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Investigation of agricultural water demands and the future prediction in Balkh Province,
Afghanistan
OAbdullah Jami!, Masahiro Tasumi!

Abstract: This study investigates the present conditions of agricultural water demands and its future prediction in Balkh Province
using satellite remote sensing. In this study, a satellite-based evapotranspiration (E7) map estimated using the GCOM-C ETindex
algorithm was integrated with a traditional method of calculating crop water requirements to understand the present status of

agricultural water management in the Mazari-Sharif agricultural area. Landsat 8 images were used to analyze vegetation and

water status for the year 2015. Using historical and future data sets, the impact of climate change on crop water requirements and

irrigation water requirements were estimated to understand future conditions.

Keywords: Crop Water Requirements, Irrigation Water Requirements, Afghanistan, Remote-Sensing, Climate Change

1. Introduction

Afghanistan is located in an arid to semi-arid climate
zone of Asia, with scarce rainfall. The rainy season
starts in October and ends in April (Qureshi, 2002, and
Gopal, 2003). The mountains in the country serve as a
natural storage facility and a source of water for
agricultural production. The mountains accumulate
snow during winter, which starts melting in the spring
season. Therefore, together with the melting of glaciers,
the mountains feed rivers that are the main sources of
surface water. This water is mainly used for agricultural
production.

Aside from security and political stability, water is the
most critical need for Afghanistan that can lead the
country toward development sustainability and
self-sufficiency. Based on a United Nations estimation,
Afghanistan’s population is 31 million, and it will
increase by about 80 percent by the year 2050 to
2015). This

increase will strengthen water demand, which is already

approximately 56 million (Campbell,

a problem for the country’s water resources.
Furthermore, recent studies show that climate change
may increase air temperature and alter precipitation
patterns in Afghanistan (WFP et al., 2016). Specifically,
this change may affect the amount and timing of
snowfall received in High Mountain, which significantly
impacts the country’s water resources.

At present, in addition to many ongoing water projects
and the construction and modernization of irrigation
systems, water is applied and distributed based on a
traditional system without considering actual crop or
irrigation requirements (Walters and Groninger, 2014).

Considering the above-mentioned problems, this
study attempts to deliver a clear picture of agricultural
water demands along with future predictions about

conditions in Balkh Province for readers.

! University of Miyazaki (1-1, Gakuen Kibanadai-Nishi, Miyazaki
8892192, Japan; E-mail: tasumi@cc. miyazaki—u. ac. jp)

2. Materials and Methods

Weather data and satellite Landsat images were the
main sources used in this research. To understand the
present conditions of agriculture water management in
the Balkh agricultural area, a combination of a
satellite-based E7 map estimated by the GCOM-C
ET ingex algorithm (Tasumi et al., 2016 a,b) with the
traditional technique of crop water requirement
computation (Allen et al., 1998) was used.

For the year 2015, the actual ET was computed from
Landsat 8 and crop water requirements were obtained
from the FAO 56 manual. In the same year, the spatial
results of field water sufficiency were derived, which
show the adequacy of water in Balkh Province. The
estimation of crop water requirements using FAO 56
require the crop coefficient curve and ETo. The K.
values were determined from the literature and from
satellite-observed NDVI. Climate change impacts on
CWR and IWR were computed using daily historical
(1981-2015) and future (2016-2100) weather data.
Historical weather data were used to confirm recent
trends in field water demands, and future weather data

were used to evaluate the impacts of climate change.

2-1. Study Area

Balkh is an agricultural province in northern
Afghanistan, located at a latitude of 36.76°N, a
longitude of 66.9°E, and 334 m in elevation above sea
level (NAIS/AgNet, 2008). In Balkh Province, irrigated
agricultural land covers 266,006 ha, which is equal to
15.9% of the whole province (FAO, 2016). The main
sources of water to this region come from the Hindu
Kush Mountains, flowing through the Balkhab River.

Balkh has an arid (desert) climate with a cold winter
and a hot summer. The annual average rainfall is about
260 mm; most rain occurs from November to May, and
very little rainfall occurs during summer. In this study,
we focus on agricultural areas that cover an 83,090 ha
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arca.

Figure 1 shows the location, boundaries, and
topographic map of the study area. The location and
boundaries of the analysis areas used in this study are
shown (black Balkh Province. The
topographic map of the study area indicates that nearly
half of the

semi-mountainous terrain. In this research, the flat land

line) inside

province has mountainous or

areca was selected as a study area.

Figurel: Topographic and location map of study area

2-2. Weather data

Weather data is an important part of this research.
Because climatic parameters are the only factors that
affect ETo, weather data are used to compute E70. In
this study, ETo 1is calculated using the FAO’s
Penman—Monteith method (Allen et al., 1998).

Figure 2 shows the daily air temperature (top),
computed ET (middle), and wind speed (bottom) for the
year 2015. This figure shows the general weather
conditions of Balkh Province during the year 2015.

I

1Ry A VAN T

[ 1

| A i

W

4 \/‘V g yw e

2 s
o |

o an an sn en wn en ton s on

o

Fefecer

7

:
6
:

A bl i)

4

Figure 2: Daily plots of temperatures (top), computed

ind speee ')

reference £ET (middle), and wind speed (bottom) for the
year 2015

2-3. Satellite Landsat images analysis

The 2015 Landsat 8 images of Balkh were
downloaded, and consist of two paths (154 155) and
two rows (34 _35). In total, 90 images from 2015 were

downloaded. Same-day image rows (34 35) were
merged together, resulting in 23 images from path 154
and 22 images from path 155.

