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Investigation of agricultural water demands and the future prediction in Balkh Province, 
Afghanistan 

○Abdullah Jami1, Masahiro Tasumi1 
 

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 (ET) 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 
approximately 56 million (Campbell, 2015). This 
increase will strengthen water demand, which is already 
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. 

 
 

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 ET map estimated by the GCOM-C   
ET index 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 Kc 
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 

 
1 University of Miyazaki (1-1, Gakuen Kibanadai-Nishi, Miyazaki 

889-2192, Japan; E-mail: tasumi@cc.miyazaki-u.ac.jp) 

1

(一社)日本リモートセンシング学会九州支部平成29年度研究発表会 平成30年2月17日 於 長崎大学工学部



area. 
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 line) inside Balkh Province. The 
topographic map of the study area indicates that nearly 
half of the province has mountainous or 
semi-mountainous terrain. In this research, the flat land 
area was selected as a study area.    

 
Figure1: 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 ETo. In 
this study, ETo is 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. 

 
Figure 2: Daily plots of temperatures (top), computed 
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 ET, 
and band 4 (red) and band 5 (near-infrared) were used to 
estimate NDVI.  

The ETindex is equivalent to the crop coefficient. It is 
an index defined by the FAO that is widely accepted in 
the field of agricultural water management. The 
following equation shows the estimation of the ETindex:  

 
ETindex = 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 ET estimation algorithm that has good 
congruency with traditional methods of agricultural 
water planning and management. The key equation of 
the algorithm is:  

    (2) 

where Cadj is an empirically determined adjustment 
factor, Ts(act) is the actual surface temperature (°C) 
observed via satellite, and Ts(wet) and Ts(dry) are the 
wet and dry surface temperatures (°C) estimated using 
clear-sky solar radiation and observed wind speed.  

The estimated ETindex is further convertible to actual ET 
(mm/day), using reference evapotranspiration (ETo) as: 

ET = ETindex⋅ETo   (10) 

where ETo is reference evapotranspiration computed 
based on weather data.  

Monthly and annual ET are both further estimated using 
the ETindex (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 
images. For the identification of vegetated and 
non-vegetated surfaces, pixels with NDVI values 
consistently less than 0.3 were assumed to be non-crop 
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.e., 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 and 
harvesting period for Balkh, 2008, by NAIS/AgNet. 

After a trial-and-error analysis, the crops were 
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 suggests estimating crop water 
requirements by determining the crop coefficient curve.  

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 
computed using estimated ETo based on 
ground-measured weather data and the crop coefficient 
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 
requirements was analyzed for the Mazari-Sharif 
agricultural area. The available data for this analysis 
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 
2016–2100, 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 ERAi.  

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 
water requirement (CWR), and irrigation water 
requirement (IWR) for spring wheat. 

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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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: 

 

 

 
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. 

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 

ET 0 250 500 750 1000 1250 mm/yr

Crop Water Requirement (mm/season)
0 300 600 900 1200 1500

Field Water Sufficiency
Insufficient Average Sufficient

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. 

A B 

C D 
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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 variation 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. 

 

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

Table 2: Summary of seasonal CWR for spring wheat: 
long-term trend and year-by-year variation 
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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 
○Emal Wali 1, Masahiro Tasumi 1, Yoshinori Shinohara 1 

 
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  
 
 
 

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° 59ʹ, 33° 46ʹ North latitudes, 69° 
19ʹ, and 70° 21ʹ East longitudes. The province has a land 
area of 4131.8 km2. 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).  

 
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 (Triticum 
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 Geospatial Analysis

Phase 1
Data collection

Phase 2
Soil classification

Phase 3
Digital soil mapping

Field assessment and soil 
sampling for pH, depth, color, 
slope of sampling locations, 
and texture 

Collect map and spatial 
data (Currently used soil 
map and DEM)

Classification of soils based 
on the analyzed soil samples 

Determination of soil 
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 topographic information obtained through a 
stereoscopic survey using aerial photographs. The other 
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 
formative environments. They used geographic 
information processing techniques to characterize the soil 
formative environments and developed a set of 
knowledge acquisition techniques to capture the 
relationship between soils and their formative 
environments from a soil scientist. A set of fuzzy 
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 
1 Anthropic Torrifluvents 2 
2 Aquic Torrifluvents 2 
3 Aquic Torriorthents 5 
4 Aquic Xerorthents 3 
5 Calcixerollic Xerochrepts, 1 
6 Haplocambids with Torriorthents 8 
7 Lithic Haplocambids 8 
8 Lithic Torriorthents 2 
9 Rocky Land with Lithic 

