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Abstract 

Home gardening is a highly deliberated topic in the current world as a consequence of social, economic, and 

environmental benefits. Due to the lack of mathematical applications in non-profit-based home gardens, this 

study is mainly focused on the social and environmental aspects of home gardening rather than focusing on the 

economic perspective. Therefore, this study was scrutinized in an urban city in Sri Lanka where home gardening 

is disparate from the economic perspective due to various reasons. In the initial stage of the research process, a 

novel approach to plant ranking was proposed under the concept of home gardening. The Genetic Algorithm 

(GA) and Integer Linear Programming (ILP) models were proposed in this study under two scenarios and 

implemented using both primary and secondary data. Implementation of GA was performed using MATLAB 

software and parameter values were determined by the trial and error method. The second scenario was 

accomplished through the ILP model along with sensitivity analysis using Excel Solver. Both methods provided 

optimum plant mix effectively and efficiently for the selected garden considering a horizontal space.  

Keywords: Home Gardening; Genetic Algorithm; Integer Linear Programming; Optimum plant mix; Plant 

diversity; Plantation area. 

1. Introduction 

Optimizing home gardens has become a colloquy in the real world which attracts the research world from 

different perspectives due to the social, economic, and environmental benefits. This research is focused on a 

mathematical and computational approach to optimize home gardening more effectively and efficiently.  
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As discussed in the study [1], home gardens are identified as a mixed cropping system that dwells near the 

home. A similar definition holds the study [2] by stating the home garden as a land area with combined plants 

near the family home to satisfy the physical, social and economic needs.  According to the studies [3,4], the 

home garden is identified as a dynamic and complex sustainable land use system with a high diversity of plants 

under different species, and it is also defined as a supplementary production system that is located near 

residencies and managed by family members. Furthermore, Sri Lankans not only engaged in large-scale 

cultivation but also small-scale cultivation such as home gardens [1,3,5]. Even though Sri Lanka has rich soil 

content and a satisfactory level of water for cultivation, the available land area is limited due to the high rate of 

urbanization, and essential to be properly managed to obtain maximum use. Moreover, as a result of 

urbanization, plant diversity and food safety are on a threatening level. Home gardening is one of the most 

effective ways to overcome this problem [6]. Therefore, optimizing the available land area for plantation should 

be highly considered to increase plant diversity and ensure food safety. To enhance plant diversity and utilize 

the available limited plantation area effectively, gardeners should have a better understanding of what to plant 

and how much to plant. To satisfy these requirements, proper plant selection should be carried out 

systematically due to the available rich plant diversity within Sri Lanka. This research provides a satisfactory 

solution to this problem with the use of deterministic (Linear Programming (LP), Integer Linear Programming 

(ILP), etc.) and non-deterministic (Heuristic Algorithm (HA) and Meta-Heuristic Algorithm (MHA)) 

optimization techniques. The real-world problem is converted into a mathematical context to obtain optimum 

outcomes when there exist scarce resources to manage carefully. Most of the researchers paid attention to 

optimizing farm areas based on an economic perspective. The process of crop production encompasses several 

stages and crop selection is the first step among others [7]. Crop planning has become a major problem due to 

the inadequate availability of recourse [7], [8]. Therefore researchers tend to find more precise systematic ways 

of crop planning [7]. Increase productivity while the proper allocation of resources drags high attention in the 

agricultural sector. Rigorous analysis of the literature, clearly visualized some of these studies have focused on 

deterministic approaches while others have proposed non-deterministic approaches for crop selection 

optimization. The main motivation of the study [9] has focused on maximizing the net profit of a farm area in 

Zimbabwe using the LP model with constrained to the land, labour, fertilizer, and cost of other operations, 

basically associated with four types of crops: maize, cabbages, potatoes, and tomatoes. The model was solved 

using Microsoft excel solver 2017 and based on the results it was argued that the LP model can increase the 

profit margin by 76%. The comparison between the traditional method followed by the farmers based on their 

experience and the proposed method under the study [9] revealed that following the traditional method leads to 

suboptimal allocation of available results even though it provides some profit and is unable to meet the optimal 

profit margin. Therefore, it emphasized the need for a more systematic approach to crop planning in order to 

obtain the optimum result. Similarly, the study [10] has proposed the LP model to maximize production through 

