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Abstract

:

The assessment of water withdrawals for irrigation is essential for managing water resources in cultivated tropical catchments. These water withdrawals vary seasonally, driven by wet and dry seasons. A land use map is one of the required inputs of hydrological models used to estimate water withdrawals in a catchment. However, land use maps provide typically static information and do not represent the hydrological seasons and related cropping seasons and practices throughout the year. Therefore, this study assesses the value of seasonal land use maps in the quantification of water withdrawals for a tropical cultivated catchment. We developed land use maps for the main seasons (long rains, dry, and short rains) for the semi-arid Kikuletwa catchment, Tanzania. Three Landsat 8 images from 2016 were used to develop seasonal land use land cover (LULC) maps: March (long rains), August (dry season), and October (short rains). Quantitative and qualitative observation data on cropping systems (reference points and questionnaires/surveys) were collected and used for the supervised classification algorithm. Land use classifications were done using 20 land use and land cover classes for the wet season image and 19 classes for the dry and short rain season images. Water withdrawals for irrigated agriculture were calculated using (1) the static land use map or (2) the three seasonal land use maps. Clear differences in land use can be seen between the dry and the other seasons and between rain-fed and irrigated areas. A difference in water withdrawals was observed when seasonal and static land use maps were used. The highest differences were obtained for irrigated mixed crops, with an estimation of 572 million m3/year when seasonal dynamic maps were used and only 90 million m3/year when a static map was used. This study concludes that detailed seasonal land use maps are essential for quantifying annual irrigation water use of catchment areas with distinct dry and wet seasonal dynamics.
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1. Introduction


Spatial and temporal distributed information of land use and cover (LULC) is essential in understanding agro-hydrological processes, such as water use, climate change, food security, and plant diseases [1]. Land cover refers to the vegetation and artificial construction covering the land surface [2]. It is generally assumed that land cover is unlikely to change within a single year. The land cover change is usually associated with long-term changes due to developments and land use planning in the area. On the other hand, land use refers to manmade socio-economic activities and management practices on the land [2]. Anthropogenic activities may change during a year depending on the season, especially on cultivated lands. The seasonal change of LULC is referred to as seasonal LULC dynamics.



Information on LULC is needed to quantify water use and withdrawals for irrigated areas, natural ecosystems [3], and water depletion in terms of evapotranspiration [4,5], which can be estimated by using hydrological models, such as the Soil and Water Assessment Tool [6,7], Spatial Tools for River basin Environmental Analysis and Management (STREAM) [8], or via water balance or water accounting techniques using remote sensing data [9,10].



For example, the water used by different crops was estimated by evapotranspiration-precipitation (ET-P) in the Colorado river basin [11]. A static land use map was used for identifying crop areas; however, the authors acknowledge the importance of seasonal land use dynamics.



Identifying the seasonal variability of LULC could help in improving the assessment of water withdrawals. In most studies, the seasonal variability of land use has been studied by analyzing data on the normalized difference vegetation index (NDVI) and leaf area index (LAI) [12,13] and not by seasonal LULC mapping. Different plants or crops may have similar NDVI values and as a result, may fall in the same NDVI classes, making it difficult to differentiate between different crops that might have different water consumption rates and different water requirements [14,15].



In Sub-Saharan Africa, few detailed land use mapping studies have been conducted (e.g., Ethiopia [16,17,18], East Africa [15], Egypt [19], and West Africa [13,20]. Most of these studies produced land use maps lacking detailed information on seasonal agricultural land use change. Currently, global LULC maps exist, with a spatial resolution ranging from 30 to 300 m [21,22], but a medium to high resolution (30 m or finer) is needed to represent the high spatial variability of agricultural land use and their water management practices in Sub-Saharan Africa catchments [23]. Regional and global land use maps that have been used for water resources lack that resolution, for instance, the LULC map of the upper Pangani river basin [15] and Incomati river basin [3].



In this paper, we assessed seasonal land use maps for the quantification of water withdrawals in a tropical catchment. We used Landsat 8 images with a resolution of 30 m and secondary information regarding the cropping calendar and agricultural water management practices in the Kikuletwa catchment to develop seasonal LULC maps. Maps were then used to quantify irrigation water withdrawals using a water balance technique, specifically P-ET. This research addressed the following questions:




	
What are the primary land use classes that change seasonally in the Kikuletwa river basin? and



	
Is there a difference in the estimated water withdrawals from agricultural land uses when seasonal versus static land use maps are used?