Haplocambids 
8 

10 Typic Torrifluvents 3 
11 Typic Torripsamments 7 
12 Typic Xerorthents 2 
13 Ustic Torrifluvents 6 
14 Vitrixerandic Torrifluvents 7 
  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).  

 
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. 

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). 

        (1)                                   

Where r is the number of rows in the matrix (Table 4), xii 
is the number of observations in row i and column i, xi + 
and x+ i 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 
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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 

 Soils 1 2 3 4 5 6 7 8 9 10 11 12 13 14
Row 
total

Produc
er’s 
accura
cy (%)

User’s 
accuracy 
(%)

1 2 1 3 100 66.67
2 2 2 100 100
3 2 1 3 66.67 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 57.14 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 2 1 3 50 66.67
13 1 3 4 50 75
14 1 1 2 100 50

Colu
mn 
total

2 2 3 2 1 6 7 3 10 1 2 4 6 1 50
 

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 %.  
 

 
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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森林における GCOM-C 蒸発散指数推定アルゴリズムの精度評価の試み 
― 日本とオーストラリアの各１０地点を対象として ― 

 
Accuracy evaluation for GCOM-C ETindex estimation algorithm in forest areas – at 

10-each sites in Japan and Australia 
 

○梅野大樹 1・多炭雅博 1・篠原慶規 1 
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 a result, 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 

1. はじめに 
水資源のひっ迫している地域は現在世界中に多

数存在する。また将来的には水需要のさらなる増加

や、気候変動の影響による供給の不安定化が見込ま

れる。これらの水資源問題に対応するためには、デ

ータに基いた戦略的な水資源管理技術が必要であ

る。地域の水資源の課題は流域単位での水収支に依

存する部分が大きいので、広域を面的に観測するこ

とのできる衛星リモートセンシング技術の利用が

有効である。水循環の主要プロセスの一つであり、

土壌水分量や作物の生育にも大きく関係している

蒸発散についても、SEBAL や METRIC などの衛星

リモートセンシングモデルを使った推定が近年盛

んにおこなわれている。 
蒸発散推定における衛星リモートセンシング技

術の利用は、流域単位のみならず全球規模でも有用

である。しかし限られた面積の流域規模に比べて、

膨大な衛星データ解析が必要な全球規模での蒸発

散量推定では、推定アルゴリズムの自動化等の難し

さがある。本研究では全球蒸発散推定アルゴリズム

として開発された GCOM-C ET index アルゴリズム

(Tasumi et al. 2016a)について、推定精度情報の不足

している森林域において、文献値を使った蒸発散量

推定の精度検証に取り組んだ。 
 
 
 
 
 

2. 研究方法 
 
2-1. 森林蒸発散量検証用データの収集 
Komatsu et al.(2012)は、膨大な文献調査を通して

世界 829か所の森林域における蒸発散量の実測ある

いは推定データをまとめている。本研究ではこの論

文に掲載された蒸発散量データ（文献値）の中から、

日本とオーストラリアにおける各 10地点を選定し、

GCOM-C ET index アルゴリズムの推定精度検証用

データとした。なお、Komatsu et al. (2012) に付与さ

れている蒸発散量データは正確な位置情報等が与

えられていないため、このデータをそのまま本研究

に使用することはできない。そこで本研究では

Komatsu et al. (2012)に掲載されたデータの引用文献

リストを手掛かりに、引用元文献から蒸発散量デー

タを直接収集し、森林蒸発散量検証用データを再構

築した。各 10 地点を選ぶ際には、以下の点に配慮

した。 
 

(1) 文献の入手が容易であること（例：宮崎大学図

書館が購読契約している雑誌掲載の論文等）。 
(2) 文献に、緯度・経度・流域面積その他の、観測

地や観測データに関する情報が正確に記載さ

れていること。 
(3) 本研究で検証を試みる全球蒸発散量マップの

空間分解能が 5km×5km であるため、文献に示

された観測地の森林がこの空間分解能に概ね

見合う広域性を備えていること。また全球蒸発

散量マップの比較対象とする「森林」ピクセル

1 宮崎大学農学部 

( 〒889-2155 宮崎県宮崎市学園木花台1-1)  

