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Abstract
 		One of the major issues in the arid region is the availability of hydrological data for hydrological studies of the basins for water resources projects. Since the Kingdom of Saudi Arabia (KSA) is a huge country and contains many arid basins it is awfully expensive and time-consuming to make hydrological networks for studying all these basins. Therefore, the Affinity Propagation (AP) clustering technique is proposed to cluster basins into groups that are similar in morphological, hydrological, and landcover characteristics and defining an exemplar (a representative basin) to each group. This basin is utilized for the installation of a detailed hydrological network. The hydrological response of that basin can be transferred and scaled appropriately to other basins in the cluster since they are hydrologically and morphologically similar. A pilot study is performed on 18 sub-basins in the southwestern part of KSA. GIS software is used to extract basin attributes and the clustering process is performed using the AP cluster packages in R software. The results show that four clusters are obtained based on the morphological attributes (twenty-eight attributes), five clusters based on hydrological attributes (twelve attributes), and three clusters based on land cover and CN (three kinds of landcover as attributes). The AP clustering technique was evaluated by the construction of a correlation matrix that shows a high correlation of 0.817 to 0.999. This study provides a robust technique that is effective and efficient to identify the similarity of catchments and can help hydrologists to develop a catchment management application in arid regions.
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1. Introduction
[bookmark: _GoBack]The classification is a process of grouping objects that have similar characteristics. The classification is used in many fields. Chemistry uses the periodic table for grouping the elements which have similar chemical properties (Mendeleev, 1869), biology uses taxonomy for biological classification such as animal kingdom (Linnaeus, 1758), hydrology uses classification also such as in fluid mechanics, classification is made between laminar and turbulent flows (Reynolds, 1883) and on a large scale, it is used for catchment classification (Sawicz et al, 2011). Catchment classification is a useful method for understanding catchment characteristics that interact to define hydrological response (McDonnel and Woods, 2004). 
One of the major issues in the arid region is the availability of the hydrological data for hydrological studies of the basins related to water resources projects. Since the Kingdom of Saudi Arabia (KSA) is a huge country (2.150.000 km2) and contains many arid basins it is awfully expensive and time-consuming to make hydrological networks for studying these basins. In general, there are many types of catchments in the KSA arid environment; agriculture catchments (in the southwestern part of the country e.g. Farran and Elfeki 2020 a, b, and c), urban catchments (in the cities e.g. Azeez, et al. 2019, Abdulrazzak, et al., 2019), desert catchments (in the central part of the country e.g. Kamis, et al., 2018, Masoud et al., 2019), and mountainous catchments (in the western part of the country e.g. Elfeki, et al., 2017; Farran and Elfeki 2020 a, b, and c; Niyazi et al., 2020). Clustering is being a solution for data that is large in amount and has high variability, but its classification is unknown (Refianti, 2016). Clustering also can minimize effort both in time and cost in the hydrological analysis. To sum up, the classification would be an important task including monitoring and management of catchments. In particular, catchment classification will lead to sort and grouping catchments that have similar features and responses. The following paragraph summarizes some of the methods for classification using clustering techniques. 
The initial step in the classification process starts with determining the similarity measure between two or more objects. The similarity measure is commonly using negative euclidean distance (Frey and Dueck, 2007). Some clustering algorithms such as K-mean (Li et al, 2012, Baehaki et al, 2014, Wan, 2019), K-medoids (Reynolds et al, 2004, Han, 2006, Atmaja, 2019), and affinity propagation, AP (Frey and Dueck, 2007, Thavikulwat, 2014, Gan et al, 2014, Amijaya et al, 2014, Meng et al, 2016) are commonly used. K-means algorithm is set to just a single cluster, and a cluster is described only by its centroid. Meanwhile, the K-medoids algorithm is the clustering algorithms that are not influenced by other extreme variables. K-medoids work by assigning the center point of the existing data without doing the calculation of the average as in K-means. One of the drawbacks of K-Means and other algorithms is the determination of the number of clusters beforehand, and choosing the initial set of points, while AP does not require the number of clusters. In the AP, the total number of groups or clusters will be found automatically. AP uses data by sending messages between pairs of data points until convergence. This technique is partitioning the objects into groups that have many similarities, and then identifying the data point as an exemplar (a model or single object) which most representative of that group (Frey and Dueck, 2007).  AP is recognized as more popular and widely used because the characteristic of this algorithm is quite simple, have good performance and general applicability. 
AP has good potential for catchment clustering. It has some advantages such as highly computationally efficient and be able to define the optimal degree of partitioning needed for a specific dataset (Ali et al., 2012). AP algorithm has been used to investigate catchment characteristics and similarity in the wet catchments to obtain the optimal number of groups from different combinations of indices in 36 catchments in Scottland (Ali et al., 2012). They showed that the catchment similarity process using physical attributes did not match those based on using flow, storage, or mean transit time indices. There was a lack of correlation between physical and flow parameters. Topographic, soil, and mean transit time indices only include the catchment structural and functional properties. Niyazi et al. (2020) applied a simple quartile approach for the clustering of basins (43 basins) in the Makkah region, KSA. However, the approach is simple it only classifies the basins based on morphological and estimated hydrological attributes based on four quartiles: values of a certain parameter that are less than 25% are classified as the first cluster, values falling between 25% and 50% as the second cluster, values falling between 50% and 75% as the third cluster, and values larger than 75% as the fourth cluster. The drawback of this approach is that it does not consider the grouping of the attributes in classifying the basins. It treats each parameter separately and looks at the variability rather than the similarity. 
 This research aims at applying the AP technique to classify some catchments (as a pilot study) in an arid environment like KSA into groups that have similar characteristics that can help hydrologists to develop catchment management applications. The exemplar (the model basin) that would be produced from the AP analysis is considered as a representative catchment to each basin in the cluster and is used for the installation of a detailed hydrological network for detailed hydrological study. The hydrological response and the information obtained from the study of that exemplar can be transferred and scaled appropriately to other basins in the cluster since they are hydrologically and morphologically similar and therefore used for prediction of the response of any basin in the cluster. This approach would save time and money for catchment development and management in KSA which is in line with the 2030 version of KSA.  