optimum land allocation for fourteen major crops, and the study was carried out with respect to various factors 

such as land utilization, labour, seeds, fertilization, and yields for the crops for one year period. The main 

motivation of the study focused to enhance production to maximize profit. The results were obtained by LINDO 

software and according to the results, LP model was proposed as a suitable model for finding the optimal land 

allocation for crop planning. Furthermore, with the consideration of the economic value of farming, the 

objective of the study [8] also addressed the problem of identifying the optimum cropping patterns that can 
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highly affect sustainable production.  It was argued that the LP model is more productive than the traditional 

method used by the farmers to determine the optimum crop combination to maximize the profit of farmland 

while satisfying family consumption. The comparison of the results performed in the study emphasized that 

traditional methods do not guarantee the optimal solution.  Even though a great deal of research has been 

conducted on optimizing farmland, very few studies have addressed the importance of optimizing home 

gardens. By considering this problem up to some extent, Ward and Symons in the study [11] explored a two-

stage LP model to optimize urban agriculture in dry climates by considering the cost of water requirements. But, 

the main objective of the study also directed toward maximizing the net value of the garden by considering 

dietary food groups, available land area, and total water cost. The study [11] fortified that LP model is a suitable 

method to solve complex problems despite the simplicity and flexibility of the model construction. 

Nevertheless, while many studies have suggested the LP model for crop selection, some of the studies have paid 

attention to MHAs. Meta-heuristic algorithms are capable of solving multi-objective optimal crop mix planning 

problems and MHAs are an effective tool in profit and production maximization [12]. The comparative analysis 

between generalized differential evolution 3 (GDE3), the Non-dominated Sorting Genetic algorithm (NSGA-II), 

and the ε-constrained algorithm has revealed that GDE3 is performed comparatively well in optimum crop mix 

selection for profit maximization despite the simplicity of the mechanism. The performance of the GDE3 was 

analyzed by the study [12] based on the statistical performance metrics of additive epsilon indicator, 

generational distance, inverted generational distance, and spacing. According to the studies [13], [14], Adeyemo 

and Otieno have suggested and argued that the Differential Evolution algorithm is a more effective and efficient 

method for optimum crop planning. The study [13], discussed that both DE and LP models provide the same 

result and the convergence speed of DE is effective and efficient. In addition, the study [13] explored that the 

parameter combination can affect the performance of DE and the best performance was provided when the 

population size is 160, the crossover constant is 0.95 and the weighting factor is 0.5. In the presence of complex 

cropping patterns, a multi-objective differential evolution algorithm (MDEA) is suggested as a successful 

application of crop planning [14]. Furthermore, it was observed that the best results were obtained using a 

population size is 40, a crossover factor equal to 0.95, and a weighting factor is 0.5 [14]. Consequently, it was 

revealed that the parameter combination is problem specific and sensitivity analysis should be carried out to 

identify the best parameter combination in each study. While the study [13] focused on obtaining the maximum 

income, the study [14] paid attention to three main objectives: maximization of total net profit, maximization of 

total planting area, and minimization of irrigation water requirement. However, both studies stipulate the 

economic value of agricultural land. Critique of the prior studies has revealed that all the crop planning and 

home gardening optimization studies have been focused on optimizing the economic value of the agricultural 

lands and none of these studies have addressed the socio-ecological aspect of home gardening and have not paid 

attention to enhancing social and environmental benefits through maximizing the species richness within the 

available garden area. However, according to the literature, it is discovered that profit is not the main motivation 

of most Sri Lankan gardeners [6,15]. Therefore, the interference of similar studies on crop selection is not 

suitable under the concept of the Sri Lankan home gardening context. When considering the significant 

characteristics of home gardens, it is clear that home gardens require a high amount of species density, and high 

plant diversity such as staples, vegetables, fruits, and medicinal plants, and also the main objective is home 

consumption [1,16]. Moreover, rather than generating profit, gardeners pay attention to improving health, 
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enhancing food and nutritional security, social equity and gender balancing, preserving indigenous knowledge 

and building integrated societies, recycling water and waste nutrients, controlling shade, dust, and erosion, 

maintaining or increasing local biodiversity, enhance pollination and provide habitats for wildlife [1,16]. 