(連絡先 Tel; 0985-58-7991、 

E-mail; tasumi@cc.miyazaki-u.ac.jp ) 
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の一部に海面が混入するのを防ぐため、海岸か

ら概ね 5km 未満の沿岸部に位置する森林は検

証用データとして採用しない。 
 
なお本研究では、文献記載の観測地点の状況を個

別に Google Earth で目視確認することにより、対象

地が現在（あるいは近年）でも存在しているかどう

か、また文献記載の位置情報が正確であるかどうか

を確認した。位置が不明確あるいは不正確であった

場合には、文献記載の住所や標高を手掛かりに実際

の調査地を個別に推定した。この位置確認の際、同

時に上記(3)で言及した広域性についても目視確認

を行い、広域性がある程度担保できる地点のみを選

定した。検証用蒸発散量データとして選定した観測

地点の詳細を以下に示す。 
 
2-1-1．日本における観測地点 

(A) 宝川本流 
宝川試験地(北緯 36度 51分 東経 139度 01分) 
群馬県の北部、利根川の源流域にある。奥利

根根水源地域のブナを主とする原生林の開発

にあたり、森林の伐採と流出量の関係を明ら

かにすることを目的に調査が始まった。 
調査期間は 1938-1947 年、流域面積は 19.06 ha、
標高は 805-1945 m（平均 1391 m）。森林の種

類は天然混交林である。また、森林総合研究

所の森林理水試験地データベースによると、

地質は花崗岩、凝灰岩、閃緑岩であり、土壌

の種類は褐色森林土壌またはポドゾル、天然

林における植生の優占は、ブナ、ミズナラ、

イタヤカエデ、ホオノキ、ヒバ、ヒメコマツ

である。一方、人工林での優占はカラマツと

スギが占めている。流域面積自体は本研究で

使用する推定蒸発散量データの空間分解能

（5km×5km）に対して極小であるものの、

Google Earth の目視確認によると周囲は広範

囲にわたり類似の森林に覆われている。 
 

(B) 筑波試験地 
筑波森林水文試験地（北緯 36 度 10 分 21 秒 

東経 140 度 08 分 27 秒）。論文記載の座標と

は異なる場所に林地が存在しており、Google 
Earth を用いて標高や住所を元に観測地点の

位置を決定した。対象期間は 1979-1987 年、

流域面積は 3.786 ha、標高は 290-390 m。森林

の種類は針葉樹人工林である。また、筑波森

林水文試験地観測報告によると、平均傾斜は

25 度、地質は、筑波変成岩類の黒雲母片麻岩

が大部分を占めており、一部花崗岩の貫入が

みられる。土壌は褐色森林土壌であり対象地

の尾根側では Bb 型の土壌、谷側では Bd 型の

土壌が卓越しており、谷川の中腹では Bc 型

の土壌が発達している。この地点も流域面積

自体は本研究で使用する推定蒸発散量デー

タの空間分解能（5km×5km）に対して極小

であるものの、Google Earth の目視確認によ

ると周囲はおよそ 4km×4kmの範囲にわたり

類似の森林に覆われており、一部 5km×5km
ピクセル内に農地等周辺土地被覆の混入が

見込まれるものの、検証用データとして利用

可能であると判断した。 
 

(C) その他 7 地点について 
その他 7 地点の詳細情報は割愛するが、7 地

点を含む全 10 地点の場所と位置情報、引用

元文献を表 1 にまとめる。 
 

表 1. 日本の観測地点と引用元文献 

 
2-1-2．オーストラリアにおける観測地点 
 
(A) Oliver Creek 

オーストラリア北東部の熱帯地域に位置して

いる（南緯 16 度 08 分 03 秒 東経 145 度 26
分 04 秒）。対象期間は 2002 年 8 月 17 日-2003
年 12 月 31 日。流域面積は 64ha。標高 30 m。