2. Study Area and Data Collection
	The study area consists of five main big catchments with 18 sub-catchments located in the southwestern part of KSA. The location of these catchments is displayed in Figure 1. These catchments are: AL-Lith catchment lies between 40°10′ E and 40°50′E and between 20°00 N and 21°15′N. Liyyah catchment lies between 42° 47' E and 43° 28' E and between 16° 31' N and 17° 00' N. Yiba catchment lies between 41°15′ E and 42°10′E and between 18°50′ N and 19°35′N. Al-Lith, Liyyah, and Yiba catchments discharge their water towards the Red Sea. Tabalah catchment lies between 41°45' E and 42°45' E and between 19°20' N and 20°15' N. Habawnah catchment lies between 43° 22' E and 44° 30' E and between 17° 30' N and 18° 15' N. Tabalah and Habawnah catchments flow their water from the mountains to the interior, towards the Rub al Khali (Saudi Arabian Dames and Moore, 1988).
The data collection campaign was made in the period 1984–1987 and measured by the Saudi Arabian Dames and Moore (1988). The area of these catchments varies from 2277 km2 to 4944 km2. The smallest sub-catchment is 106.7 km2 located in Liyyah catchment, and the largest sub-catchment is 2206.1 km2 located in the Habawnah catchment. The elevation of the hydrometrical stations varies. The lowest runoff station is SA426 in Liyyah catchment with an elevation of 111 m above mean sea level (amsl). The highest elevation is station B413 in Tabalah catchment with an elevation of 1833 m (amsl).
		The region of these five main basins is classified as an arid region. The average monthly rainfall was estimated in 1988 from many stations as the Liyyah basin is 19.6 mm, Al Lith basin is 13.6 mm, and Habawnah 3.6 mm (Saudi Arabian Dames and Moore, 1988). The average annual rainfall during the period 1984-1985 in the Yiba basin is 189 mm, Habawnah basin is 94.1 mm, the Tabalah basin is 122.1 mm, Liyyah basin is 115 mm, Al Lith basin is 115.9 mm.
		Wheater et al. (1991a and b) observed individual basins relationships when connecting the frequency of the rainy days with the elevation of measuring instruments. There is a different condition that occurs between the Red Sea coastal catchments (Al Lith, Liyyah, and Yiba), and the inland catchments (Habawnah, and Tabalah). The coastal catchments show a consistent geographical variation from the northwest (Al Lith) to the southeast (Liyyah). The same case also occurs in Tabalah and Habawnah, although they are similar in the regional condition, they also show a distinct difference between the two wadis. The elevation of gauges in the Al Lith catchment appears to be related to the coastal and inland regimes (Wheater, et al., 1991 a and b).
		The reason for choosing these catchments is that these catchments have extensive measurements of rainfall and runoff events (hyetographs of the rainfall storms from a spatial network, hydrographs of the floods, and land cover maps (Wheater, et al., 1991 a and b, Farran and Elfeki, 2020 a, b, and c, and Farran, et al., 2021) over four years of records that allowed the performance of hydrological classification in comparison with the morphological classification that can be made from the digital elevation model (DEM) used. Other catchments in KSA do not have such rainfall-runoff measurements. 

3. Methodology
       The methodology followed for cluster analysis to provide the similarity between the catchments can be summarized as follows:
1.  Delineation of the catchments and sub-catchments using ArcGIS 10.5 software (see Figure 1). The digital elevation model used in the analysis is 30 m and calculates stream order based on the Strahler method (Strahler, 1957). 
2. The arcHydro and the morphometric toolbox in ArcGIS are used for calculating and collecting morphological and some hydrologic attributes.
3. Estimation of the % of alluvium, rock, and vegetation for each basins using remote sensing technologies (Farran, et. al., 2021).
4. The clustering technique is performed using the AP cluster package in R software (Bodenhofer, 2019).
5. Four scenarios are considered for the cluster analysis: (a) Similarity based on morphological indices, (b) similarity-based on hydrological indices, (c) similarity based on the combined morphological and hydrological indices, and (d) similarity based on land cover and CN of the sub-catchments. 
6. Dendrograms and heat maps are produced for each scenario to present the cluster structure for each scenario for further analysis. 
7. In each of these scenarios, some statistical parameters such as the correlation coefficient of the attributes in each cluster are estimated to evaluate the clustering results. 
8. The characteristics of each cluster are classified based on percentiles (33rd, and 67th percentile values) for low (less than 33rd percentile value), medium (between 33rd, and 67th percentile values), and high (above the 67th percentile value) of each attribute to evaluate the degree of the attribute for each cluster being low, medium, and high. 
9. Spatial GIS maps are presented to show the similarity between the sub-catchments and the exemplar of each cluster that represent the model catchment (representative basin) for further analysis in the future. 

In the following sections, the details of the aforementioned steps are explained with the formulas used to estimate the morphological and hydrological attributes. 

