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Abstract : The Philippines is highly vulnerable to the impacts of climate change, including, rising temperatures and increased frequency of extreme 
drought. Small Farm Reservoir (SFR) is a type of rainwater harvesting system used for supplemental irrigation. However, location suitability poses major 
challenges in implementing SFR. In this study, K-Nearest Neighbors (KNN), and Random Forest (RF) were utilized to conduct site suitability analysis 
and to identify suitable locations for SFR. The findings of this study indicated that the application of KNN and FR could be suggested for identification of 
suitable locations for SFR in other regions. 
 
Index Terms: Suitability Analysis, Small Farm Reservoir, K-Nearest Neighbors, Random Forest.   

——————————      —————————— 

1 INTRODUCTION                                                                     

Small Farm Reservoir (SFR) is an earth embankment that 
traps, harvest and store rainfall and runoff for supplemental 
irrigation [1], making a whole range of crops viable in an 
otherwise unreliable climate. However, without adequate 
planning it increases implementation costs incurred with 
limited marginal benefits and potential environmental risks [2].  
Nowadays, machine learning algorithms are applied in many 
fields such as agriculture [3][4][5]. Hybrid algorithm is an 
aggregate of two or more algorithms to combine desired 
features of each.  Random Forest (RF) and K-Nearest 
Neighbor (KNN) are a simple and easy to implement 
algorithms suitable to classify multiple classification problems 
and pattern recognition to handle dimensional data [6].  
Studies [7][8][9] show that RFKNN has higher classification 
accuracy compared with Naive Bayes, Adaboost, RRSB, LI-
KNN, dwh-FNN and WKNN, RFDKNN. In this study, an 
attempt has been made to utilize RFKNN hybrid algorithm in 
developing a small farm reservoir suitability map; Test the 
ability of the applied algorithms in identifying suitable locations; 
and, Assess the accuracy of the hybrid algorithm by comparing 
the located suitable locations with the locations of existing 
small farm reservoirs.  

 
2 MATERIALS AND METHODS 

 

Fig. 1. Methodology Framework 
 
 
 

Fig.1 highlights the processes to accomplish the objectives of 
the study. Rainfall, Soil, Slope, Land Use datasets, and the 
national guidelines were acquired and considered in KNN, and 
RF modelling procedures. Finally, the results were validated by 
comparing it to the locations of existing small farm reservoirs.  
 
2.1 Study Area 
Isabela is located at 16°25‖ to 17°35‖ N, 121°25‖ to 122°35‖ E 
on the northeastern seaboard of the Philippines. Isabela is the 
largest province in Luzon, it has a total land area of 12,414.93 
km

2
 representing almost 40% of the Region 2 [2]. 

 
2.2 Dataset 
This study utilized reclassified rainfall, soil type, slope, land 
use dataset in determining suitable sites for SFR. 

Fig. 2. Hydrological time series 
 
Fig.2 illustrates that from 1950 to 2018 the Isabela have a 
rainfall pattern of four dry months of less than 100 
millimeters(mm) from January to April, two transition months of 
May and June of more than 150mm, six wet months beyond 
200mm from July to December and annual precipitation that 
ranges from 1748mm up to 4095mm. Soil type found in 
Isabela are hydrosol, bantog clay loam, mountain soil, san 
manuel sandy loam, annam clay loam, beach sand, san 
manuel loam, bigaa clay, bago sandy clay loam, guimbalaon 
clay loam, guingua silty clay loam, cauayan sandy loam, 
cauayan clay loam, cauayan clay, rugao sandy loam, rugao 
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clay, rugao clay loam, alaminos clay loam, bago clay loam, 
quingua sandy loam, bago sandy loam, san juan clay, cauayan 
loam, rugao sandy clay loam, and ilagan loam. Slope in 
Isabela are classified as level to nearly level (0° - 3°), gently 
sloping to undulating (3° - 8°), undulating to rolling (8° - 15°), 
rolling to moderately steep (15° - 30°), steep (30° - 50°), and 
very steep (> 50°). Isabela has a potential irrigable area of 
238,410.74 hectares (ha). The primary irrigation system in the 
Province has a total service area of 85,398 ha. Covering Alicia 
(10,020ha), Angadanan (2,740.9ha), Aurora (2,262ha), Burgos 
(4,128ha), Cabatuan (5,328ha), Cauayan (7,733.88 ha), 
Cordon (3,792.35ha), Echague (1,628.81ha), Gamu 
(2,096ha), Luna (2,211.68ha), Naguillian (163.45ha), Quirino 
(4,111.96ha), Ramon (7,388.85ha), Reina Mercedes 
(958.73ha), Roxas (4,656ha), San Isidro (4,468.28ha), San 
Manuel (6,589ha), San Mateo (8,433ha), Santiago (6,971ha). 
 