In this study, band 10 (TIRS) was used to estimate E7,
and band 4 (red) and band 5 (near-infrared) were used to
estimate NDVI.

The ETindex 1s equivalent to the crop coefficient. It is
an index defined by the FAO that is widely accepted in
The
following equation shows the estimation of the E7jdex:

the field of agricultural water management.

ETnaex = ET/ETo (1)

where ET actual is from a hypothetical, adequately
watered, extensive grass reference surface with a crop
height of 12 cm, a surface resistance of 70 s m—1, and an
albedo of 0.23. ETo is reference evapotranspiration,
which can be calculated using meteorological data.

ET is estimated by applying the GCOM-C ETindex
algorithm (Tasumi et al, 2016 a,b), which is a
simplified E7 estimation algorithm that has good
congruency with traditional methods of agricultural
water planning and management. The key equation of
the algorithm is:

Teldryl-T= (act)

ETindex = Cadj ®x — -
Teldry) -T2 [wet)

2

where Cadj is an empirically determined adjustment
factor, Ty(act) is the actual surface temperature (°C)
observed via satellite, and 7y(wet) and Ty (dry) are the
wet and dry surface temperatures (°C) estimated using

clear-sky solar radiation and observed wind speed.

The estimated E T 1s further convertible to actual ET

(mm/day), using reference evapotranspiration (E7o) as:

ET = ETingex ETo (10)

where ETo is reference evapotranspiration computed

based on weather data.

Monthly and annual ET are both further estimated using
the ETiqex (satellite data) after interpolating cloudy days,
and ETo (weather data).
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2-4. Crop classification and crop water requirement

The crop classification was conducted in the
Mazari-Sharif agricultural area using a series of NDVI
For the

non-vegetated

images. identification of vegetated and
with NDVI values

consistently less than 0.3 were assumed to be non-crop

surfaces, pixels
surfaces, which are not targeted for crop classification.
The remaining pixels were classified into 100 classes,
using unsupervised classification based on the
information from the NDVI time series (i.c., phenology).
The 100 classes were then manually assigned to each
crop type or non-crop categories, using general
information about the primary crops and the cultivation
schedule of the area. Upon classification, the following
two pieces of information were used as references: (1)
the crop calendar supplied by the National Agriculture
Information System (NAIS)/AgNet for the year 2007 for
Balkh/Dehdadi; and (2) the planting areas
harvesting period for Balkh, 2008, by NAIS/AgNet.

After a trial-and-error analysis, the crops were

and

categorized into the following seven categories: winter
wheat, spring wheat, first cultivation of winter wheat
and then cultivation of cotton, first cultivation of spring
wheat and then cultivation of cotton, other field crops,
and horticulture (likely apricot).

Next, the crop water requirement for each crop-type
was analyzed by following the FAO manual (Allen et al.,
1998). The FAO
requirements by determining the crop coefficient curve.

suggests estimating crop water

In this study, the crop coefficient curve for each crop
type was determined by referring to published values
and the satellite-observed NDVI for crop phenology.
Then, the crop water requirement for each crop type was
ETo
ground-measured weather data and the crop coefficient

computed using  estimated based on
curve of that specific crop.

Finally, a field water sufficiency map was derived via
dividing the actual satellite-estimated ET by crop water

requirement, as estimated from the FAO manual.

2-5. Climate change impact on field crops and
irrigation water requirements

The impact of climate change on agricultural water
Mazari-Sharif
agricultural area. The available data for this analysis

requirements was analyzed for the

were as follows:

1. Historical weather data (daily temperature and
precipitation) (1986-2015)

2. Future weather data (daily temperature and
precipitation) (2016-2100)

In this study, to analyze the impact of climate change
on field crops, two climate change scenarios, RCP45
and RCP85, were used to evaluate the impact of climate
change on the study region over time relative to the
historical baseline conditions. From each of these
scenarios, eight models were used to project future
conditions, as well as one model for considering the
historical conditions. The future period was set to
20162100, and the historical period was set to
1986-2015.

The analysis of IWR and CWR was based on the
provided future data from the eight models of RCP45
and the eight models of RCP85, with one historical
weather data set from ERA..

The analysis of climate change impacts on field crops
was conducted to evaluate long-term trend changes and
the year-by-year variation of precipitation (Pr), crop
(CWR),
requirement (IWR) for spring wheat.

water requirement and irrigation water

The long-term trend was evaluated as a linear
regression that shows the general change of Pr, CWR,
and IWR, and explains how climate change causes Pr,

CWR, and IWR to increase or decrease.

3. Results and Discussions
3-1. Satellite analysis result for the year 2015

Figure 3 shows the key findings of the satellite
application for the Mazari-Sharif agricultural area in the
year 2015. These results are shown as summary images.

A summary of the description of each image in Figure 3
is as follows:

A: Annual actual evapotranspiration for the year 2015.
This image is a valuable source for agricultural water
management.

B: Crop classification map for the year 2015. This image
can be used for many important purposes in the field of
agriculture and irrigation planning.

C: Crop water requirements for classified crops in one
season. This result is vital for planning agricultural
water resources.

D: Field water sufficiency map for the year 2015. This
result shows the present conditions of the study area and
shows where water is insufficient.
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Figure 3: A: Estimated ET for the year 2015, B; Crop
classification map for the year 2015, C; CWR for the
cultivation season of 2015; and D: Field water sufficiency map
for the year 2015.