3.1 Morphological Attributes
		Morphological analysis is a study based on the physiographic features of the basins (Masoud, 2014). Undoubtedly, many hydrologists assert that morphological attributes have a significant role in the hydrologic behavior of the catchments in arid and semi-arid zones (Elfeki et al., 2017, Niyazi et al., 2020). The morphological attributes include catchment area, elevation, basin length, basin perimeter, basin slope, drainage density, mean flow path length, stream order, infiltration number, and bifurcation ratio.  The morphological equations used in the calculations are given in Table 1.



3.2 Hydrological Attributes 
			The hydrological attributes with the various component of the hydrological cycle are key elements for the sustainable development of the water resources (Thakur, 2017). The calculation of hydrological attributes using traditional methods is limited, and GIS software is an efficient tool to estimate these attributes. The hydrological attributes include the mean annual rainfall depth, the mean annual flow depth, the runoff coefficient, C, the time of concentration, the peak discharge, maximum retention storage, the curve number, CN, the 5% probability of exceedance of peak flow, Qp5%, and the 95% probability of exceedance of peak flow, Qp95%. These attributes are estimated from field measurements and the equations used to estimate these attributes are given below. 

The Storage Index and The Curve Number 
			The curve number is estimated from the rainfall and runoff data rather than the traditional method based on USDA-NRCS tables (USDA-NRCS, 2004). Since these basins have measurements of rainfall and runoff events, the maximum retention, Smax (mm), can be estimated by Farran and Elfeki (2020a), 
 	 (1)
Where,
P is the total rainfall of the storm (mm), 
Q is the effective rainfall depth (mm), and
  is the initial abstraction ratio which is commonly used as 0.2. 
Therefore, the CN is evaluated by (USDA-NRCS, 2004),
 	 (2)
Smax is used as a storage index of the basin and CN reflects the information of the overall soil type response in the entire basin. 

Runoff Coefficient, C:
		The runoff coefficient is a key parameter in hydrological studies McCuen (1989). Therefore, it is also used in the current study as an indicator of the relationship between the rainfall and the runoff in the basins. The runoff coefficient, C, is defined as, 
 	 (3)
The C values used in this research are estimated by Farran and Elfeki (2020c).


Time of Concentration, :
		It is defined as the time needed for a drop of water to move from the most remote point in a basin to the basin outlet (McCuen, 1989). This parameter reflects how quickly the basin responds to rainfall. The time of concentration is estimated by the Kirpich formula (Kirpich, 1940) as, 

	 (4)
where 

 is in hours, 

 is the length of the channel from headwater to the outlet in km, 

and is the average basin slope.

Mean peak specific discharge, :

	 (5)
Where, 

 is the peak flow of the event i, and
m is the number of rainfall-runoff events. 

Peak specific discharge at the probability of exceedance 5% and 95% (Qp5%, and Qp95%):
		The 5% probability of exceedance of peak flow, Qp5%, and the 95% probability of exceedance of peak flow, Qp95% are estimated using frequency analysis of the recorded runoff peaks at the individual stations after dividing by the sub-catchments area to get the specific peak discharge values. These values are considered as flow indices that represent the streamflow dynamics at the outlet of each study sub-catchment.

Estimation of the % of alluvium, rock, and vegetation in the basins
 	A remote sensing technique was used to determine the land-use type classification in this study. The Envi software is used to extract the landcover characteristics for each basin such as alluvium, rock, and vegetation. The Maximum-Likelihood technique is followed as the supervised classification method. This approach is an information detection process that extracts the spectral signatures from the satellite image and then attributes cells into groups or categories based on the similitude of their spectral signatures. In general, the supervised classification is an information estimation based on a system where each cell is attributed to a class according to a suitable decision rule (Swain and Davis, 1981, Kloer, 1994, Elhag and Boteva, 2016). 
 		In the current study, all landcover maps of the study area were elaborated using Landsat OLI imagery with a spatial resolution of 30 m, obtained freely from the Earth Explorer website (https://earthexplorer.usgs.gov/). The multispectral satellite data have been analyzed in Envi software. Indeed, the algorithm related to Maximum-likelihood classification (MLC) begins to select the training samples associated with the different terrain classes (Elhag, 2016). Then, to enhance and evaluate the classification quality, random ground verification was done using hand-held GPS, accompanied by a comparison with a high-resolution image collected from google earth pro, which is used as a reference. The accuracy assessment determined for the five basins demonstrates that the obtained kappa coefficients are 82%, 80%, 86%, 79%, and 84%, respectively. These coefficients issued to assess the map quality indicate that all classifications are reliable (Ozsoy et al.2012; Gaubi et al.2016). Three land-cover classes were detected for each basin, include some vegetation, soil (alluvium), and rocks. Finally, these layers have been integrated into the Arc Map software for estimating the percentage of vegetation, alluvium, and rock for each sub-basin. The percentages of the landcover are obtained from the work by Farran et al. (2021).

Table 2 shows the catchment attributes as the indices considered for morphological, hydrological, and land cover classification approach. Morphological attributes extracted using a morphologicals toolbox in ArcGIS software. There are twenty-eight morphological attributes and twelve hydrologic attributes using as input data. The percentage of the area reflects the landcover of the sub-catchment. The table shows the statistical summary as the minimum, the maximum, the mean, the median, the standard deviation (Std), and the coefficient of variation (CV). 