2.3 Suitability Scale 

 
TABLE 1 

Parameter Weight 

Weights of the parameters was from the national standard 
framework for small farm reservoir. Each parameter was 
assigned weights according to its sub-criteria. 

 
2.4 K-Nearest Neighbor & Random Forest Hybrid 
K-nearest-neighbor is a type of instance based learning. For 
any given instance q(the query), the class for an instance is 
determined by finding the K instances that are nearest to q 
and finally the class is assigned by computing the votes of K 
instances. Distance can be calculated using Euclidean or 
Manhattan measure [10][11][12]. Random Forest is an 
example of ensemble method involving collection of decision 
trees. In random forest, sample is drawn at random and 
decision tree is built for that random sample. The process is 
repeated and each time a different sample is drawn at random. 
Drawing a different sample each time, results in the generation 
of different trees that gives different predictions. Averaging or 
voting is chosen to combine all these predictions generated by 
different trees [13][14][15]. 
 
2.5 Aggregate Pseudocode 
The RFKNN hybrid was used to sort the importance of the 
map features according to the parameter weight. The features 
whose significance is the first r *|F| are selected from dataset 
D where F is a feature set of D. Dataset D including a train set 
L and a test set Z is rebuilt into a new dataset Dnew including 
a new train set Lnew and a new test set Znew. The train set 

Lnew is split into two subset L1 and L2 where |L2|:|Lnew|=0.2 
and L1 ∩ L2= ∅. The subset L2 called validation set is used to 
do cross-validation. Do FOR loop: for k in range(x1, x2). 
Based on the Manhattan distance function f1, for each 
validation data m belonging to L2, we calculate the distance 
between m and all the samples belonging to L1 to determine 
its k-nearest-neighbors list. Then validation data m is classified 
into the class which the majority of k-nearest-neighbors belong 
to. When each validation data in L2 is classified into a certain 
class, the error rate 1 between the prediction result and the 
real value can be calculated. We use the Euclidean distance 
function f2 instead of f1 and do the similar steps as in step 2.1. 
Finally, we can get the error rate 2 for L2 based f2. If 1< 2, 
then saving Manhattan distance function f1 and error rate 1; 
else saving Euclidean distance function f2 and error rate 2. For 
all k ∈ (x1, x2), choosing the nearest neighbor number kmin 
with the smallest error rate and the corresponding distance 
function fmin (f1 or f2). For a test data z ∈ Znew, using kmin 
and fmin, we calculate the distance between z and all the 
samples belonging to train set Lnew to determine its kmin-
nearest-neighbors list. Then z is assigned to a class which the 
majority of kmin-nearest-neighbors belong to. A test data z'∈ Z 
corresponding to z is classified into the same class. If each 
test data in Z is classified, then the algorithm ends. Then 
getting classification accuracy of L2 for each distance function 
already defined. We do this operation for each nearest 
neighbor number k ∈ (x1, x2) and can get optimal k and f to 
get highest classification accuracy for L2.  

 
3 RESULTS AND DISCUSSION 
The suitability map was generated using the reclassified 
dataset and subsequently applying hybrid K-Nearest Neighbor 
and Random Forest suitability analysis. Fig.3 shows 36 
suitable locations including 74.18 km

2
 of highly suitable 

location, 4731.76 km
2
 moderately suitable location, and 

5372.44 km
2
 non-suitable location. The majority of the highly 

suitable areas are at the undulating topography spanning from 
the municipality of Echague, Jones, Cordon, and to the cities 
of Santiago, Cauayan, and Ilagan that extends to the plains of 
Benito Soliven, Mallig, and Quezon. The map suggests vast 
areas of suitable locations for SFR establishment throughout  
the province where supplemental irrigation is vital in mitigating 

water scarcity. 
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FIG. 3. THE GENERATED MAP 
 

4 CONCLUSION 
Identifying potential locations for small farm reservoir is an 
important strategic initiative for water conservation, particularly 
for arid and semi-arid regions. In this study, a hybrid algorithm 
that combines geographic information system, k-nearest 
neighbor, and random forest was utilized to identify suitable 
locations for small farm reservoirs. The weights of each 
parameter were according to the National Standard for Small 
Farm Reservoir. Precipitation is the most influential factors and 
slope and soil type were the second most influential. The 
developed suitability map was verified using existing SFR, and 
approximately 83.3% are located in high and medium zones. 
The result of this research provides a guideline for researchers 
and concerned engineers in identifying the best suitable 
location for new farm reservoir construction. The developed 
technique can be utilized alongside traditional approaches to 
ascertain new locations reservoir construction as it increases 
efficiency and saves time and resources. Future research 
could focus on comparing other decision-making techniques 
versus the applied algorithms. Moreover, additional work could 
be implemented to link the optimal capacity of the reservoir. 
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