3-2. Climate change impacts on field water
requirements

The results of CWR and IWR are focused on the
major crop of Balkh Province, which is spring wheat.
The results also include the precipitation data.

The impact of climate change on CWR and IWR and
precipitation are shown in Figure 4. These trends are
present for all climate models, and for all precipitation,
CWR, and IWR data. The graphs’ trends in precipitation
are summarized in Table 1, and the summary for annual
variation of spring wheat CWR and IWR are shown in
Table 2 and 3.

Figure 4 shows a sample result of climate change
impact on irrigation water requirement from the RCP85
MPI-ESM-MR assumptions for spring wheat:

Spring wheat

R?=0.224
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2056
2060
2064
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Spring wheat

(mm/season)
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10-year moving average of standard
deviation of annual Irrigation Req.

2016
2020
2024
2028
2032
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2040
2044
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2052
2056
2060
2064
2068
2072
2076
2080
2084
2088
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2100

Figure 4: Annual irrigation water requirement (2016-2100) for
spring wheat, and 10- year moving standard deviation of annual
irrigation water requirement from the RCP85 MPI-ESM-MR
assumption, Balkh Province

In Figure 4, (top) shows the annual IWR in the future,
adopting the RCP85 MPI-ESM-MR scenario. In this
scenario, the IWR has an increasing trend in the future,
and the ratio of the increment is 1.6 mm/season.
Furthermore, the standard deviation of the IWR (Fig. 4,
bottom) indicates that the IWR becomes more unstable
in the future, meaning that little water may be required
in some years, whereas large amounts of water may be
required in some other years. The average increment
ratio of instability is about 0.4 mm/season. Because
water planning should target years with water shortage,
an unstable year-by-year IWR increases the water
requirement in planning. A quick reference number of
the impact of climate change on IWR, including the
impact of the instability of water demand, may be 1.6
mm/season (i.e., the general ratio of increment) + 0.4
mm/season (impact of increment of instability) = 2
mm/season. Comparing the historical annual IWR of
spring wheat (which is about 236 mm/season), a 2
mm/season increment of IWR is equivalent to a 42%
increment of IWR in 50 years, which is large. One
important caution regarding this analysis is that the
R-square values are very small for both the IWR and the
trend in standard deviation. The small R-square values
imply that the above-mentioned trend is unclear or
uncertain. This analysis assumes fixed soil and crop
conditions. Thus, the trend of IWR shown in Fig. 4 is a
pure reflection of the trend of climatic conditions
described by the climate change model.
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3-2-1. Summary table for the result of precipitation

The results of the analysis of climate change impact
on field water requirement are described in a summary
table. The data period is 2016-2100 for the future, and
1981-2015 for historical ERAI data.

As shown in Table 1, the first model is “CanESM2”,
which lists the annual amount and 10-year standard
deviation in the same way: both show the average
(mm/year), slope, and R-square values. In the annual
amount section, the average amount is 194 mm/year,
which represents the average of the annual precipitation
from 2016-2100. The slope is 0.75, meaning that the
annual precipitation trend has an increment of 0.75
mm/year. However, the R-square value is 0.05, which
indicates that the increment is not clear. Thus, with a
small R-square value, the model should be considered as
an unclear predictor. In the 10-year standard deviation
section, the average is 80 mm/year, which indicates the
average of yearly wvariation for the entire period
(2016-2100). The slope is 0.28, which means that the
year-to-year variation trend has an increment of 0.28
mm/year, although the R-square value of 0.13 indicates
that it is also not a significant, clear predictor.

Table 1: Summary of annual precipitation: long-term and
year-by-year variation

Annual amount 10-year Standard deviation
Model name Average Slope R? Average Slope R
(mm/yr) (mm/yr)

canEsM2_rcp8s 194 0.75 0.05 80 0.28 0.13
CNRM-CM5_rcpss 182 0.55 0.08 44 0.05 0.01
MPI-ESM-MR _rcp45 166 0.11 0.00 48 0.21 0.29
ccsM4_repas 160 0.10 0.00 51 0.26 0.12
CNRM-CM5_rcpas 181 -0.06 0.00 42 -0.08 0.05
canESM2_rcpas 171 -0.08 0.00 73 0.49 0.15
NOrESM1_rcp8s 136 -0.11 0.00 51 0.23 0.16
[CCSM4 _rcp85 180 -0.12 0.00 57 0.03 0.01
MIROC-ESM-CHEM_rcp45 158 0.13 0.01 42 0.03 0.01
|GFDL-ESM2M_rcp85 137 0.14 0.00 64 0.18 0.06
NOrESM1_rcp45 148 0.22 0.01 49 0.22 0.17
IPSL-CM5A-LR_rcp85 130 -0.36 0.02 59 0.01 0.00
IPSL-CM5A-LR_rcp4s 135 038 0.02 64 018 0.08
MIROC-ESM-CHEM_rcp85 143 0.43 0.05 2 0.05 0.02
MPI-ESM-MR_rcp85 174 -0.47 0.06 47 0.24 0.14
GFDLESM2M_rcpas 168 0.67 0.06 62 0.06 0.01
ERAI 156 041 0.01 43 -0.07 0.01

Based on the summarized Table 1, 12 out of the 16
models (75 percent) have a negative slope, which
indicates a decrease in future precipitation amount,
whereas four models have a positive slope. In both cases,
the R-square values of the models are not very large, or
are close to zero, meaning that the given statistics or
outcome of the regression line, which shows the
decrease or increase, do not fit significantly and cannot
be predicted. In the case of the 10-year moving average
outcome, 37% of climate models indicate that the yearly
variation of precipitation will decrease, meaning that in
future, the precipitation amount is expected to be more
stable year-by-year, whereas 62% of the models predict

an increase in the year-by-year variation of precipitation.
However, in both cases, the R-square does not agree
compellingly with the outcome of the trend.
Accordingly, the climate model outcomes clarify that
precipitation and year-by-year variation may not go in
one direction. Therefore, a good interpretation of the
results is “no clear trend or direction” that could

significantly predict the future precipitation conditions.