Consequently, the main motivation of this study is to accumulate the non-economic value of home gardens into 

consideration and provide new insight to optimize home gardens based on species richness within the available 

garden area using a mathematical and computational approach. Understandably, a home garden is a complex 

land use system mainly controlled by the gardener’s perspective. The expected outcome of the garden can vary 

based on the gardener’s desire. Therefore, instead of the economic value of the garden, this research anticipates 

the social and environmental benefits (food, medicine, ornamental, etc.) of home gardens and paid more 

attention to the gardener’s preference for plant species. Considering the factors of available garden area, the 

benefits of each plant variety, and the gardener’s desire for plant selection, this study suggests two different 

mathematical models under two scenarios: GA for the first scenario and ILP for the second scenario. The 

objective of the first scenario is to maximize the number of plant varieties within an available land area based on 

the gardener’s minimum requirement of plants in each variety. The second scenario is to maximize the 

plantation area while allocating the optimum number of plants in each variety. As a powerful meta-heuristic, 

GA is well known for its capability in handling complex optimization problems and contributes to many studies 

in different fields. It has been observed that GA has been used in several agricultural research but not 

specifically in research associated with gardening. Since scenario 1 deals with a large number of plant varieties 

and the plant selection process, GA is considered in this research because of its easy representation and efficient 

calculations. Initially, GA is used as an experimental approach and it worked well for this application. 

Therefore, GA is accepted in solving this problem due to its simplicity and efficient calculation even though it 

deals with a large number of plant varieties. Furthermore, this will be an opening for the comparative analysis of 

MHAs in home gardening optimization based on the socio-ecological benefits of home gardens which is hard to 

address using the mathematical application. ILP model is a deterministic approach that can be highly used in 

crop selection and it has been revealed by the prior studies that the ILP model provides effective and efficient 

results in optimization [17,18] but has not been considered for home gardens optimization under socio-

ecological aspects. Due to the simplicity and effectiveness of both well-known approaches, this research 

proposes a combination of two models under two different scenarios for a new perspective on home gardening 

optimization.   

2. Materials and Methods 

This section is followed by a detailed explanation of how the research was operationalized based on 

accumulated materials, collected data, and proposed methods. Both primary and secondary data relating to 154 

plant varieties [19]–[22] have been collected to implement the model. GA and ILP models have been proposed 

under two different scenarios, based on the space requirement of the initial plant selection. Two possibilities 

have been taken into consideration when a gardener performs the initial plant selection. 

I. The space requirement for the initially selected plant varieties exceeds the available plantation area.    

II. The space requirement for the initially selected plant varieties does not cover the available plantation 

area.  
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Based on the scenarios, the flow of the study has been organized as indicated in Figure 1. 

 

Figure 1: diagram of the research process. 

2.1. Calculate the circulation area of the garden 

Available plantation area is one of the key inputs of both models. Consequently, in this study, the plantation area 

was estimated by assuming gardeners may use 1 m × 2 m size raised gardening beds and allow a 1-ft distance 

(approximately 30 cm) between two gardening beds. The total plantation area was calculated using equations (1) 

and (2) provided by [23]. 

𝑁. 𝑆. 𝐹. +𝐶. 𝐴 = 𝑈. 𝑆. 𝐹.        (1) 

𝐶. 𝐴. = 𝐶. 𝐹.× 𝑈. 𝑆. 𝐹                     (2) 

In this study 𝑁. 𝑆. 𝐹.  (Net Square Feet), 𝐶. 𝐴.  (Circulation Area), and 𝑈. 𝑆. 𝐹.  (Usable Square Feet) were 

calculated in 𝑚2 and redefined based on this study. Where, 

𝑁. 𝑆. 𝐹.: Plantation area (Area required for planting beds) 

𝐶. 𝐴.: Circulation area around the garden 

𝑈. 𝑆. 𝐹.: Usable area/ Garden area (Area required only for gardening purposes without buildings, pools, etc.) 