傾斜は 4％、年平均気温は 23.5℃、年平均湿

度は 93.0％である。 
 
(B) Upper Baron 

オーストラリア北東部の熱帯地域に位置して

いる（南緯 17 度 21 分 01 秒 東経 145 度 29
分 07 秒）。対象期間は 2003 年 9 月 13 日-2005
年6月30日。流域面積は69 ha。標高は1050 m。 
た、傾斜は 20％、年均気温は 18.3℃、年均湿

度は 93.9%である。 
 

観測場所          引用 
去川Ⅱ (N31 51  E131 13 ) Komatsu et al.(2008) 
鹿北Ⅲ（N33 08   E130 42 ) Komatsu et al.(2008) 
宝川本流（N36 51  E139 01 ) Komatsu et al.(2008) 
筑波（N36 10    E148 08  ) Komatsu et al.(2008) 
ぬたの谷（N34 27  E136 14  )Komatsu et al.(2008) 
定山渓 1（N42 58  E141 10) Komatsu et al.(2008) 
常陸太田（N36 54  140 35 ) Komatsu et al.(2008) 
白川谷  (N33 52  E133 54 )  Yao et al. (1996) 
南明治（N26 34   E128 01 ) Komatsu et al.(2008) 
辺土名（N26 44   E128 13 ) Komatsu et al.(2008) 
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(C) その他 7 地点について 
その他 7 地点の詳細情報は割愛するが、7 地

点を含む全 10 地点の場所と位置情報、引用

元文献を表 2 にまとめる。 
 
表 2. オーストラリアの観測地点と引用元文献 

 
2-2. 全球蒸発散量マップ 
本研究にて精度検証に取り組む全球蒸発散量マ

ップは、2001 年-2007 年までの 7 年間の MODIS 熱

赤外観測画像を使用し、GCOM-C ETindex アルゴリ

ズム（Tasumi et al., 2016a）により推定したものであ

る。本研究に使用した全球蒸発散量マップについて、

その入力データや推定手順を含む概要は Tasumi et 
al. (2016b)にまとめられている。ここではその概要

のみ記載する。GCOM-C ETindex アルゴリズムは、

衛星の熱赤外観測画像と全球風速データから蒸発

散量の指標である ETindex を推定する。また全球気

象データ（日射量・温湿度・風速）の利用により、

実蒸発散量が推定できる。ETindex 推定には以下の

ような正規化式を使用する。 
 

ETindex
)wet()dry(
)act()dry(

ss

ss
adj TT

TTC     (1) 

 

ここで Ts(dry)，Ts(wet)はそれぞれ計算により求め

た乾燥状態と湿潤状態の地表面温度、Ts(act)は衛星

観測による実地表面温度、Cadj は係数。 
 
気象データから基準蒸発散量を求めることで、

ETindex は以下のように実蒸発散量に変換できる。 
 

ET = ETindex × ETo  (2) 
 

