agricultural practices. Further, data generated from spectral reflectance can be
used for improving yield prediction accuracy through its combination with crop
growth models, [48] In addition, [82] confirms the importance of spectral reflec-
tance data in crop identification which is important for accurate crop maps that
are crucial for land use planning and policymaking, ensuring sustainable agricul-
tural development.

The overall accuracy in our study Table 7 was 84% with the producer and user
accuracy of 82.26% and 85.29%, respectively, for the green-gram crop in the land-
cover classification confirms these approaches capabilities in crop identification.
Other cropping patterns whose identification was equivalently good was mixed
crop (maize and pigeon pea), mixed crop (maize and beans), mixed crop (maize
and cowpea) and bean whose producers and users precision were 79.31%, 79.31%,
88.89%, 70.59%, 83.33%, 100%, 100%, respectively. The evaluation of other classes
such as maize was that 61% producers’ accuracy and 100% users’ accuracy. An
indication that the identification of maize could have been influenced by its pres-

ence in other cropping patterns. [83] observed that mixed pixels reduce the impact
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of mapping accuracy of land covers. Other classes were easily discriminated, and
their precision was good (Table 7). The classification methodology differentiated
other classes very well, where the built-up area and shrublands classes were well
discriminated with producers and users accuracy of 92.86% and 92.86%; 83.33%
and 90.9%, respectively. This research build on the need to develop spectral sig-
nature libraries in Africa with more research on different satellite datasets. The
confirmation that greengram crop identification is a step towards the develop-
ment of spectral signature libraries for Africa. Spectral signature libraries are de-
signed for agricultural research purposes, such as the SPECCHIO Spectral online
database maintained by the Remote Sensing Laboratories in the Department of
Geography at the University of Zurich [84]. Although the study provides good
classification accuracies, it is important to note that the use of multispectral da-
tasets such as sentinel which is 10m could have provided better accuracies com-
pared to Landsat 8 even though there were availability challenges for the pheno-
logical stage of growth that was investigated. [85] showcased the capabilities of
sentinel-2 satellite imagery in classification which were far superior to Landsat 8.
Nevertheless, combining Landsat 8 and sentinel-2 where datasets are available
greatly improves classification accuracies, as reported by [23]. The importance of
spectral matching of crop-specific spectral signatures’ reflectance with insitu hy-
perspectral measurements is well suggested by [86]. The challenges of the absence
of several multitemporal satellite data within and over years constrained rigorous
investigation of other phenological stages of the crop.

Despite its advantages, using spectral reflectance data for crop identification
presents various obstacles. These include the demand for high-quality, cloud-free
images, the complexities of data processing, and the need for ground truth data
for calibration and validation. Advanced machine learning methods and im-
proved atmospheric correction approaches are being developed to solve these
problems, improving the accuracy and usefulness of spectral reflectance data in

agriculture [87].

5. Conclusions and Recommendations

We conclude that current methodologies used are reliably applicable to create a
quasi-homogeneous environment in smallholder farms for the identification of
crop types and cropping patterns. The use of a particular cropping season, within
a target agroecological zone for a certain phenological stage of growth created the
homogeneous environment required to work with medium-resolution data such
as Landsat 8 in crop identification. The TOA reflectance improved the identifica-
tion of crops, and the use of multi-temporal images was critical in creating spectral
signature ranges for the crop identification. From the study there was no single
spectral signature through which a particular crop exists, but most crops tended
to oscillate within a specific range for all significant bands. Operating within an
agroecological zone, certain crop stages and within a particular season were

shown to be vital particularly if crop identification were to be successful for the
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documentation of spectral signature ranges. The general effectiveness of this ap-
proach has been demonstrated by evaluating the accuracy of the land cover clas-
sification. This information can be used critically for the identification of crops.
This will solve the challenges of monitoring of crops in fragmented smallholder
farms, therefore enabling better decision making in enhancing crop productivity.
Further, continuous crop identification and monitoring will Fasttrack the chal-
lenges of food security in Kenya and Africa at large. Utilizing spectral reflectance,
can significantly have practical applications such optimizing field management
practices to improving yield predictions and enhancing sustainable agricultural
practices in mung bean production in Kenya.

This study recommends the use of similar approaches and a combination of
Landsat 8 and sentinel-2 data, which have been documented to significantly in-
crease precision. The approaches documented in the study can be used for local
and national government planning through the provision of crop identification
data. In addition, further research can be conducted to evaluate how other classi-
fication approaches perform with the spectral signatures generated from the
Landsat 8 image for the study area. This is important especially where other mul-

tispectral satellite data may not be available.
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