2. Methods


2.1. Study Area


The Kikuletwa catchment is a sub-basin of the Pangani basin that covers 6077 km2 within nine districts that are part of the Arusha, Manyara, and Kilimanjaro regions (Figure 1). Rainfall within the catchment is bi-modal, with long rains (Masika) from March to June and short rains (vuli) from November to December, as shown in Figure 2. Fifteen rain gauges were used to estimate the monthly rainfall from 2010 to 2016 (Figure 1). Data was provided by the Tanzania Meteorological Agency (TMA) and Pangani Basin Water Office (PBWO). Annual rainfall ranges between 300 and 800 mm/year in the lower part of the catchment and 1200 and 2000 mm in the highlands of Mount Meru and Kilimanjaro. The catchment comprises diverse LULC classes of agricultural land, dense forest in the Mount Kilimanjaro (5880 m) and Meru (4562 m), grazed land, mixed urban, and shrubland/thickets. Shrubland and thickets in the study area are found mainly in the lowlands where rain-fed agriculture is dominant. Urban areas concentrate around Arusha. Grazed land is mainly found in the Maasai land of the Monduli and Simanjiro districts. Irrigated agriculture is mainly practiced in the highlands and lowlands along the Kikuletwa river and its distributaries in the Moshi, Moshi urban, Hai, Arumeru, Arusha, and Siha districts. The main crops in the highlands are banana (Musa spp.), coffee (Coffea arabica.), and maize (Zea mays.), while in the lowlands, crops are mainly mixed vegetable crops, such as tomatoes (Solanum lycopersicum.), onions (Allium cepa.), and beans (Phaseolus vulgaris.).




2.2. Reference Data and Ground Truthing


Ground truthing observations (n = 130) were collected focusing on the irrigated areas during the month of August of the year 2016. The 130 samples included 5 to 12 samples of each of the LULC classes, except for water bodies and the class forest on high altitudes (2000–5895 m) of Mount Meru and Mount Kilimanjaro. The precise locations of the samples were recorded by The Global Positioning System (GPS) in the Universal Transverse Mercator (UTM) and the latitude/longitude coordinate system with a common datum of WGS84 (Figure 1). At each location, information, such as the LULC class, land cover type percentage (shrubs, trees, cropland), crop type, source of water (irrigated or rain fed), and digital photo, were recorded. Additionally, land use maps of the same area from earlier studies [15,24] were digitized and 42 additional training/validation points were extracted, including afro-alpine forest, sub-alpine grassland, and sub-alpine bushlands classes. Ground-truthing observation points (60 of 130) and 21 observations from previous studies [15,24] were used for training the classification algorithm, and the remaining points (70 collected in August and 21 previous studies) for validation.



Water use in the Kikuletwa catchment depends on three influences: Agricultural practices during the growing season, crop type, and water availability for irrigated and rain-fed areas, summarized in a crop calendar. The crop calendar for the Kikuletwa catchment was developed by conducting a questionnaire of 55 household farmers, mostly of irrigated plots, together with the information (irrigation management and types of crops planted) collected from nine districts in the catchment. The farmers were asked to give details on their crop management practices for each month of a calendar year, including the types of crops grown on their plots. Information on crop type and growing periods for areas that were not surveyed were obtained from previous studies [15]. These three information sources, farmers’ interviews, data from local district authorities, and past studies, were analyzed for each crop together with their management practices to produce the crop calendar for the Kikuletwa catchment.




2.3. Pre-Processing of the Landsat Data


Three atmospherically corrected Landsat 8 OLI/TIRS level 2 images for March 2016, August 2016, and October 2016 representing the main seasons for the study area were selected and freely downloaded from the US Geological Survey website [25]. The whole study area is contained in the path/row 168/62 and 168/63. Due to the location of the study area along the mountains of Kilimanjaro and Mount Meru, fully cloud-free images were not available. Therefore, we set a threshold of less than 10% cloud cover for image selection. The images were composited, mosaicked, and then clipped to the study area for computational efficiency during classification.




2.4. NDVI Computation for the Kikuletwa Catchment


NDVI maps were created from the corrected band 4 (RED) and near-infrared band 5 (NIR) of the Landsat 8 surface reflectance high-level data products. A rescaling factor of 0.001 was applied to the bands before direct calculation of the NDVI according to the product guide specifications of the provisional L8 surface reflectance guide version 1.5. This factor was applied to convert surface reflectance of band 4 and band 5 values to a range of 0 to 1 using raster calculator in Geographical information system (GIS). The normal range of surface reflectance is −2000 to 16,000; however, the valid range according to the product guide specifications of the provisional L8 surface reflectance guide version 1.5 is 0 to 10,000.



After band correction, the NDVI was calculated using Equation (1):


   NDVI    =      NIR    −    RED     NIR    +    RED    .  



(1)








2.5. Image Classification and Seasonal Land Use Change


The classification scheme utilized was based on the LULC classification of Anderson et al., Knight et al., Cheema et al., and Biro et al. [2,14,22,26] for the interpretation of remote sensing data. However, for the detailed land use analyses and interpretation, Kiptala et al.’s [15] approach was used to define 20 classes (Table 1).