3.3 The Affinity Propagation Technique 
		The Affinity propagation (AP) is a clustering algorithm that works by finding a set of exemplars and assigning other data to the exemplar. This technique was introduced by Frey and Dueck (2007). Compare with k-means and k-medoids, AP has advantages such as the number of clusters will found automatically by this algorithm, the clustering results more stable and accurate, and it takes less time to produce the clustering with the same accuracy (Meng, 2016). The applications of this technique include clustering human faces, the customer buys pattern categorization, identifying regulated transcripts for conversion from DNA to RNA. It has proven to have better performance, lower error, flexible, high speed, and remarkably simple clustering algorithm (Thavikulwat, 2014). The initial process by considering all data points as potential exemplars, and simultaneously exchanging messages between data points until a good set of exemplars and clusters are formed (Frey and Dueck, 2007). The process has many iterations that every iteration makes the distance of all objects closer and iteration will continue until a convergence condition is achieved. The AP method works as follows: three matrices must be constructed namely: the similarity matrix, the responsibility matrix, and the availability matrix. The following subsections introduce these matrices. 

Similarity Matrix 
The similarity matrix contains values that correspond to how similar two objects are. The similarity matrix S(a,b) represents how well the data point with index b is better to be an exemplar for data point a. The diagonal values are the lowest number among all the cells, and non-diagonal values are the negation of the sum of the squares of two differences between objects. The input of similarities calculated from the distance of two attributes in the Euclidean space called Euclidean distance,

2	 (6)
………………………………………………………………………. ..(7)
Where,
 S (a,b) is the similarity matrix between attribute a and b, 
 d  is Euclidean distance,	
    ai  is the data point of the attribute, a, 
bi is the data point of the attribute b (which represents a potential exemplar), and
 n is the total number of attributes.

Responsibility Matrix 
 The responsibility matrix contains values that correspond to how responsible one object for another. The matrix R(a,b) is sent from attribute a to candidate exemplar point b. It indicates the accumulated evidence for how appropriate attribute b is to serve as the exemplar for point a.	
                                                                                       	… (8)

b’ s.t. b’≠b


Availability Matrix
 	 	The availability matrix contains values that correspond to how available one object is to be an exemplar for another object. Diagonal value is a sum of all positive responsibilities in the column, excluding the objects' self-responsibility. The matrix A(a,b) is sent from candidate exemplar point b to data point a. It reflects the accumulated evidence for how well-suited it would be for point a to decide point b as its exemplar. 
The process sends information from data points to candidate exemplars and it shows how strongly each data point prefers or choosing the candidate exemplar over other candidates. In this experiment, AP was implemented in R software with a package called ‘apcluster’ (Bodenhofer, 2019). R is an open-source language programming as statistical computing platform software, invented by Ros Ihaka and Robert Gentlemen in 1990 (R Core Team, 2018).
                                                                                    	… (9)

a’ s.t. a’Є{a,b}


		  Over the last decade, R has been used in many fields, including hydrological applications. There are some advantages of using R in hydrological such as the ease of connecting R to and from other languages, the democratization of data science and numerical literacy, the support provided by a growing community, and the enhancement of reproducible research and open science, a wide range of uses including data acquisition, statistics, manipulation, modeling, and analysis (Slater J et al., 2019). R provided a large variety of statistical packages, free, easy to use, and have large community users. Some packages are available in R such as time-series analysis, classification, linear and nonlinear modeling, and clustering packages as used in this research (cran.r-project.org). 

4. Results and Discussions
4.1 Clustering based on Scenario 1 (morphological indices) and Scenario 2 (hydrological indices)
 		Some simulations are performed to make a comparison between the clustering based on the morphological indices (Scenarios 1) and the hydrological indices (Scenarios 2) of the 18 sub-catchments using the AP cluster packages in R software. The AP cluster results are presented in some plots. Figure 3 a and b shows a comparison between Scenarios 1 and 2 respectively.
The result showed four clusters based on the morphological indices and five clusters based on hydrological indices. The chart in Figure 3a shows that each color (red, light blue, light green, and purple) corresponds to one cluster and the exemplar of each cluster is marked by a box and all cluster members are connected to their exemplar with lines. The summary of the calculations is also presented (number of data, number of iterations, number of clusters, and the exemplars and the members of each cluster). Similar information is available in Figure 3b for Scenario 2. 
 		It is obvious from the figure that the number of clusters is different between Scenarios 1 (4 clusters) and 2 (5 clusters). This means that the number of clusters is dependent on the attributes in the indices considered. In Scenario 1, there are 28 attributes in the morphological indices, however, in Scenario 2, there are 12 attributes in the hydrologic indices. It also seems that there is no relation between the number of clusters and the number of attributes considered.   
 		The dendrogram in Figure 4 shows a graphical presentation of the clustering from the 18 sub-catchments. It shows the hierarchical relationship between sub-catchments. This dendrogram consists of layers of nodes where each node represents a cluster. The horizontal slices or x-axis of a dendrogram indicate some sub-catchment, and on the y-axis indicate the Euclidean distance. It shows how the Euclidian distance is minimized in magnitude from top to bottom until it converges to the final clusters. The lines connect the nodes representing clustering which are nested together. In this dendrogram, the height of the dendrogram indicates the order in which the clusters were joined. Figure 4a shows the dendrogram of four clusters. It can be seen that the sub-catchments 7 and 8 are in one cluster, and also sub-catchments 4 and 18. The other cluster consists of sub-catchments 1, 2, 3, 13, 14, 15, 16, 17 and the last cluster consists of sub-catchments 5, 6, 9, 10, 11, and 12. Each group on this graph has members with the closest Euclidean distance.
			The heatmap (the double dendrogram) is another way to visualize hierarchical clustering where data values are converted to a color scale. The blocks of strong and weak colors indicate the value of the data matrix with rows and columns that are sorted by hierarchical clustering trees. The heatmap above shows there are four different groups (clusters)  presented in colors (red, light blue, light green, and purple) at the boundary in the top and left of the matrix (Figure 5 a), and five different group of colors in scenario 2 (Figure 5 b). 