ここで ETo は FAO のマニュアル（Allen et al., 1998）
により定義される基準蒸発散量。 
 
 MODIS の熱赤外観測の空間分解能は 1km なので、

理論的には 1km の空間分解能での蒸発散推定が可

能であるが、今回は解析環境の制約上、1.875°（中

緯度地域で概ね 5km×5km）の空間分解能で計算し

た。本研究で使用した蒸発散量マップを図 1に示す。 
 

ET (mm year-1)
0
500

1000
1500
2000
2500

 
図 1．全球実蒸発散量マップ（2001 年の例） 

 
2-3. 精度評価方法 
全球蒸発散量の推定精度を評価する試みとして、

2-1 節で述べた検証用蒸発散量データ（実測値）と、

2-2 節で述べた全球蒸発散量マップにおける当該ピ

クセルの蒸発散推定値とを比較した。検証用蒸発散

量データはそれぞれの観測期間における年平均値、

全球蒸発散量マップの推定値は 2001年-2007年の年

平均値を使用した。 
この比較方法には以下の 2 つの問題点がある。①

比較する 2 つのデータの間の年（あるいは期間）が

異なる。②全球蒸発散量マップの空間分解能が検証

用データの観測対象区域に比べて粗いため観測対

象外区域の情報が一定割合混入する。これら 2 点の

制限はあるものの、このようなアプローチは衛星プ

ロダクトの大まかな精度情報を把握する上では有

用である。評価指標としては線形モデルの各種統計

要素（傾き・切片・R2）と RMSE を使用した。 
 

観測場所と出典 
Banbinda Creek at the Boulders (S17 20  E145 52 ) 
Chiew and McMahon (1994) 
Canning River at Glen Eagle  
(調査地１S32 51 E116 15 調査地 2 S33 00 E116 07) 
Chiew and McMahon (1994) 
Howard River 
 (調査地 A S12 27 E131 03 調査地 E S12 30 E131 07 ) 
McJannet et al. (2007) 
Mount Lewis1 (S16 31 07  E145 16 07 ) 
McJannet et al. (2007) 
Oliver Creek (S16 08 03  E145 26 04 ) 
McJannet et al. (2007) 
Upper Baron (S17 21 01  E145 29 07) 
McJannet et al. (2007) 
Bellender Ker (S17 16 00  E145 16 07) 
McJannet et al. (2007) 
March Road (S34 29 23  E116 19 44) 
Bari et al. (1996) 
April Road South (S34 29 50  E116 21 20) 
Bari et al. (1996) 
Lewin North (S34 10 35  E115 50 07) 
Bari et al. (2005) 
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3. 結果と考察 
  
3-1. 日本における蒸発散量の推定精度 
 2-1-1 節で説明した 10 地点における、ET actual、
ET estimate、ET differenceの数値を表 3にまとめる。

ここで ET difference は ET actual と ET estimate の差

である。2-1-1 節にて観測地点情報を概説した 2 地

点に注目すると、宝川本流では、ET estimate が ET 
actual を上回っていることが分かる。一方、筑波試

験地では ET estimate が ET actual を下回っている。

10 地点のうち ET estimate が ET actual を上回った地

点が 4 地点、下回った地点が 6 地点あった。 
 
表 3. 日本国内 10 地点における森林蒸発散量の 

実測値と推定値の比較 
観測地点 ET actual ET estimate Difference 

去川 Ⅱ 931 1078 -147 

鹿北 Ⅲ 874 935 -61 

宝川本流 736 556 180 

筑波 686 748 -62 

ぬたの谷 979 807 172 

定山渓 1 601 408 193 

常陸太田 760 546 214 

白川谷 964 517 447 

南明治 1078 1094 -16 

辺土名 1153 1114 39 

平均 876 780 96 

 
表 3 に示した 10 地点の実測および推定蒸発散量

の分布を図 3 に示す。回帰直線の傾きは 1.12 で R2

は 0.56 であった。また、RMSE の値は 194mm であ

った。この図から ET actual が ET estimate との関係

性には正の相関があることがわかった。 
 
 
 
 
 
 
 
 
 
 
 

図 3. ET estimate と ET actual の線形グラフ（日本） 
 
3-2. オーストラリアにおける蒸発散量の推定精度 
 2-1-2 節で説明した 10 地点における、ET actual、
ET estimate、ET differenceの数値を表 4にまとめる。

ここで ET difference は ET actual と ET estimate の差

である。2-1-2 節にて観測地点情報を概説した 2 地

点に注目すると、Oliver Creak、Upper Baron ともに、

ET estimate が ET actual を上回っていた。ただし、

ET estimate が ET actual を下回っていた地点も存在

した。10 地点のうち ET estimate が ET actual を上回

った地点が 5 地点、下回った地点が 5 地点あった。 
 
表 4. オーストラリアの 10地点における森林蒸発散

量の実測値と推定値の比較 
観測地点 ET actual  ET estimate  Difference  

Banbinda Creek at 

the Boulders  
1307 700 607 

Canning River at 

Glen Eagle 
724 780 -56 

Howard River  1062 1110 -48 

Mount Lewis1  1596 1533 63 

Oliver Creek  1228 1298 -70 

Upper Baron  1327 1518 -191 

Bellender Ker  1336 971 365 

March Road  844 843 1 

April Road South  841 795 46 

Lewin North 900 911 -11 

平均 1116 1046 70 

 
表 4 に示した 10 地点の実測および推定蒸発散量

の分布を図 4 に示す。回帰直線の傾きは 0.74 で R2

は 0.46 であった。また RMSE の値は 235mm であっ

た。この図から ET actual が ET estimate との関係性

には正の相関があることがわかった。オーストラリ

アの検証地点 10 地点については、Banbinda Creek at 
the Bouldersと Bellender Ker の 2地点が 1:1ラインか

ら大きく外れており、その他 8 地点については 1:1
ラインの近辺に分布するという結果になった。この、

他の 8 地点と違った傾向を示した 2 地点について、

実測側あるいは推定側に何らかの原因があるのか

どうか、今後詳しく調査する必要がある。 
 

 
 