Different training points for each Landsat 8 image (March, August, and October) were used for classification. Table 2 shows identified land uses that change each season according to farmers’ interviews. Since the ground truthing was conducted in August, the existing agricultural land use was recorded. The farmers’ interview provided the information on the agricultural land use for each month and crop stages at a specific recorded location. This information was used during the classification process. For instance, for the training point 1 of Table 2, the land was found bare when visited in August, but according to the farmers’ interview, the planting of rain-fed maize starts in mid-March and it is harvested in July to August. Afterwards, the land would be left bare till the next planting in the following year. Further, the classification of each land use was refined using the crop calendar for the agricultural land use to reduce the classification error due to seasonal changes. The crop calendar was used to define the changes in the agricultural land uses and its practice in dry, long rains, and short rains seasons. Expert judgement, knowledge of the study area, and farmers’ interviews were also used to refine the classification. Supervised classification using the maximum likelihood algorithm in ArcMap was used to classify the LULC of the three images. The multispectral bands of Landsat 8 were used for classification. Supervised classification is a method that uses training samples of a known identity to identify pixels of an unknown identity [2]. The method is widely used in Sub-Saharan Africa [15,26,27,28] and performs better with known secondary data, such as cropping pattern and knowledge of the study area [29].



Statistics of the seasonal LULC change were generated to determine the increase and/or decrease of the percentage area of each class. The percentage area of the seasonal change of LULC and that of NDVI values were compared to show if there was a similar pattern of change with seasons.




2.6. Classification Accuracy


A confusion matrix representing the classified class versus ground truth points was used to assess the classification accuracy. User and producer overall classification accuracy and kappa coefficient were derived from the confusion matrix [31]. In order to assess the performance of the Landsat classification, the results were visually compared with the previous studies in the same area [15]. These comparisons were only done for a few similar LULC classes, such as forest, water, and agricultural lands, such as banana and coffee.




2.7. Quantifying Irrigation Water Withdrawals Using Seasonal Land Use Maps


The seasonal LULC maps were used to calculate water yield per irrigated agricultural land use. A water balance method was used to estimate the amount of water withdrawn for irrigation (water withdrawals) using P and ET maps. Satellite-derived rainfall maps of the study area were collected from the Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS) [32]. Satellite P estimates were then validated with 15 ground stations data of the study area. Monthly and yearly rainfall for the five-year period (2010–2014) were analyzed. The Nash–Sutcliffe efficiency coefficient (NSE), goodness of fit (R2), and relative bias were computed to compare the monthly remote sensing rainfall CHIRPS estimates and measured rainfall for each station. The station’s data showed good agreement with the satellite data, with an overall NSE, R2, and relative bias of 0.87, 0.83, and 0.954, respectively.



An ensemble evapotranspiration (ET) data product was freely downloaded using the Water Accounting plus GitHub Python repository. The ensemble ET product was created from seven different remote sensing ET products, i.e., SEBS, SSEBop, ETmonitor, MOD16, GLEAM, ALEXI, and CMRSET, at a 250 m × 250 m resolution. The catchment water balance for a drainage area that covers 86% of the entire catchment was used to validate the ensemble ET product for the period of 6 years (2008–2013). We compared the water balance ET (WBET), which was obtained from Equation (2), with the ensemble ET:


  W B E T   =   P   −   Q   −   Δ S ,  



(2)




where P, Q, and   Δ S   are the annual catchment precipitation, runoff, and change in storage, respectively. The change in storage was assumed to be negligible (  Δ S   =   0  ).



A good agreement (R2 = 0.82 and bias = 0.92) between the remote sensing ensemble ET and the water balance ET was found, as shown in Figure 3. The validated CHIRPS rainfall maps and ensemble ET maps were then used for the estimation of water withdrawals for irrigated agriculture in the Kikuletwa catchment. The method for estimating water withdrawals was adapted from [3]. In this paper, water withdrawals from irrigated lands are referred to as the direct water extracted from streams, rivers, and aquifers. These withdrawals are an additional source of water to the unsaturated zone apart from natural rainfall. The higher the increase in soil moisture content, the more land surface evaporation. The enhancement of the actual evaporation rate is referred to as incremental ET [3].



The total ET is expressed as:


  E T   =   E  T  p r e c i p i t a t i o n     +   E  T  i n c r e m e n t a l   ,  



(3)




where   E  T  p r e c i p i t a t i o n     is the volume of water evaporated from areas where no additional water was supplied, and   E  T  i n c r e m e n t a l      is the volume of water evaporated as a result of withdrawals. The withdrawals can either be indirect, meaning they occur naturally by land use change, or direct when water is diverted from the streams by canals or pumps for irrigation.   E  T  p r e c i p i t a t i o n     could be approximated as the pixel values of ET in the rain-fed agro-ecosystem. The FEP/R ratio was used to determine the effective rainfall, because not all the annual rainfall will infiltrate and be stored in the unsaturated zone and available for uptake by roots. The incremental ET is the difference between the total ET and   E  T  p r e c i p i t a t i o n    :


  E  T  I n c r e m e n t a l     =    ET    −    F    E T  R      x   P .  