3-2-1. Summary table for the result of spring wheat
crop water requirement and irrigation water
requirement

In spring wheat CWR, all climate models have a
positive slope, meaning that all models predicted an
increase in demand in the future. Likewise, the R-square
values are compatible with the slope; in other words,
models with a higher slopes had a higher R-square
values, or as the slope decreases, the R-square value
goes down. The slope trends of the RCP85 models are
more compelling than those of the RCP45 models. The
highest increment among the models is 1.54 mm/season
(Table 2). Thus, depending on the specific model, it is
expected that spring wheat CWR will increase 1.54
mm/season every year in the future. In 10 years, this
increment (spring wheat CWR) may increase to 15
mm/season, which is a 3—4% increase over the present
amount. Concerning the year-to-year variation, 56% of
climate models predicted that it will increase in the
future, whereas 43% of models gave the opposite
prediction. There was no clear agreement of direction
among the models. The increment of year-by-year
variation increases water demand, although the intensity
of the increment (i.e., magnitude of the slope) is not
very large.

The overall outcome for IWR for spring wheat is
similar to spring wheat CWR. The visible differences in
the seasonal trends of the amount of increment or
decrement from each climate model (Table 3).

Table 2: Summary of seasonal CWR for spring wheat:
long-term trend and year-by-year variation

Spring wheat, CWR Annual amount 10-year Standard deviation
Average Average

Model name (o) Slope R’ (o) Slope R’
IMIROC-ESM-CHEM_rcp85 466 154 057 32 0.06 0.05
IPSL-CMSA-LR_rcp85 472 1.48 0.50 37 0.25 0.59
MPI-ESM-MR_rcp85 438 114 046 31 0.20 0.40
CanEsm2_rcpss 454 104 0.40 31 005 0.04
INOrESM1_rcp85 452 102 038 31 0.02 001
[cCsm4_rcpss 430 074 032 26 007 0.05
IPSL-CMSA-LR rcpas 447 064 021 32 0.14 0.20
NorESM1_rcpd5. 432 057 0.16 32 -0.14 0.28
canEsm2_rcpas 434 052 0.5 30 0.19 047
|GFDLESM2M_rcpss 426 049 048 26 008 0.09
IMIROC-ESM-CHEM_rcpd5 430 047 043 30 001 0.00
GFDLESM2M_rcpas 409 033 0.08 29 004 0.02
[cCsM4_rcpas 424 030 0.09 23 006 0.04
MPI-ESM-MR_rcpa5 418 025 004 30 0.07 0.03
[CNRM-CMS5_rcp45S 405 0.22 0.03 29 0.14 0.27
[CNRM-CM5_rcpss 406 041 001 26 0.03 0.03
ERAI 379 072 0.06 31 0.20 0.06
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Table 3: Summary of seasonal IR for spring wheat: long-term
trend and year-by-year variation

10-year Standard deviation

Model name

Annual amount

Slope R?

MIROC-ESM-CHEM_rcp85 316 192 034 63 0.27 0.20
IPSL-CM5A-LR_rcp85 339 172 0.22 82 0.38 0.34
MPI-ESM-MR_rcp85 282 159 0.22 72 0.38 0.21
NOrESM1_rcp85 303 116 013 71 0.27 0.12
CanEsM2_rcpss 296 1.06
ccsM4_rcpss 280 0.92 0.10 7 0.09 0.02

GFDL-ESM2M_rcp85 286 0.86 0.08 73 0.20 0.04
GFDL-ESM2M_rcp45 253 0.70 0.05 77 0.11 0.02
CanESM2_rcp45 276 0.60 0.03 77 0.68 035

NOTESM1_rcp45 274 0.54 0.03 73 028 0.09
IPSL-CMSA-LR_rcpas 321 0.45 0.02 71 0.45 0.32
CNRM-CM5_rcpas 240 0.30 0.01 63 021 0.39

MIROC-ESM-CHEM_rcp45 278 025 0.01 74 0.01 0.00
ccsma_rcpas 283 0.20 0.01 61 032 032
MPI-ESM-MR _rcpa5 262 0.05 0.00 67 0.10 0.02
CNRM-CMI5_rcp85 253 -0.20 0.01 60 -0.01 0.00
ERAI 236 1.24 0.03 70 0.40 0.14

4. Conclusions

Satellite remote sensing outcomes determine the
present conditions of field water sufficiency as a spatial
map; thus, to further improve agricultural products, it is
recommended that this kind of research is extended to
other areas. Of course, consideration and
acknowledgment of the results of this kind of study are
helpful when deciding to construct irrigation facilities.

Several climate model outcomes show that air
temperature is increasing and precipitation is decreasing
in the long-term future, which leads to an increment in
crop and irrigation water requirements. The vast impacts
of climate change, such as decreased rainfall and
increased temperature, are visible in rainfed areas;
therefore, the best solution is to change rain-fed

agriculture into irrigated agriculture.
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Classification of soil at subgroup level and its digital mapping in the Khost Province of

Afghanistan

OEmal Wali !, Masahiro Tasumi !, Yoshinori Shinohara !