 
 
 
 
 
 
 
 

図 4. ET estimate と ET actual の線形グラフ 
（Australia） 
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4. おわりに 
 本研究では GCOM-C ETindex アルゴリズムによ

る推定蒸発散量の精度比較を日本 10 地点、オース

トラリア 10 地点の計 20 地点で行った。実測データ

と推定データの対象年度が合致していない等、推定

精度検討上の制約はあったものの、日本、オースト

ラリアともに実測値と推定値の間には強い正の相

関が認められた。またいずれの地域でも RMSE が平

均実蒸発散量の 20％程度の値を示した。実測値と推

定値が概ね 1:1 ラインに乗っているデータと、大き

く外れているデータがあるので、今後データをより

詳細に検討して、実測値と推定値の乖離が大きい地

点に何らかの原因があるのかどうか調査したうえ

で、地域間に特性の差があるかどうか検討を進めた

い。 
 また、全球蒸発散量マップは全球を対象としてい

るので、多くの地域について精度評価を行うことが

大切である。今後、北メリカ、南アメリカや東南ア

ジアなど、今回調査した地域以外の地域まで調査対

象を広げたい。今後さらに精度評価を進めることに

より、GCOM-C 蒸発散指数(ET index)プロダクトの

アルゴリズムの改善に役立てていきたい。 
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衛星から推定された地表面温度検証候補地の選定
The flux site selection scheme for the satellite derived land surface temperature validation

○穐吉寿明、岡部嘉輝、森山雅雄1

Toshiaki AKIYOSHI, Yoshiki OKABE, Masao MORIYAMA

1. はじめに
　2017年 12月 22日、種子島宇宙センタから地球観
測衛星「しきさい」が打ち上げられた、現在「しき
さい」は順調に初期チェックを継続しており、2018
年 4月には定常観測が開始され、12月にはデータの
一般公開がなされる予定である。長崎大学森山研究
室では、「しきさい」に搭載された地球観測センサ
SGLI (Second generation GLobal Imager)で得られた熱
赤外データから地表面温度を推定するアルゴリズム
を開発している。アルゴリズム開発者は、その検証
まで責任を持つ必要があるため、本研究室では、衛
星から推定された地表面温度の定常的な検証手法の
開発も実施している。本研究は、エネルギおよび物
質輸送を常時計測しているフラックスサイトでの長
波放射観測データの地表面温度検証への利用可能性
を把握するため、時空間的に地表面温度が一様なサ
イトの選定手法について説明するものである。

2. フラックスサイトでの長波放射観測
　フラックスサイトとは、タワーに各種計測器を設
置し、地表面でのエネルギ、物質収支を定常的に計
測している観測点であり、北米ではAmeriflux、アジ
アではAsiafluxといった団体が観測データの管理、
配布を行っている。各フラックスサイトでは、地表
が吸収する放射エネルギとして地表での放射収支を
計測している。放射収支とは、地表面での下向き短
波および長波放射から、上向き短波および長波放射
を減じたものである。放射収支を観測するひとつの
手段として、上向きおよび下向きの短波および長波
放射を個別に計測する四成分放射計を用いることが
ある。図 1に米国コロラド州ボールダー西部のフ
ラックスサイトのタワーと、フラックスサイトでの
放射観測の概念図を示す。

3. 長波放射観測値からの地表面温度推定
　四成分放射計で計測された上向きおよび下向き長
波放射照度をそれぞれ、Lu, Ldとするとそれらの関

係は、地表面温度を Ts、地表面の広帯域射出率を e
として式(1)で表される。

Lu=eσTs4+(1−e)Ld (1)