(4)







The FEP/R ratio was determined from the pixel values of ET and P of rain-fed agro-ecosystem LULC classes and averaged to a value of 0.87 based on an analysis using five years of ET and p-values during the growing seasons. The P is the total yearly precipitation (validated CHIRPS data set), while the ET is the total yearly water consumption (validated satellite ensemble evapotranspiration). The incremental ET from the irrigated lands is not the same volume as the one withdrawn from the rivers, streams, or aquifers. The irrigation efficiency accounts for all the conveyance losses from deep percolation, canals, and the soil surface. The default irrigation efficiency for irrigated lands of Pangani basin ranges from 15% to 25% [33,34]. This study adopted a 25% irrigation efficiency as the ratio of ET incremental and water withdrawals (Equation (5)):


  W i t h d r a w a l   =     E  T  I n c r e m e n t a l     E f f i c i e n c y   × A r e a .  



(5)







This means that 75% of the water withdrawn is returned to rivers, groundwater, or evaporated and not used for productive agriculture. A summary of the processes to estimate the water withdrawals for irrigated areas is shown in Figure 4.



Two scenarios were considered. The first scenario used seasonal LULC maps representing different LULC conditions during the three main seasons to calculate the annual water withdrawals per agricultural land use. In the second scenario, one static LULC map representing all seasons was used to extract the monthly ET and P values for calculating water withdrawals (Figure 4). In the first scenario, the seasonal map representing the wet season (long rain) was used to extract values of ET and P for wet months (March, April, May, June, and July) while the August map was used to extract August and September dry months. The October map was used to extract the values of P and ET for the months of the short rainy season (October, November, December, January, and February). Although July is generally the start of the dry season, it was included as a wet month since rain-fed maize is harvested in August, according to the developed crop calendar. Therefore, the March LULC map was used to extract the data for July. For the second scenario, representing a static annual land use condition, the March LULC map was used instead of the LULC map obtained from merging multi-temporal images of all the seasons. This was due to poorer results from the merging of the multi-temporal images for this catchment most likely due to phenology and spectral differences of the images. The zonal statistic tool in ArcMap was used to extract the mean monthly P and ET values for each agricultural land use in both scenarios.





3. Results


3.1. Crop Calendar


The developed crop calendar shows monthly management practices, such as irrigation, growing seasons, and crop types (Table 3). The developed crop calendar makes the distinction between irrigated and rain-fed crops, which was not available in previous studies [15]. Certain crops, such as banana, coffee, and sugarcane, are annual crops and thus do not have specific growing or harvesting dates. However, other crops, such as maize, vegetables, and beans, have specific monthly management practices as indicated in the crop calendar.




3.2. NDVI Analysis for the Kikuletwa Catchment


The NDVI values for the Kikuletwa catchment show a clear difference during the three main crop seasons in many areas (Figure 5). In higher altitudes, such as Mount Kilimanjaro and Mount Meru, NDVI values are in the same range in all seasons. This is also the case for irrigated areas in the high and lowlands.



The NDVI assesses whether an area contains live green vegetation or not regardless of the LULC class. For instance, the NDVI value ranges (0.6–0.8) of irrigated crops, such as sugarcane, were found to be in the same range as the values of other irrigated crops (banana and coffee) and forest in other studies [15]. The use of seasonal land use is important to differentiate the types of agricultural land use classes present in an area.




3.3. Classification Accuracy Assessment


A confusion matrix was used to assess the classification accuracy of the three images; the results are summarized in Table 4. The overall classification accuracy for the images of March, August, and October 2016 are 85.5%, 88.5%, and 91.6%, with a kappa coefficient of 0.84, 0.87, and 0.91, respectively. User and producer accuracy for irrigated banana, coffee, maize, irrigated mixed crops, urban buildings, shrubland and/or thickets, and grazed grassland were relatively lower, below 70% (Table 4). Compared to previous studies [14,15] that have a detailed classification of agricultural land use, both the overall accuracy and kappa coefficient are within an acceptable range [35].




3.4. Image Classification and Seasonal LULC Change


In the Kikuletwa catchment, 20 and 19 LULC classes were mapped for the wet (Figure 6) and dry seasons, respectively (Figure 7). The rain-fed maize class does not appear in the two dry month maps.



Comparing the classification of the wet season (March 2016—Figure 6) to the dry season (October 2016—Figure 7), we notice that 16% (951 km2) of the total rain-fed maize area was converted into bare land, while irrigated mixed crops increased by 11% (654 km2) in October.



To further assess the seasonal changes of the LULC, zonal statistics and NDVI estimations were analyzed for each LULC class. Figure 8 shows the change in percentage (Figure 8a) and NDVI (Figure 8b) for extensive agriculture as well as bare land for the Kikuletwa catchment from the wet season (March) to the drier seasons (August and October). The most significant change occurs for bare land, which indicates seasonal changes in cropland due to planting, growing, and harvesting (Figure 8a). Furthermore, results in changes for all extensive agricultural land use classes indicate a decrease in NDVI from wet to drier seasons (Figure 8b). This suggests a decrease of green living vegetation (lower spectral response in NIR range) during drier months, most likely due to the lack of water.