Abstract: In this study, we developed a digital soil map for the Khost Province of Afghanistan. The developed map contains soil

taxonomic information up to subgroup level. We collected two times soil samples from 64 and 50 locations in and around the

Khost Province through an intensive soil survey. First, we classified the soils of Khost province into 14 subgroups of soils,

following the USDA soil classification system. Secondly, we used a Soil Land Inference Model (SoLIM) to map the recognized

14 soil subgroups digitally, via an expert knowledge-based fuzzy soil inference scheme, as surface topography and other spatial

data i.e. soil depth, rainfall, geology map and soil great groups. Finally, we used the 50 soil samples for the accuracy assessment.

The overall accuracy from the error matrix and Kappa statistics is 0.74 and 0.711 respectively. The developed map could be

useful for advanced usage of soil information, for instance to better determine the crop type for cultivation considering the

detailed soil properties.

Keywords: Soil subgroup; SoLIM; Soil classification; Digital soil mapping

1. Introduction

Soil classification is fundamental for
effective use of soil resources including for food
production and ultimately food security, generating
bio-products, advancing the biodiversity conservation,
and guaranteeing environmental wellbeing
(Boonsompopphan et al. 2008). Detailed soil attributes
and spatial information is useful for many
environmental modeling and land management
applications (Burrough 1996; Corwin, Vaughan, and
Loague 1997, Stehfest et al. 2014; Borrelli et al. 2014;
Panagos et al. 2016). Also, as summarized by
(Eswaran et al. 2002), soil classification is important
not only for soil sciences, but also for many other
natural, social, economic, cultural, and technical
sciences.

Soil classification regards as essential
information; therefore, soil maps have been developed
in almost all developed regions of the world. As a
popular classification method, the United States
Department of Agriculture (USDA) suggests a
hierarchical soil taxonomy classification system
(USDA-NRCS, 2014 and USDA-SCS, 1975),
classifying soils from “Order”, “Suborder”, “Great
group”, “Subgroup”, “Family”, to “Series” levels.

In Afghanistan, the Institute of Applied Botany of
Leningrad examined soil characteristics in 1924 and
1926-1927. The institute collected few soil samples
and conducted physical and chemical analyses. Based

on their observations, the soils were classified into

! University of Miyazaki (1-1, Gakuen Kibanadai-Nishi, Miyazaki
8892192, Japan; E-mail: tasumi@cc. miyazaki—u. ac. jp)

four groups: 1) Heavy Loam spread in low river
valleys, 2) Loess-like Loam spread in the foothills in
northern Afghanistan, 3) Medium Loams spread in
sloping surfaces, and 4) the cultivated—irrigated soils
in the oases and urban centers (Hildreth 1957). (Salem
and Hole 1969) conducted a more detailed research on
Afghan soil properties and classification. They studied
eight pedons in the country and found that most of the
soils in these areas were classified as Aridisols and
Entisols. The latest soil map of Afghanistan (Shroder
2014) contains only 25 soil regions that are defined
based on soil great groups, soil moisture, and
temperature regimes by the United States Department
of Agriculture—Natural Resources Conservation
Service (USDA-NRCS) in 2001. Under this
classification, the soils of the study area comprise five
soil regions and six great soil groups. In general, soil
taxonomy classifies the soil based on “family” or its
smallest unit, “series level.” The soils of the US and
most parts of Thailand are classified up to the series
level. Compared to these examples, the currently
available soil map of Afghanistan (e.g., classify up to
great group level) is insufficient, with limited soil
information.  Achieving more detailed soil
classification allows Afghanistan farmers to use the
soil resources more effectively, such as to better
determine the crop type to cultivate considering the
detailed soil properties.

This study aimed to develop an advanced soil
map for the Khost Province of Afghanistan. As the
first attempt, to the best of our knowledge, in the
country, soils are classified at the subgroup level,
following the USDA soil classification system, and the
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result of classification is expressed as a digital soil
map. A well-developed and systematic digital soil map
can help the farmers of the Khost Province to achieve
higher yields and cultivate different types of crops in
their respective farms.

2. Methods and Materials

2.1. Study area

The Khost Province is located in the Southeastern part of
Afghanistan. Its land area has a trapezoidal shape with a
maximum length of approximately 100 km in the
east-west direction with a maximum width of
approximately 60 km. The province lies at a base
elevation of approximately 1,180 m above sea level and it
is located between 33° 59’, 33° 46’ North latitudes, 69°
19', and 70° 21’ East longitudes. The province has a land
area of 4131.8 km?. Figure 1 shows the location and the
elevation distribution of the province. High mountains
are spread in the west part of the province. Flat or
semi-flat areas are located in the central and the eastern
regions of the province. More than 50% of the soils have
a pH between 8 and 8.5, approximately 35% of the soils
have a pH between 8.5 and 9, and 10% of the soils have a
pH of 9 and above (FAO/UNDP 1973).
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Figure 1: Geographical location of the Khost Province in
Afghanistan and the location of soil sampling sites.

(Hashami 2011) studied six soils in the Khost Province,
and concluded that the soils in the region varied in their
initial phosphorus and zinc contents and many other soil
properties. In the Khost Province of southeastern
Afghanistan, most of the farmers grow wheat (7riticum
aestivum L.), maize (Zea mays L.), rice (Oryza sativa L.),
clover (Trifolium sp.), and mung bean (Vigna radiata
[L.] R. Wilczek). Wheat is mainly planted in autumn
(mid-October), whereas maize and rice are planted
during the beginning of the summer season (mid-June to
mid-July) (Wali et al. 2016).