 		Figure 6 shows the spatial distribution of the clusters of the 18 sub-catchments based on the morphological indices. The majority of the clusters are not only influenced by the similarity of the attributes but also by the location. It is obvious from the figure that the majority of the sub-catchments in the same cluster are closely located. However, it can also be found out that some clusters are located between different catchments that are far apart. The sub-catchment that is colored with shading indicates the exemplar for each cluster. This indicates that the majority of the attributes of these sub-catchments have some degree of morphological similarity. This result helps hydrologists in developing common morphological models for such sub-catchments.   

 		Figure 7 shows the spatial distribution of the clusters of the 18 sub-catchments based on the hydrological indices. Similar results can be obtained as in the morphological indices scenario (Figure 6). However, the clustering based on the morphological indices is different from the clustering based on hydrological indices. This means that the attributes affect the clustering patterns. 

4.2 Classification Results Based on The Combined Morphological and Hydrological Indices
 		Figure 8 shows the results of the classification based on the combined morphological and hydrological indices. Figure 8a shows the R-software results in terms of the number of iterations, input preferences, the sum of similarities, the sum of preferences, net similarity, and the number of clusters (in this scenario is 4). Also, it shows the exemplars and the members of each cluster. Figure 8b shows again the dendrogram of this scenario which shows how the clustering is performed until it reaches the final conversion. Figure 8c shows the clusters' connections with their exemplar, while Figure 8d shows the heatmap of this scenario.  

 		Figure 9 shows the spatial distributions of the sub-catchments in each cluster when classified according to the combined morphological and hydrological indices. Four clusters are observed in this scenario. Cluster 3 contains the maximum number of members (8 members), Cluster 1 contains 5 members while Cluster 2 and 4 contain only two members. Cluster 3 and 4 have common features they both drain to the west towards the Red Sea. However, Cluster 1 and 2 have common features they both drain to the east towards the inland. 

4.3 Classification results based on landcover and curve number (CN)
 		In this scenario, the landcover and CN are considered as the indices for the cluster analysis. The reason for this scenario is to show how the land cover classification of these basins can influence runoff in terms of the runoff parameter CN. Figure 10 shows the spatial distribution of the clusters in this case. Cluster 1 is dominant; it contains 10 members in the cluster. While Cluster 3 is minimal it contains only two members. Cluster 2 is in between, it has 6 members. The three clusters are distributed between the basins. Cluster 3 is located only in Habawnah and Yiba catchments.  

 		Table 3 summarizes the clusters and the exemplar of each cluster based on the four scenarios (morphological, hydrological, combined morphological and hydrological, and land cover and CN)  with their exemplar. The table shows that the number of clusters is different for each scenario. Scenario 1 (morphological) has four clusters. Cluster 1 consists of two sub-catchments with J418 sub-catchment as an exemplar, Cluster 2 consists of six sub-catchments with N405 sub-catchment as an exemplar, Cluster 3 consists of two sub-catchments with N406 sub-catchment as an exemplar, and Cluster 4 consists of eight sub-catchment with SA401 sub-catchment as an exemplar. Scenario 2 (hydrological) has 5 clusters. Scenario 3 (combined morphological and hydrological) has four clusters similar to clustering based on the morphological attributes however, the difference is in the exemplar and the spatial distribution of the clusters. Scenario 4 (land cover and CN) has three clusters. 
 		The maximum number of clusters is five based on the hydrological indices. This indicates relatively high variability between the basins based on the hydrological attributes considered in the analysis. However, the minimum number of clusters is three based on Scenario 4 (land cover and CN). It indicates low variability between the basins in terms of the land cover classification (percentage of rocks, alluvium, and vegetation) and CN.
The N405 and N406 sub-catchments are exemplars for Scenario 1 (morphological) and 3 (combined morphological and hydrological). This indicates that these sub-catchments have a relatively high degree of similarity form morphological and hydrological point of view. This helps to develop common hydrological and morphological models for those catchments.  
The difference in the number of clusters is strongly influenced by the number of attributes used as input. Moreover, the sensitivity of the classification is depending also on the distance matrix as indicated in the literature. The distance matrix used in this research is the Euclidean distance, but apparently, there are several other methods such as Manhattan, Minowski, Canberra, and Laplace Kernell (Han, 2006). The chosen distance matrix was very important. It controlled not the only number of clusters but also the chosen group exemplar as most representative of the group. So, even though AP has many advantages, but determining the number of clusters depends on the distance matrix and number of attributes. This point needs further research. 