Figure 8a shows the percentage decrease of grazed grassland and shrubland areas from wet to dry months. This is in line with what was reported in the questionnaire interviews conducted in the Maasai grazed areas of the catchment. Extensive grazing starts in July when the rains have stopped. Hence, the grazed grassland and shrubland areas decrease during the drier months. Unexpectedly, the NDVI for bare land is higher than the grazed grassland in August and October. This could be explained by the extensive grazing practices in the area, especially during the dry months. The NDVI values for grazed grassland are higher than for bare land during the wet season. NDVI values for bare land have an acceptable range of   0.2   <   NDVI <   0.4   [36]. However, to better capture the NDVI seasonality of the different land uses, more (Landsat) images for the wet season are required.



In Figure 9, we examine the other agricultural land use classes in March, August, and October 2016. The results indicate a significant decrease in the percentage of area of rain-fed maize from wet to dry seasons (Figure 9a). There is an increase of about 297 km2 of irrigated mixed crops in the same period. Rain-fed maize has a lower NDVI than the other classes since March corresponds to the start of the wet period (Figure 2), in which the planting starts and thus, the maize crops have not grown yet. During the dry season, the soil is bare as the crops have been harvested, and hence, the NDVI is low. This is different for other crops, such as irrigated sugarcane and irrigated banana and coffee, which show NDVI values of above 0.5, since the crops are present throughout the year. The irrigated mixed crops contain mostly vegetables, rice, and beans, and NDVI values range from 0.3 to 0.4 as expected. In March, irrigated mixed crops, such as rice, are harvested while in August, most of the other irrigated crops such as tomato and eggplant are planted and harvested in October (Table 3).




3.5. The Hydrological Implication of Seasonal Land Use


The summary of ET, P and water yield (P-ET), area, and withdrawal for each irrigated agricultural crop in the Kikuletwa catchment are presented in Table 5. When ET exceeds P, this indicates that an external water source was used for irrigation, such as abstraction of ground or surface water. Yearly water withdrawals for the irrigated agricultural land were calculated for the two scenarios: (1) Seasonal LULC maps representing dry, wet, and short rain seasons; and (2) a static LULC map without seasonal representation. A comparison of the two scenarios for the annual volume of water withdrawals per irrigated agriculture land use is presented in Figure 10.



Figure 10 clearly shows water withdrawals ranging from 80 to 1181 million m3 per year and 90 to 1261 million m3 per year for scenario 1 and 2, respectively.



The estimation of water withdrawn significantly changes when seasonal land use maps or a static map is used. Analysis from scenario 1 shows that a maximum of 1181 million m3 per year of water is used for the irrigation of banana and coffee apart from precipitation, while scenario 2 shows water use of 1261 million m3 per year. The least volume of water withdrawn is from irrigated sugar cane at 80 million m3 per year from the first scenario while the second scenario shows that the least water is withdrawn from the irrigated mixed crops (90 million m3 per year). Sugar cane is a water-intensive crop (high water consumption); the low withdrawal is due to the fact that the total surface covered by sugar cane is much lower than other crop types.



The total annual ET from the three seasons for each crop ranges from 742 to 1397 mm for the first scenario and 711 to 1357 mm for the second scenario. To understand the amount of ET contributed by rainfall, and compared to other sources, such as irrigation, the mean annual precipitation and the difference between precipitation and evapotranspiration is presented in Table 5. Since the catchment is located in the semiarid regions, we assumed other variables, such as Q and ∆S, are negligible because most of the precipitation is lost to evaporation, leaving negligible amounts of runoff. The results indicate that P-ET for different irrigated land use ranges from 18% to 43% for the first scenario and 13% to 36% for the second scenario (Table 5).



Different areas for each season were used to estimate the water withdrawals in the first scenario of dynamic land use. Figure 11 shows the different water withdrawn per each irrigated land use. The results indicate a high amount of water is withdrawn in the dry season. Irrigated banana and coffee withdrawal is up to 600 million m3 per year, followed by irrigated mixed at being 520 million m3 per year.





4. Discussion


The combination of Landsat imagery and the developed crop calendar has proven to be useful for analyzing seasonal land use change as well as for developing a detailed classification of agricultural land use in the Kikuletwa catchment. Our results provide insight into the importance of using secondary data for land use classification. We found that the spatial distribution of classes, such as forest and perennial land cover types, corresponds to the results of past LULC studies for our study area [15]. However, large spatial differences are seen in the distribution of shrubland and rain-fed maize in the South-West section of the catchment. This may be attributed to the high resolution of the images used in this study, enabling the identification of detailed features present in the catchment.



NDVI has been used to identify and interpret a range of phenology metrics that describe periodic plant life-cycle events and the relationship with seasonal variations [37]. The higher the difference between NIR (high) and RED (low), the higher the response of vegetation at a specified area, indicating a more abundant presence of healthy green vegetation. The NDVI maps show seasonal variation between the dry and wet season, consistent with findings from past studies of semi-arid areas [38,39]. Changes in percentage areas show that seasonal land use variations in the catchment take place mostly in agricultural areas. However, the southern section of the catchment shows less percentage variation due to irrigation being applied throughout the year.