2.2. Methodological framework
The soil mapping process is divided into three phases.
The procedure is abstracted in Figure 2.

Study Phases Sample Analysis Geos patial Analysis

Field assessment and soil .
Phase 1 Collect map and spatial

Data collection

sampling for pH, depth, color,

! £ line locati data (Currently used soil
slope of sampling locations, map and DE}l)
and texture

Classification of soils based
on the analyzed soil samples

Phase 2
Soil classification

Determination of soil
Phase 3

Digital soil mapping

class boundaries using
fuzzy inference
techniques

Figure 2: Schematic chart of materials and methodologies
applied for digital soil map production

As the first phase, necessary data and information are
collected. As the second phase, soils are classified based
on the information from soil sample analyses. Finally, as
the third phase, a digital soil map is created by geospatial
analysis using the results from the analyses in phase two
and surface topography and other spatial data as inputs.

2.2.1. Data collection

Two times soil surveys were conducted in the Khost
Province in 2016 and 2017. Information for pH, soil
depth, soil color, and soil texture classes were obtained
for 64 and 50 locations in and around the province
respectively. The first time soil survey information were
used to classify and digitally map soils in the Province,
while the second time soil survey information were used
to perform the accuracy assessment. The sample
locations are indicated in Figure 1. The first time soil
sample locations were determined by considering the
spatial distribution of the sample locations, convenience
in access, and by considering the land-use map published
by the FAO, while the second time samples were
collected considering a pre-designed stratified random
sampling. The developed digital soil map was converted
to a thematic map in ArcGIS and the stratified random
sampling was performed in ERDAS Imagine software.
As the secondary data, the map of the great soil groups
produced in 2001 by the USDA-NRCS, Soil Science
Division (Figure 3), geology map produced by USGS and
the GIS and Statistics Department of the Ministry of
Agriculture, Irrigation and Livestock (MAIL),
Afghanistan, granted DEM at 10-m resolution. The data
for rainfall was derived from the daily weather data
produced by NASA Prediction of Worldwide Energy
Resource (POWER).
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2.2.2. Soil classification

The 64 soil samples obtained during the field observations
were classified according to the USDA diagnostic
procedure as described in the manuals (USDA-NRCS,
2014 and USDA-SCS, 1975). The classification system we
adopted in this study is a hierarchical system of soil
classification that has many levels. In this study, we aimed
to classify soils up to the more detailed “subgroup” level.
Soils should be classified by their own properties and the
taxa defined strictly by the soil properties (USDA-SCS,
1975). For soil properties, this study adopted soil color,
soil pH, soil depth, slope, and soil textural classes, which is
the typical set of soil properties used for this type of
classification. The classified subgroups of soils are then
appropriately named by referring to the manual. The
USDA soil taxonomy classification system is not a pure
mechanical process but requires some specialist decisions
on some details. In this study, classification is conducted
by consulting with 10 local soil scientists.

2.2.3. Digital soil mapping

Once the 64 soil samples were classified and named, the
next step was mapping. During the mapping process, the
soil classification boundaries were determined and
delineated. There are two different methods of soil
mapping. One is the conventional soil mapping, where
the soil surveyor classifies soil samples and manually
determines the boundaries of soil classes, with the help of
the
stereoscopic survey using aerial photographs. The other

topographic information obtained through a
method is the digital soil mapping (A Xing Zhu et al.
2001). This study adopts the digital soil mapping,
because the method is thought to be more up-to-date and
an accurate procedure compared to the conventional
method. As an additional advantage of the digital soil
mapping method, the minimum requirement of input data
is limited so that the method is applicable even for the
places where the ground information is limited. A
software program called “SoLIM ” (A Xing Zhu and
Band 1994; A Xing Zhu et al. 1996; A Xing Zhu 1997; A
X Zhu et al. 1997; A Xing Zhu 2000) was applied to
create a digital soil map of the study area. SoLIM
incorporate a soil-land inference model designed to
address the limitations of the conventional soil survey.
This approach combines the knowledge of local soil
scientists with GIS techniques under fuzzy logic to map
soils (A Xing Zhu et al. 2001). (A Xing Zhu and Band
1994; A Xing Zhu et al. 1996; A Xing Zhu 1997),
conducted studies to derive soil similarity vectors based
on the classic concept of (Jenny 1980; Jenny Hans 1994)

that there exist relationships between soils and their
They
information processing techniques to characterize the soil
of
the
formative

formative  environments. used geographic

formative environments and developed a set

knowledge acquisition techniques to capture
their

environments from a soil scientist. A set of fuzzy

relationship  between soils and
inference techniques called a “fuzzy inference engine”
was used to integrate the soil formative environments
into a geographic information system (GIS) with the soil
environment relationship to derive soil similarity vectors
over the area. In this study, the following nine
environmental variables were used as the input data to
characterize the soil formative environments according to
(A Xing Zhu et al. 1996): Spatial distribution of soil
depth, spatial distribution of rainfall, geology map of
Afghanistan, soil great groups, surface elevation; surface
slope, aspect of the surface, flow direction; and the land
curvature information. (A Xing Zhu et al. 1996) noted
that two types of information, 1) where a soil class
typically occurs in terms of environmental conditions and
2) the response of a soil class to variation in the
environmental conditions is needed to analyze the
relationships  between soil distribution and its
environmental conditions. Both types of information had
to be extracted from local soil experts. In this study, this
information was obtained by interviewing the 10 local
soil scientists who had participated during the soil
classification procedure.