𝐶. 𝐹. (Circulation Factor) gives the factor of circulation which was used to determine the circulation area out of 

the total usable area [23]. 
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Calculate 𝐶. 𝐹. by considering the dimension of one planting bed,  

𝑁. 𝑆. 𝐹. = 1 𝑚 × 2 𝑚 = 2 𝑚2 

𝐶. 𝐴. = 2 × (2.3 𝑚 × 0.15 𝑚) + 2 × (1 𝑚 × 0.15 𝑚) = 0.99 𝑚2 

𝑈. 𝑆. 𝐹. = 2.99 𝑚2; By equation (1) 

𝐶. 𝐹. = 0.33; By equation (2) 

The selected area for the implementation consists of 112 𝑚2 of the garden area and the plantation area was 

determined as 75 𝑚2 using equations (1) and (2) based on the total garden area and the received 𝐶. 𝐹. value 

(0.33). 

2.2. Perform plant ranking 

A home garden is a complex system that requires more attention to selecting the most suitable plants for the 

available plantation area. The plant ranking procedure is essential to narrow down the selection of plant varieties 

for a home garden due to the high availability of plant species. Even though most of the ranking methods have 

been proposed for the plant ranking process, few of these methods can apply to home garden plants [24]. 

Therefore, a new ranking procedure was proposed in this study to select the best plant varieties for a home 

garden and used in the initial population selection phase in GA. 

𝑖: 𝑃𝑙𝑎𝑛𝑡 𝑐𝑜𝑑𝑒 (𝑖 = 1,2,3, ⋯ ,154),   

𝑗: 𝑇𝑦𝑝𝑒 𝑜𝑓 𝑛𝑒𝑒𝑑 (𝑗 = 1,2,3,4,5,6,7), where 

𝑗 = 1: 𝑁𝑒𝑒𝑑 𝑓𝑜𝑟 𝑣𝑒𝑔𝑒𝑡𝑎𝑏𝑙𝑒, 𝑓𝑜𝑜𝑑 𝑖𝑛𝑔𝑟𝑒𝑑𝑖𝑒𝑛𝑡, 𝑜𝑟 𝑠𝑝𝑖𝑐𝑒 

𝑗 = 2: 𝑁𝑒𝑒𝑑 𝑓𝑜𝑟 𝑓𝑟𝑢𝑖𝑡 

𝑗 = 3: 𝑁𝑒𝑒𝑑 𝑓𝑜𝑟 𝑚𝑒𝑑𝑖𝑐𝑖𝑛𝑒 

𝑗 = 4: 𝑁𝑒𝑒𝑑 𝑓𝑜𝑟 𝑓𝑙𝑜𝑤𝑒𝑟 𝑜𝑟 𝑜𝑟𝑛𝑎𝑚𝑒𝑛𝑡𝑎𝑙 𝑝𝑙𝑎𝑛𝑡 

𝑗 = 5: 𝑁𝑒𝑒𝑑 𝑓𝑜𝑟 𝑓𝑖𝑟𝑒𝑤𝑜𝑜𝑑 

𝑗 = 6: 𝑁𝑒𝑒𝑑 𝑓𝑜𝑟 𝑠ℎ𝑎𝑑𝑒 

𝑗 = 7: 𝑁𝑒𝑒𝑑 𝑓𝑜𝑟 𝑡𝑖𝑚𝑏𝑒𝑟 

𝑘: 𝑈𝑠𝑎𝑏𝑙𝑒 𝑝𝑎𝑟𝑡 𝑜𝑓 𝑡ℎ𝑒 𝑝𝑙𝑎𝑛𝑡 (𝑘 = 1,2,3,4,5), where 

𝑘 = 1: 𝐿𝑒𝑎𝑣𝑒𝑠 

𝑘 = 2: 𝑆𝑡𝑒𝑚, 𝑏𝑎𝑟𝑘, 𝑠𝑡𝑎𝑙𝑘 

𝑘 = 3: 𝐹𝑟𝑢𝑖𝑡 𝑜𝑟 𝑠𝑒𝑒𝑑 

𝑘 = 4: 𝐹𝑙𝑜𝑤𝑒𝑟𝑠, 𝑓𝑙𝑜𝑤𝑒𝑟 𝑏𝑢𝑑, 𝑜𝑟 𝑓𝑙𝑜𝑤𝑒𝑟 𝑠𝑡𝑒𝑚 

𝑘 = 5: 𝑅𝑜𝑜𝑡𝑠, 𝑡𝑢𝑏𝑒𝑟𝑠, 𝑏𝑢𝑙𝑏𝑠, 𝑟ℎ𝑖𝑧𝑜𝑚𝑒 



International Journal of Applied Sciences: Current and Future Research Trends (IJASCFRT) (2022) Volume 15, No  1, pp 101-119 