The seasonal land use maps in this study were used to obtain a better quantification of water withdrawals for irrigated land use. Accurate quantification of water withdrawals for irrigation is essential for river basin management or for managing water allocations. An analysis of water withdrawals for irrigation purposes depicted differences when seasonal LULC maps (scenario 1) were used and when static LULC maps (scenario 2) were used. From farmer interviews, we found that irrigated agricultural land uses in the Kikuletwa catchment consume blue water for irrigation purposes throughout the year. Negative values of P-ET from the analysis of the first and second scenario imply the use of other sources than direct rainfall, such as surface and groundwater, for irrigation (blue water).



Direct measurement of water withdrawals with methods, such as flow meters, is expensive and unlikely to be used in developing countries for long-term monitoring of water resources. In the Kikuletwa catchment, no such instruments are installed. Remote sensing therefore represents a cost-effective alternative to direct measurement.



Further, the estimated volume of water withdrawals per irrigated land use differs between the two scenarios. The volume withdrawn for irrigated mixed crop in the first scenario is higher than the second scenario. This is because the land area of irrigated mixed crop increases from the wet season to the dry season and it is well represented using seasonal land uses in the first scenario, which is unlike the second scenario, where the area was assumed to be constant. In line with the farmers’ interviews and site visits, the irrigated mixed crop areas increase during the dry season, and this results in higher use of water from the surface and groundwater. The opposite trend is visible in the other irrigated land uses (irrigated sugarcane, irrigated banana and coffee, irrigated banana, coffee, and maize), where the irrigated land area decreases from the wet season to the drier seasons. The seasonal land use maps represent the decrease in the area well, and this is why the first scenario shows less water withdrawn by these land uses compared to the second scenario. In the case of irrigated sugarcane, the plant takes nine months till harvest, hence the shift at the sugarcane plantation is to have fewer areas for irrigation during the drier seasons. The water withdrawn depicted by the first scenario is less than the second scenario since the second scenario misses the representation of different areas in all seasons. Irrigated banana and coffee land use showed differences of water withdrawn between the two scenarios even though the crops are perennial, and this may be because of classification errors or because of the land use class interchange between the banana and coffee and banana, coffee, and maize. When maize is planted during the rainy seasons, the class will be banana, coffee, and maize, and when maize is harvested during the dry seasons, the class can be banana and coffee.



A clear advantage of seasonal LULC maps is that a more accurate quantification is obtained for the irrigated water withdrawals in tropical catchments. However, obtaining seasonal land use maps can be challenging due to cloud cover, particularly during the wet season. For instance, in this study, we were only able to obtain an appropriate image during March 2016 to represent the wet season. However, the peak of the wet season is April or May, which could not be represented due to cloud cover. Representing the wet season by an image of March may introduce errors in the areas with late planting dates, and hence, reaching the maturity of the plants later in the wet season. This could also be the reason for low classification accuracy in the irrigated mixed crops and banana coffee and maize land use classes (Table 3).



The crop calendar developed in this study has certain limitations. The harvesting dates of some crops, such as irrigated maize, differ between the lowlands and highlands. It was based on interviews with farmers that may not always remember the exact date of crop planting or harvesting. A large selection of interviewees is needed to minimize errors and doubts. This study conducted ground truthing during the dry seasons and obtained the wet season information from farmers’ interviews at each agricultural land use class location. However, for more accurate results, ground truthing should be conducted in both dry and wet seasons. Likewise, the analysis of water withdrawals was conducted for one year only. Inter-annual variability could therefore not be addressed, as well as variations on water withdrawals occurring during drought years. Moreover, the irrigation efficiency of 25% assumed in this study could also lead to some error because the estimation of irrigation efficiency was conducted at a specific area in the Pangani basin and it might not be representative for parts of the Kikuletwa catchment.




5. Conclusions


In this study, LULC classes were mapped from three Landsat 8 images in 2016. The results were trained and validated using collected ground-truthing points, and a crop calendar was developed for the study area based on farmers’ surveys. Extensive agriculture is a common practice in the catchment, where shrubland and grassland are used for grazing, and agriculture land is used for food crop (banana, coffee, maize, rice, and vegetables) production. Spatial and temporal analysis of the agricultural seasonal land-use change trajectories were identified in the study area. The seasonal LULC change patterns of the study area were analyzed based on the seasonal land use dynamic approach versus a static land use approach through an analysis of the metrics and spatial coverage of the change. Moreover, the water withdrawals from irrigated agricultural land uses were quantified by comparing static and seasonal LULC maps.



5.1. The Main Land Uses


The main land uses that are dynamically changing include “irrigated banana coffee and maize”, “rain-fed maize”, and “irrigated mixed crops”. There is no rain-fed maize land use in the dry season, while for other land uses, like irrigated banana coffee and maize and irrigated mixed crops, the areal coverage at the catchment changes significantly. The percentage areas of irrigated mixed crops changes from 2% in March (wet season) to 13% in August then 7.7% in October (dry and short rain season). The percentage area of “irrigated banana coffee and maize” land use changes from 5% in March to 1.5% in August and 6.5% in October. The increased area in October is because of the irrigated planting season of maize during the dry period.