Once the data of the environmental variables were
prepared and the relationships between soil distribution
and its environmental conditions were analyzed, the
fuzzy inference engine was used to compare each of the
similarity values for the soil at a location to each of the

prescribed subgroups of the soil.

3. Results and discussion

This study has two major outcomes. The first outcome is
the classification results from the 64 soil sample locations,
considering the five major soil properties (i.e., soil pH,
soil depth, soil color, surface slope, and soil texture). This
result determines all of the available soil classes in the
Khost Province. The second outcome is the digital soil
map using the SoLIM software.

3.1 Soil classification outcome

In soil classification, first, the 64 soil samples were
categorized into 14 soil subgroups, considering the soil
properties. The criteria used were recommended by the
local soil scientist, with reference to the manual
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(USDA-NRCS, 2014 and USDA-SCS, 1975). The
resulting list of soil classes for the Khost Province is
summarized in Table 1, with the sample numbers.

Table 1: Recognized soil subgroups in the study area

No Classified Soils No. of Soil
Samples

Anthropic Torrifluvents

Aquic Torrifluvents

Aquic Torriorthents

Aquic Xerorthents

Calcixerollic Xerochrepts,
Haplocambids with Torriorthents
Lithic Haplocambids

Lithic Torriorthents

Rocky Land with Lithic
Haplocambids

O 0 3 N L A W N —
0 N 0 0 = W W NN

Typic Torrifluvents
11
12
13
14

Typic Torripsamments
Typic Xerorthents
Ustic Torrifluvents

~N NN W

Vitrixerandic Torrifluvents

Total 64

The resulting number of classes was 14, indicating that
the soil map, developed through this study will provide
much more detailed information if compared to the
currently available information (i.e., six classes of soil
great groups as shown in Figure 3).

A o @

Legend

Khost Soils Great Groups I Torrifluvents with Torripsamments
[ Haplocambids with Torriorthents I Torriorthents with Torrifluvents
I Rocky land with Lithic Haplocambids [__] Xerochrepts with Xerorthents

0 15 30 60
1 | | M | 1 ]
Kilometers

Figure 3: Spatial distribution of soil great groups in Khost
Province. This map is reproduced and re-projected from
the original map produced by USDA-NRCS in 2001.
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As a limitation of this study, the number of soil samples is
insufficient to describe the soil distribution perfectly in
the region. Owing to the difficulty of increasing the
sampling number, we carefully determined the soil
sampling locations. However, the possibility of a class
having a very small sample number (e.g., one or two
samples per class) implies the instability of the
determination of the class. For example, without the
availability of one soil sample, which was categorized as
“Calcixerollic Xerochrepts,” we do not recognize the
occurrence of the soil class in the entire province.

3.2 Digital soil mapping outcome

The results of digital soil mapping are presented in Figure
4. As a limitation of this study, it was not possible to
collect more than 50 soil samples for the accuracy
assessment due to the strict restrictions in sampling
numbers. For discussing the performance of the
developed map, an error matrix (Table 2) and Kappa
statistics was considered to compare the resulting map
(Figure 4) with new soil information came from the 50
more soil samples.

An error matrix is a square array of numbers placed in
rows and columns. It shows the number of sample units
i.e. pixels, clusters of pixels assigned to a particular
category relative to the actual category as verified on the
ground (Congalton 1991). Kappa is another discrete
multivariate technique used for accuracy assessment
(Congalton 1991). The Kappa statistics can be computed
from the following equation originally published in
(Bishop, Fienberg, and Holland 1975).

4

. O ST Y
T Woigo T L TR

)

5

T -
T = Ly i * )

Where r is the number of rows in the matrix (Table 4), x;;
is the number of observations in row i and column i, x; +
and x. ; are the marginal totals of row i and column i
respectively, and N is the total number of observations
(Bishop, Fienberg, and Holland 1975).

In this study, the overall accuracy from the error matrix
and Kappa statistics is 0.74 and 0.711 respectively.
Moreover, the error matrix (Table 2) also represent the
accuracy of each category separately. The total number of
correct pixels in a category is divided by the total number
of pixels of that category, derived from the reference data.
(Congalton 1991) stated that the accuracy results
indicates the probability of a reference pixels being
correctly classified. This accuracy measure is often called
“producer’s accuracy” because the producer of the
classification is interested in how well a certain class can



(—)AEV E— eV U ITESNMNZEFH2FERRARERS TMI0F2H17H i RIBKFTFE

be classified. On the contrary, if the total number of
correct pixels in a category is divided by the total number
of pixels that were classified in that category, the results
is a measure of commission error. This measure is also
called “user accuracy”. The user accuracy indicates the
probability of a pixel classified on the map/image
actually represent that category on the ground (Congalton
1991). The error matrix and Kappa statistics tells us that
there is 74 % and 71 % agreement between the classified
data and reference data.