[bookmark: _Hlk59995339] 		Figure 11 shows the properties of the clusters categorized as low, medium, and high for the four scenarios.  This categorization is based on the percentiles of the attributes as: low for the value of the attribute that is less than 33rd percentile value, medium when the attribute is between the 33rd and 67th percentile values, and high when the attribute is above the 67th percentile value. The diagram displays the magnitude of each attribute in each cluster based on being low, medium, and high. The diagram is ordered in this way: morphological classification (top), hydrological classification (below top), combined morphological-hydrological classification (above bottom), and land use/cover classification (bottom). To be able to analyze this diagram, one may consider the rational between the attributes of being low, medium, and high. For instance, in the morphological classification, the area, the maximum stream length, basin length, and the perimeter of the catchments have the same pattern of being low, medium, and high. Another example is for the attributes (drainage texture, average length of the overland flow, maximum flow length slope, maximum stream length slope, and elongation ratio). Also, one may notice the Ra and Rb however, they have only high and medium range. Therefore, by this way of interpretation, one may notice the rational between these categorizations of the attributes and extract that there are the relations between them but not in terms of equations rather in terms of percentiles. Some other attributes can not 100% related such as in the hydrological classification, one may notice the attributes (rainfall, mean annual flow, Qp95%, and Qp5%). There are some switches between the low and medium. This is due to the narrow or wide band of the percentiles of each attribute (33rd and 67th percentile values). Moreover, one may notice inverse relation between (Qp95%, and Qp5%) and Tc which is logical. Since low Tc leads to high Qp. This is supported by the literature (e.g. Rodríguez‐Iturbe and Valdes, 1979 and Niyazi et al., 2020). In the morphological-hydrological classification, one also may notice the inverse rational between the area and the (Qp95%, and Qp5%) and the mean peak specific discharge. This is of course we consider the specific discharge (i.e., the discharge divided by the area of the basins) and not the discharge itself. Moreover, the direct relation between the area and Tc, sinuosity and Tc are clear and logical. In the last scenario, it seems the CN and the percentage of rock, vegetation, and alluvium having the same category of low, medium, and high. Since they have wide bands of the percentiles. 

 		Figure 11 can still be interpreted from the clusters' point of view. Let us take the hydrological classification as an example. Cluster 1 (blue circle) has the following characteristics in terms of the attributes:  medium annual rainfall, low mean annual flow, medium Qp95%, high Qp5%, medium Tc, high median storage S, medium runoff coefficient C, low CN, low alluvium area, high rock area, and high vegetation area. In this cluster, we notice rational in terms of low mean annual flow that corresponding to high S since most rainfall is converted to groundwater in the storage. Also, one may notice low CN that accounts for high transmission losses and therefore high S.  Moreover, the low CN that corresponds to low alluvium and high rock and high vegetation explains that these rocks are highly fractured and therefore lead to low CN (Farran, et al. 2021). Other clusters can be interpreted as well. 

4.4 Evaluation of The Clustering Results by The Correlation Coefficient 
 		The correlation coefficient is calculated to evaluate the quantify the performance of the AP clustering results whether it is a low, moderate, or high correlation. The value of the correlation coefficient is normally between 0 to 1 for no or direct relations respectively. The value of 0 represents no correlation and the value of 1 represents perfect correlation. The correlation categories are divided into three classes; high (coefficient correlation equal to and more than 0.75), moderate (between 0.5 to 0.75), and low (equal to and less than 0.5). 
	
Table 4 shows the average correlation coefficient between the attributes of the exemplar and the attributes of its members within the cluster for the four scenarios. It shows a high correlation between the four scenarios. The lowest coefficient correlation is in Cluster 3 (0.817) of the hydrological classification and the highest correlation is in Cluster 1 and 4 of the hydrological classification with 0.999. This indicates high hydrological similarity between these sub-catchments and therefore, common hydrological models can be built for these sub-catchments. Other clusters in the four scenarios are also relatively high and can still be used for developing common morphological and hydrological models.    

5. Summary and Conclusions
  		The catchment classification was performed on 18 sub-catchments in the southwestern part of KSA using the AP algorithm. The classification is based on morphological, hydrological, and land cover indices with various combinations as catchment attributes. Four scenarios are considered namely: morphological, hydrological, combined morphological and hydrological, and land cover and CN. The following results can be drawn from the study:
1- The results show that each scenario has a clustering pattern that is different from the other. Four clusters are obtained based on the morphological indices with twenty-eight attributes, five clusters are obtained based on the hydrological indices with twelve attributes, four clusters are obtained based on the combined morphological and hydrological indices with forty attributes, and three clusters are obtained based on land cover and CN attributes. These different clustering patterns are due to the types of attributes considered in each scenario (i.e. the clustering is attribute-dependent). Therefore, the modeler has to take into account the purpose of the clustering either to develop common morphological models, hydrological models or both or land use land cover studies. 
2- The AP technique has proven to have a good potential for catchment classification and defining an exemplar (a representative basin) for each cluster. The detailed study of this exemplar through an extensive measuring network of the input and the output hydrological processes can be transferred and scaled properly to other basins in the cluster since they are hydrologically and morphologically similar. 
3- Each cluster can have sub-catchments from different catchments that are far apart. This is because they have similar attributes. 
4- The correlation matrix approach shows high correlation coefficients (0.817 - 0.999) between the attributes of each exemplar and the attributes of its members in the cluster. This helps morphologists and hydrologists to build cost-effective common models by a detailed study of the exemplar of each cluster and generalize the results on other members. 
5- This pilot study provides a robust technique that is cost-effective to identify the similarity between catchments and can help hydrologists to develop a catchment management application in the arid regions. The extension of this technique to a larger data set is foreseen. 
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Table 1. Morphological attributes considered in the study basins and the equations used in computations. 
	Morphological Attributes
	Equation
	References

	
	
	

	Area  (km²)
	A
	Schumm (1956)

	Min. elev (m)
	Hmin (Topography)
	

	Max. Elev  (m)
	Hmax (Topography)
	