5.2. Differences in Water Withdrawals


The estimation of water withdrawals was significantly different when using seasonal dynamic maps or a static land use map. Based on seasonal dynamic maps, the estimated maximum withdrawals for irrigated banana and coffee were 1181 million m3 per year while the withdrawal based on a static LULC map was 1261 million m3 per year. Use of a static LULC map might overestimate water withdrawals for irrigation within our catchment area. However, the opposite is true for irrigated mixed crops land use, where the use of a static LULC map could lead to an underestimation of the water withdrawn. There are no studies or measured values in this catchment of water withdrawals per each irrigated agricultural land use to validate our results.



Yet, this paper shows that the use of dynamic LULC maps can improve the quantification of annual agricultural water withdrawals due to dynamic representation of the changing area of irrigated lands throughout the year according to the survey and site visit. Up-to-date and detailed information about the seasonal LULC dynamics delivers very valuable input for hydrological models, water accounting frameworks, as well as land management plans and policy decisions. Moreover, seasonality for water allocation and distribution in tropical catchments can be considered by using detailed seasonal LULC maps. For example, for the Kikuletwa catchment, water is distributed based on water use permits that are given to users on an annual basis. This study provides information that could be useful for policy makers and river basin management board authorities to consider giving water use permits based on seasons. In practice, this would mean considering the different amounts of water abstracted during the dry and wet season for each water use permit. Alternatively, authorities should consider crop area-based water allocation instead of volumetric allocation. This way, the issue of monitoring is less needed, and RS techniques could be applied instead.



Nevertheless, the development of detailed land use maps still faces numerous challenges, some of which have been raised in this paper. Specifically, limited Landsat images for the wet season due to cloud cover did not make it possible to show a continuous seasonal variation of land use throughout the year.
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Figure 1. Location and main features of the Kikuletwa catchment in the eight districts of Tanzania (Landsat 8 image acquired on 3 August 2016). The locations of the rain gauges and ground truth points are also presented in this figure. 
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Figure 2. Monthly average rainfall (mm/month) from 2010 to 2016 of the Kikuletwa catchment from 15 ground rainfall stations from TMA and PBWO. 
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Figure 3. Comparison between the yearly water balance ET and remote sensing ensemble ET. 
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Figure 4. Summary of the data analysis of the input maps to the final statistic values of the water withdrawals. 
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Figure 5. Spatial distribution of the NDVI for wet (March) and dry (August and October) months of the Kikuletwa catchment. 
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Figure 6. Spatial distribution of 20 LULC classes for the wet season in the Kikuletwa catchment. 
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Figure 7. Spatial distribution of 19 LULC classes for the dry season in the Kikuletwa catchment. 
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Figure 8. Seasonal changes of extensive agricultural land use and bare land expressed in % of area (a) and NDVI (b) of the Kikuletwa catchment. 
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Figure 9. Seasonal changes of agricultural land use expressed in % of area (a) and NDVI (b) of the Kikuletwa catchment. 
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Figure 10. Comparison of the water withdrawn for 2016 (million m3/year) when using seasonal land use maps (scenario 1) and when using a static land use map (scenario 2). 






Figure 10. Comparison of the water withdrawn for 2016 (million m3/year) when using seasonal land use maps (scenario 1) and when using a static land use map (scenario 2).



[image: Water 11 02471 g010]







[image: Water 11 02471 g011 550] 





Figure 11. Seasonal water withdrawals of irrigated crops in the Kikuletwa catchment. 
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Table 1. Characteristics of the LULC of the Kikuletwa catchment.
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	LULC Class
	Description





	Dense forest land
	Land with a tree canopy cover of more than 10% and area of more than 0.5 ha.



	Afro-alpine forest
	Land area covered with trees, including endemics; for instance, the giant lobelias and groundsels [30].



	Sub-alpine grassland
	Area in high altitudes dominated by Helichrysum cushion vegetation [24].



	Sub-alpine bushland
	Area in high altitudes dominated by Erica bush [24].



	Water
	Permanent water more than 200 by 200 m coverage.



	Waterweed
	Area more than 200 by 200 m covered with water and weed plants.



	Irrigated banana and coffee
	Rain-fed and supplement-irrigated area dominated by a mixture of banana and coffee on the same farm plots of more than 0.5 ha.



	Irrigated banana, coffee and maize
	Rain-fed and supplement-irrigated area dominated by a mixture of crops, such as banana, coffee, and maize, on the same farm plots of more than 0.5 ha.



	Irrigated mixed crops
	Irrigated area of more than 0.5 ha dominated by vegetables, such as tomatoes, onions, eggplant, irrigated maize, and rice.



	Irrigated sugarcane
	Irrigated and supplement rain-fed area of more than 1 ha and used to produce sugarcane.



	Bare land
	Land with soils and less than 4% of vegetation cover [21].



	Protected woodland
	Tree-covered area with several naturally occurring grass types and subsequently managed due to owner decision.



	Unprotected woodland
	Tree-covered area with several naturally occurring grass types, used for grazing from June. More than 0.5-ha coverage area.