ここで、ϭは、ステファン-ボルツマン係数であり、
値は 5.67x10-8 [W m-2 K-4]である。広帯域射出率を決定
し、長波放射観測値を基に式(1)を解くことで地表面
温度が得られる。

4. 地表面温度検証サイトに求められる性質
　衛星から推定された物理量は、その一画素に渡る
面平均値であるため、理想的には一画素内の複数点
での地上観測が必要となる。しかし、そのような地
上観測を定常的に実施するのは困難であるため、地
表面の物理量が空間的に一様な場所での点計測値を
検証に用いる必要がある。これに加えて地表面温度
の場合は、風、日射など環境要因の変動に対して地
表面温度が変化しにくいこと、および広帯域射出率
が高く、時間的に変化しにくいことが必要となる。
これらの性質を満たす土地被覆として、密な森林、
特に年間通して検証を行うとすれば常緑樹林が地表
面温度検証に適切であるといえる。

5. 地表面温度検証サイトの選定
　上記の性質を満たすフラックスサイトを以下の手
順で選定した。

i. Amerifluxのwebから常緑樹林および落葉樹
林を選択し、その緯度経度を把握する。

ii. Google earthでその位置を表示し、密な森林
が広域にわたり一様なサイトを選択する。

上記の手順で選定したサイトを表 1に示し、それら
のGoogle earthからの画像を図 2 - 4に示す。どれも
密な森林がある程度広がっていることが把握できる。

表1 選定されたAmerifluxサイト

コード 緯経度 場所 森林種類

CA-Obs 53.99N, 105.12W カナダ、サス
カチュワン

常緑針葉

US-MMS 39.32N, 86.41W 米国、イン
ディアナ州

落葉広葉

US-WRC 45.82N, 121.95W 米国、ワシン
トン州

常緑針葉

1 長崎大学工学部 〒852-8521 長崎市文教町 1-14
matsu@cis.nagasaki-u.ac.jp

図1 コロラド州ボールダーのフラックスサイト(左)とフラックスサ
イトでの放射観測概念図(右)
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6. ASTER輝度温度データによる温度の空間変動把握
　google mapの画像だけでは、温度の一様性が把握
できないため、当該領域の空間分解能 90[m]の
ASTER 輝度温度(見かけの温度)データを 250[m](SGLI
の空間分解能)および 1[km](MODISの空間分解能)で
統計解析を行った。観測点周辺に直径 250[m]、1[km]
のバッファを生成し、バンド 13の輝度温度標準偏差
を計算した。結果を図 5 – 7に示す。図中赤は
250m、緑は 1km バッファの計算結果である。

　
　輝度温度標準偏差は、その時期の SGLIまたは
MODIS一画素内の温度変動状況を反映していると考
えられるため、ここに挙げた 3点は SGLIの地表面温
度検証に利用可能であることが示された。

7. 結論
　フラックスサイトの長波放射観測データを用いた
地表面温度プロダクト検証手順は以下のようになる。

I. 衛星観測時刻でのフラックスサイトでの長波
放射観測データを収集し、式(1)から地表面温
度を推定する。

II. 観測と近い時期の高空間分解能熱赤外データ
(ASTERなど)を収集し、観測点まわりの一画
素分の領域の輝度温度標準偏差を計算し、そ
れが十分小さければ、長波放射観測データか
らの地表面温度と衛星からの地表面温度を比
較する。

III. 高空間分解能熱赤外データの輝度温度標準偏
差を s、SGLI一画素分の高空間分解能データ
の画素数を nとすると、区間推定理論より、
信頼区間幅 δTは、式(2)で計算できるため、II
の地表面温度と一緒に信頼区間幅も検証に用
いる。

δT=α s
√n

(2)

図  2 CA-Obs  の  google earth  画像(左: 上下  1km、右上下  100m)

図 3 US-MMSの google earth画像(左: 上下 1km、右: 上下 100m)

図 4 US-WRCの google earth画像 (左: 上下 1km, 右: 上下 100m)
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図5 CA-Obs ASTER バンド13の輝度温度標準偏差 [K] (2006年)
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図6 US-MMS ASTERバンド13の輝度温度標準偏差[K] (2006年)
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図7 US-Wrc ASTER バンド13輝度温度標準偏差 [K] (2014年)
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