	Mean elev  (m)
	Hmean=(Hmax+Hmin)/2
	

	Max. slope (deg)
	Arctan(Vertical/Horizontal)
	

	Mean slope (deg)
	Arctan(Vertical/Horizontal)
	

	Drainage density (km/km²)
	

	Horton (1945)

	Drainage Texture
	

	Smith(1950)

	Main Channel Length (km)
	Lm
	Horton (1945)

	Basin length (Km)
	Lb
	Schumm (1956)

	The average length of Overland Flow (m)
	

	Horton (1945)

	Max. flow length slope
	
	

	Centroid stream length (m)
	
	

	Max. stream length (m)
	Lmax
	

	Max. stream length slope
	
	

	Stream Frequency (number/km2)
	

	Horton (1932)

	Total basin Relief (H) (m)
	Rr = R/L
	Schumm (1956)

	Perimeter (km)
	P
	Schumm (1956)

	shape factor Ratio
	Sv = Lb2/A
	Horton (1932)

	Sinuosity
	S = Lb/Lmin
	Schumm (1977)

	Ruggedness Number
	

	Schumm (1956)

	Integral Hypsometric
	
	Pike and Wilson (1971)

	Infiltration Number
	

	Faniran (1968)

	Elongation Ratio
	Re =/L
	Schumm (1956)

	Compactness Coefficient
	CC =
	Strahler(1964)

	Circularity Ratio
	Rc = 4 A/P2
	Strahler(1964)

	Ra
	

	Schumm (1956)

	Rb
	

	Schumm (1956)







Where,  is the maximum order of the stream network, and  is the area of the stream of order , and  is the number of streams of order .







Table 2. Statistical summary of the attributes of the 18 sub-catchments in the southwestern part of KSA
	Indices 
	Min
	Max
	Mean
	Median
	Std
	CV

	Morphological Indices
	
	
	
	
	
	

	Area  (km²)
	158.526
	4944.396
	1478.536
	954.886
	1353.919
	0.916

	Min. elev (m)
	111.500
	1878.200
	764.894
	496.500
	588.010
	0.769

	Max. Elev  (m)
	1702.000
	2830.000
	2361.556
	2356.500
	335.661
	0.142

	Mean elev  (m)
	927.750
	2114.100
	1563.225
	1536.000
	319.120
	0.204

	Max. slope (deg)
	3.760
	28.580
	17.826
	19.565
	6.888
	0.386

	Mean slope (deg)
	1.090
	4.890
	2.764
	3.070
	1.279
	0.463

	Drainage density (km/km²)
	0.033
	0.632
	0.187
	0.142
	0.156
	0.833

	Drainage Texture
	0.020
	0.107
	0.044
	0.039
	0.021
	0.474

	Main Channel Lngth (km)
	27.215
	108.121
	65.487
	62.411
	24.797
	0.379

	Basin legth (Km)
	20.293
	73.189
	44.754
	44.188
	14.169
	0.317

	Average length of Overland Flow (m)
	0.792
	15.333
	4.412
	3.529
	3.603
	0.817

	Max. Flow length slope
	0.010
	0.078
	0.028
	0.019
	0.020
	0.706

	Centroid stream length (m)
	0.064
	1.689
	0.586
	0.463
	0.488
	0.833

	Max. stream length (m)
	23.815
	156.594
	76.832
	74.093
	39.774
	0.518

	Max. stream length slope
	0.008
	0.079
	0.023
	0.017
	0.017
	0.759

	Stream Frequency (number/km2)
	0.005
	0.055
	0.016
	0.012
	0.014
	0.873

	Total Basin Relief (H) (m)
	469.0
	2690.0
	1596.16
	1522.0
	711.15
	0.45

	Perimeter (km)
	84.84
	370.636
	213.826
	226.341
	74.238
	0.347

	Shape factor Ratio
	0.623
	21.917
	4.168
	2.786
	5.009
	1.202

	Sinuosity
	1.133
	1.838
	1.383
	1.377
	0.182
	0.132

	Rugeddness Number
	0.055
	0.658
	0.257
	0.242
	0.167
	0.648

	Integral Hypsometric
	0.178
	0.537
	0.343
	0.301
	0.112
	0.327

	Infiltration Number
	0.000
	0.030
	0.005
	0.002
	0.009
	1.855

	Elongation Ratio
	0.241
	1.429
	0.737
	0.676
	0.308
	0.418

	Compactness Coefficient
	0.255
	5.049
	2.310
	2.222
	1.190
	0.515

	Circularity Ratio
	0.040
	1.111
	0.295
	0.193
	0.299
	1.014

	The Area Ratio, Ra
	2.040
	12.030
	4.752
	3.595
	2.656
	0.559

	The Burification Ratio, Rb
	2.000
	7.000
	3.540
	2.829
	1.414
	0.399

	Hydrologic Indices
	 
	 
	 
	 
	 
	 

	Rainfall (mm)
	80.250
	435.333
	196.761
	174.832
	103.436
	0.526

	Mean annual flow (mm)
	0.570
	66.330
	12.224
	4.740
	16.416
	1.343

	Mean peak discharge (l/s/km²)
	5.564
	661.944
	155.610
	95.060
	157.491
	1.012

	Qp 95% (l/s/km²)
	2.720
	95.003
	29.281
	14.795
	31.038
	1.060

	Qp 5% (l/s/km²)
	8.012
	2004.172
	397.582
	187.340
	549.487
	1.382

	Tc (hour)
	2.16
	19.44
	8.81
	9.24
	4.97
	0.56

	Median  storage (mm)
	22.360
	125.140
	56.152
	53.145
	25.636
	0.457

	Runoff Coefficient
	0.003
	0.210
	0.069
	0.065
	0.050
	0.721

	CN
	28
	92
	57.7
	57
	15
	0.258

	Land Cover Indices
	 
	 
	 