	Grazed shrubland
	Areas with a plant community characterized by vegetation dominated by grasses, shrubs, and small trees, used for grazing from June. More than 0.5-ha coverage area.



	Grazed grassland
	Areas with natural grassland, used for grazing mainly from June. More than 0.5-ha coverage area.



	Urban/settlement
	Residential, commercial services, industrial, and mixed urban areas.



	Sparse vegetation
	Areas with naturally growing scattered short vegetation (5–15% coverage) [21].



	Sparse vegetation and/or bare land
	Areas with scattered vegetation or mixed shrub with bare land/crop land (5%–15% coverage) [21].



	Shrubland and thickets
	Areas with a plant community characterized by vegetation dominated by 50% shrubs and may include grasses, herbs, and geophytes.
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Table 2. Example of a set of training points per LULC of the three main seasons (wet, dry, and short rains) in the Kikuletwa catchment.
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	Training Point
	March
	August
	October





	1
	Rain-fed maize
	Bare land
	Bare land



	2
	Rain-fed maize
	Bare land
	Irrigated mixed crops



	3
	Rain-fed maize
	Irrigated mixed crops
	Irrigated mixed crops



	4
	Irrigated sugar cane
	Irrigated mixed crops
	Irrigated mixed crops



	5
	Bare land
	Bare land
	Irrigated mixed crops



	6
	Grazed grassland
	Bare land
	Bare land










[image: Table] 





Table 3. Crop calendar for irrigated and rain-fed crops for the Kikuletwa catchment.
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Crops

	
January

	
Feburary

	
March

	
April

	
May

	
June

	
July

	
August

	
September

	
October

	
November

	
December






	
Maize irrigated

	

	

	

	

	

	

	

	

	

	

	

	




	
Vegetables_irrigated

	

	

	

	

	

	

	

	

	

	

	

	

	

	




	
sugarcane

	

	

	

	

	

	

	

	

	

	

	

	




	
Banana

	

	

	

	

	

	

	

	

	

	

	

	




	
Coffee

	

	

	

	

	

	

	

	

	

	

	

	




	
Beans Irrigated

	

	

	

	

	

	

	

	

	

	

	

	




	
Beans rainfed

	

	

	

	

	

	

	

	

	

	

	

	




	
Maize rainfed

	

	

	

	

	

	

	

	

	

	

	

	




	
Vegetable_rainfed

	

	

	

	

	

	

	

	

	

	

	

	




	
Rice irrigated

	

	

	

	

	

	

	

	

	

	

	

	




	
Rice rainfed

	

	

	

	

	

	

	

	

	

	

	

	




	
Legend

	

	
Planting

	

	
Early stage

	

	
Mid stage

	

	
Harvest/End stage

	

	
Throughout year
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Table 4. Summary of the LULC classification accuracy for the March, August, and October month images.
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Class Name

	
28-March-2016

	
3-August-2016

	
22-October-2016




	
Title

	
Area%

	
Producer’s *

	
User’s *

	
Area%

	
Producer’s *

	
User’s *

	
Area%

	
Producer’s *

	
User’s *






	
Water

	
0.08

	
100

	
100

	
0.13

	
91

	
100

	
0.10

	
100

	
100




	
Grazed shrubland

	
2.58

	
86

	
100

	
1.74

	
88

	
100

	
0.50

	
88

	
100




	
Grazed grassland

	
6.73

	
80

	
57

	
6.76

	
80

	
67

	
4.81

	
75

	
86




	
Bare land

	
3.25

	
100

	
100

	
13.10

	
94

	
83

	
15.33

	
94

	
89




	
sparse vegetation

	
2.21

	
100

	
100

	
1.73

	
100

	
80

	
1.66

	
100

	
100




	
Rainfed Maize

	
16.56

	
80

	
92

	

	

	

	

	

	




	
Irrigated Sugarcane

	
1.29

	
100

	
100

	
0.44

	
100

	
100

	
0.34

	
100

	
100




	
Afro_Alpine forest

	
0.23

	
100

	
100

	
0.72

	
100

	
100

	
0.52

	
100

	
100




	
Sub_Alpine grassland

	
0.06

	

	

	
0.40

	
100

	
100

	
0.05

	
100

	
100




	
Sub_alpine bushland

	
0.01

	
100

	
100

	
0.17

	
100

	
100

	
0.02

	
67

	
100




	
Unprotected woodland

	
0.81

	
67

	
100

	
0.96

	
83

	
100

	
0.26

	
63

	
100




	
Protected woodland

	
3.28

	
88

	
100

	
0.83

	
75

	
100

	
0.39

	
88

	
100




	
Irrigated mixed crops

	
2.14

	
60

	
86

	
13.04

	
100

	
92

	
7.73

	
100

	
88




	
Irrigated Banana and coffee

	
10.02

	
100

	
100

	
8.23

	
100

	
100

	
9.41

	
100

	
67




	
Irrigated Banana coffee and maize

	
5.35

	
67

	
67

	
1.53

	
67

	
100

	
6.58

	
100