Table 2: Summary of Accuracy assessment. The numbers
1-14 represent each soil classes, columns represent the
reference data, and the rows represent the classified data

Produc

Row er’s User’s
Soils 12345678 91011121314 accuracy
total accura %)
cy (%)

12 1 3 100 66.67
2 2 2 100 100
3 2 1 3 6667 66.67
4 2 1 3 100 66.67
5 1 1 2 100 50
6 5 1 6  83.33 83.33
7 4 1 5 5714 80
8 2 2 66.67 100
9 1 8 1 10 80 80
10 1.1 2 100 50
11 1 2 3 100 66.67
12 21 3 50 66.67
13 1.3 4 50 75
14 11 2 100 50

Colu
mn 22321673101 2 4 6 1
total

Overall Classification Accuracy = 37/50 =74 %

(%)
(=}

(Taghizadeh-Mehrjardi et al. 2014) conducted similar
study to map great soil groups. Their model predicted six
great soil groups with over all accuracy of 67.5 %.

i Kilometers
30 60
| J

Khost Soils Subgroups

B Ustic Torrifluvents

B Haplocambids with Torriorthents
"7 Rocky Land with Lithic Haplocambids = Typic Xerorthents

i Lithic Torriorthents
[ILithic Haplocambids

B Aquic Torrifluvents

[ Vitrixerandic Torrifluvents
= Typic Torrifluvents

= Anthropic Torrifluvents

B Aquic Xerorthents

B Calcixerollic Xerochrepts
1 Typic Torripsamments
[IAquic Torriorthents

Figure 4: Spatial distribution of soil subgroups in the
study area

4. Conclusions

In this study, we developed a digital soil map for the
Khost Province of Afghanistan. The developed map
contains soil taxonomic information up to the subgroup
level, which is the first attempt in Afghanistan. Soil
samples were collected from 64 and 50 locations in and
around the Khost Province through an intensive soil
survey. The collected samples were classified into 14
soil subgroups following the USDA soil classification
system, considering the soil properties, which are soil
depth, soil color, and slope of the surface, soil texture,
and soil pH. As the classification system is not a pure
mechanical procedure but requires expert decision for
some detailed cases, the classification process was
performed with the consultation of 10 local soil scientists.
Once the soil classification was completed, a Soil Land
Inference Model (SoLIM) was applied for mapping the
recognized 14 soil subgroups digitally, via an expert
knowledge-based fuzzy soil inference scheme, as
surface topography and other spatial data as inputs. Our
results showed that the soils of the Khost Province have
14 different classes of soil subgroups under the USDA
soil classification system. As a limitation of this study, it
was not possible to collect more than 50 soil samples for
the accuracy assessment due to the strict restrictions in
sampling numbers. Using the 50 samples the overall
accuracy from error matrix wax 0.74 with a Kappa
statistics 0.711. The findings of this study would enable
the government of Afghanistan to devise suitable
mechanisms to facilitate and promote the adoption of
digital soil mapping of the whole territory of Afghanistan
through policy formulation and implementation.
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BAIZEBIT 5 GCOM-C ARBIBEHET VTV X L OFEEFHE DR
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Accuracy evaluation for GCOM-C ETindex estimation algorithm in forest areas — at
10-each sites in Japan and Australia

OMFEFRM 1« ZHHERE | - AR BERL!

Hiroki Umeno, Masahiro Tasumi, Yoshinori Shinohara

Abstract : In this study, the estimation performance of GCOM-C ETindex estimation algorithm was evaluated by comparing
estimated annual evapotranspiration with observation values from literatures, at 10-each forest site in Japan and Australia.
Estimation was made by applying the algorithm to MODIS thermal imagery for seven years from 2001 to 2007. There are two
primary limitations on this research; one is the inconsistency in the target years between observation and estimation, and the other
is the expected mixel problem by the coarse resolution of the satellite image pixel. However, the result of the comparison is
valuable, because it provides initial idea regarding the estimation accuracy of the algorithm in annual time scale, in forest areas.
As aresult, clear positive relationships between observed and estimated evapotranspiration were confirmed both in Japan and in
Australia. Observed and estimated values were close in some points, while it was not close in some other points. In both region,
root-mean-squared-error was about 20% of average evapotranspiration. Future studies include the detailed analyses of this results,
and enhancement of similar comparison to the different regions in the world.

Keywords : GCOM-C, ETindex, evapotranspiration, forest
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FEJIAPE (N3651 E139 01 ) Komatsu et al.(2008)

HH (N36 10 E148 08 ) Komatsu et al.(2008)

W7z D4 (N3427 E136 14 )Komatsu et al.(2008)
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WHEAM (N3654 140 35 ) Komatsu et al.(2008)
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MR (N2634  E128 01 ) Komatsu et al.(2008)

L4 (N2644  E128 13 ) Komatsu et al.(2008)
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(F#H 1 832 51 E116 15
Chiew and McMahon (1994)

FHATH 2 S33 00 E116 07)

Howard River
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McJannet et al. (2007)
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Bari et al. (1996)
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Bari et al. (2005)
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2-3. FEEERTM 5 1k
BERAAFMBEOWHERE 27T 2R & LT,
2-1 B T 7o RREEHZR R R T — & (F2H1E) &
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actual & L[> TWB Z 3005, —F, HER
B% 1Tl ET estimate 2% ET actual ’ETEO TWa,
10 #1550 5 5 ET estimate 73 ET actual % L[]~ 7=}t
BN 4R ThloMaN 6 adho7-,

3. HAREWN 10 HSIZI1T D BRREFEE D
FEE & HEE B oD b

L ET actual ET estimate Difference
FI 1 931 1078 -147
e 874 935 61
F)NADTE 736 556 180

B3 686 748 62
B8 979 807 172
TEILNE 1 601 408 193

=Y NGE 760 546 214
SYIES 964 517 447
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BENSHE I N REEERIHZFHIDOZEE
The flux site selection scheme for the satellite derived land surface temperature validation
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