	 
	 
	 

	Area alluvium km²
	2.975
	367.334
	69.694
	40.004
	92.919
	1.333

	Area Rock km²
	107.043
	1085.338
	544.236
	502.610
	262.355
	0.482

	Area Vegetation km²
	0.928
	297.803
	88.430
	60.711
	75.552
	0.854















Table 3.  Summary of the clusters and their exemplar for the different scenarios: Scenario 1 (morphology), Scenario 2 (hydrology), Scenario 3 (combined morphology and hydrology), and Scenario 4 (land cover and CN). 
	

	
	Catchment
	Cluster 1
	Cluster 2
	Cluster 3
	Cluster 4
	Cluster 5

	Morphology
	Al-Lith
	J418 
	 
	 
	J415, J416, J417 
	 

	
	Habawnah
	 
	 N404, N405, N408
	N406, N407
	 
	

	
	Tabalah
	 
	 B405, B412, B413
	 
	 
	

	
	Liyyah
	 
	 
	 
	 SA421, SA425
	

	
	Yiba
	SA424
	 
	 
	SA401, SA422, SA423
	

	
	Exemplar
	J418 
	N405
	N406
	SA401
	

	Hydrology
	Al-Lith
	J415
	 
	 J416, J417, J418 
	 
	 

	
	Habawnah
	 
	N405, N408
	N404, N406, N407
	 
	 

	
	Tabalah
	 
	 
	B405, B412
	 
	B413

	
	Liyyah
	 
	 
	 
	SA425
	SA421

	
	Yiba
	 
	 SA424
	SA401
	 
	SA422, SA423

	
	Exemplar
	J415
	N408
	B412
	SA425
	SA422

	Morphology + Hydrology
	Al-Lith
	 
	 
	J415, J416, J417 
	J418 
	 

	
	Habawnah
	 N404, N405, N408
	N406, N407
	 
	 
	

	
	Tabalah
	 B405, B412, B413
	 
	 
	 
	

	
	Liyyah
	 
	 
	SA421, SA425
	 
	

	
	Yiba
	 
	 
	SA401, SA422, SA423
	SA424
	

	
	Exemplar
	N405
	N406
	SA423
	SA424
	

	Landcover and CN
	Al-Lith
	J415, J417, J418 
	J416
	 
	 
	

	
	Habawnah
	N404, N405, N406, N407
	 
	N408
	
	

	
	Tabalah
	B412
	 B405, B413
	 
	
	

	
	Liyyah
	SA421
	SA425
	 
	
	

	
	Yiba
	SA423
	SA401, SA422
	SA424
	
	

	
	Exemplar
	SA421
	SA422
	SA424
	
	


			
			

Table. 4 Summary of the average correlation coefficient between the attributes of the exemplar and the attributes of its members within the cluster for the four scenarios. 
	
	Correlation Coefficient 

	 
	Cluster 1
	Cluster 2
	Cluster 3
	Cluster 4
	Cluster 5
	Category

	Morphological
	0.998
	0.954
	0.992
	0.981
	
	High

	Hydrological
	0.999
	0.969
	0.817
	0.999
	0.856
	High

	Morphological & Hydrological
	0.947
	0.990
	0.914
	0.977
	
	High

	Land Cover+ CN
	0.945
	0.903
	0.944
	 
	 
	High
















[image: ]















Figure 1. Location of the study area: The five main catchments in the southwestern part of KSA: Habawnah catchment, Liyyah catchment, Tabalah catchment, Al-Lith catchment, and Yiba catchment. These catchments are subdivided into sub-catchments at the stations shown.
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Figure 2. The responsibility matrix R(a,b) and the availability matrix A(a,b) (modified from Frey and Duec, 2007). 
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Figure 3. Comparison between the clustering results of scenarios 1 and 2: a) clustering based on morphological indices, and b) clustering based on hydrological indices. 
a) [image: ][image: ]b)        										           
Figure 4. Example of dendrogram comparison between scenarios 1 and 2: (a) based on morphological indices, and (b) based on hydrological indices. 
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Figure 5. Example of a comparison of the heat map between scenarios 1 and 2: (a) based on morphological indices, and (b) based on hydrological indices. 
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Figure 6. Spatial distribution of the sub-catchments in each cluster when classified according to the morphological indices. 










[image: ]












Figure 7. Spatial distribution of the sub-catchments in each cluster when classified according to the hydrological indices.
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Figure 8. Clustering results based on the combined morphological and hydrological indices. a) AP results, b) dendrogram, c) clustering plot, and d) heatmap of clustering.
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Figure 9. Spatial distribution of the sub-catchments in each cluster when classified according to the combined morphological and hydrological indices.
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Figure 10. Spatial distribution of the sub-catchments in each cluster when classified according to the landcover and CN.
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Figure 11. The properties of the clusters based on: Morphological classification (top), hydrological classification (below top), combined morphological-hydrological classification (above bottom), and land use/cover classification (bottom). The properties have been categorized based on the percentiles of the attributes as low for the value of the attribute is less than the 33rd percentile, medium when the attribute is between the 33rd and 67th percentiles, and high when the attribute is above the 67th percentile. The diagram displays the magnitude of each attribute in each cluster based on low, medium, and high.
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