107 

𝑣𝑖,𝑗:  𝑤𝑒𝑖𝑔ℎ𝑡 𝑜𝑓 𝑡ℎ𝑒 𝑛𝑒𝑒𝑑𝑠 𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑑 𝑏𝑦 𝑝𝑙𝑎𝑛𝑡 𝑖  

𝑢𝑖,𝑘:  𝑤𝑒𝑖𝑔ℎ𝑡 𝑜𝑓 𝑡ℎ𝑒 𝑢𝑠𝑎𝑏𝑙𝑒 𝑝𝑎𝑟𝑡𝑠 𝑜𝑓 𝑝𝑙𝑎𝑛𝑡 𝑖 

𝑥𝑖  =  ∑ 𝑣𝑖,𝑗
7
𝑗=1 , 𝑤ℎ𝑒𝑟𝑒 𝑥𝑖  𝑖𝑠 𝑡ℎ𝑒 𝑡𝑜𝑡𝑎𝑙 𝑤𝑒𝑖𝑔ℎ𝑡 𝑜𝑓 𝑠𝑎𝑡𝑖𝑠𝑓𝑦𝑖𝑛𝑔 𝑡ℎ𝑒 𝑛𝑒𝑒𝑑𝑠 𝑜𝑓 𝑝𝑙𝑎𝑛𝑡 𝑖          

𝑦𝑖 = ∑ 𝑢𝑖,𝑘
5
𝑘=1 , 𝑤ℎ𝑒𝑟𝑒 𝑦𝑖  𝑖𝑠 𝑡ℎ𝑒 𝑡𝑜𝑡𝑎𝑙 𝑤𝑒𝑖𝑔ℎ𝑡 𝑜𝑓 𝑢𝑠𝑎𝑏𝑙𝑒 𝑝𝑎𝑟𝑡𝑠 𝑜𝑓 𝑡ℎ𝑒 𝑝𝑙𝑎𝑛𝑡 𝑖             

If the selected plant variety is not a creeper-type (herb, bush, tree, etc.), the area needed for that variety was 

obtained by, 

𝑧𝑖 = 𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑙𝑎𝑛𝑡𝑠 𝑛𝑒𝑒𝑑 𝑖𝑛 𝑣𝑎𝑟𝑖𝑒𝑡𝑦 𝑖 ×  𝑠𝑝𝑎𝑐𝑒 𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑚𝑒𝑛𝑡 𝑓𝑜𝑟 𝑜𝑛𝑒 𝑝𝑙𝑎𝑛𝑡 𝑖𝑛 𝑎 𝑣𝑎𝑟𝑖𝑒𝑡𝑦               

If the selected plant type is a creeper (pennywort, etc.), then it was determined as, 

𝑧𝑖 = 𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑎𝑟𝑒𝑎 𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑 𝑓𝑜𝑟 𝑡ℎ𝑒 𝑝𝑙𝑎𝑛𝑡 𝑣𝑎𝑟𝑖𝑒𝑡𝑦 𝑖  

The minimum number of plants of each plant variety/ minimum area of creeper-type plants was hypothetically 

decided and it depends on the gardener’s requirements. Nevertheless, 𝑧𝑖 was defined as the minimum total area 

needed for plant variety 𝑖. Assuming the gardener does not have any specific requirements for the home garden 

whether it is used for food, medicine, or any other purpose, equal weights were allocated for satisfying the 

required needs of the plants. If the gardener needs to obtain specific benefits from the garden, it is suggested to 

provide higher weight for those types of plants. 

Therefore, 

𝑣𝑖,𝑗 = {
1,      𝑖𝑓 𝑛𝑒𝑒𝑑 𝑗 𝑖𝑠 𝑠𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑑
0,      𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒        

            

𝑢𝑖,𝑘 = {
1,      𝑖𝑓 𝑡ℎ𝑎𝑡 𝑝𝑎𝑟𝑡 𝑜𝑓 𝑡ℎ𝑒 𝑝𝑙𝑎𝑛𝑡 𝑖𝑠 𝑢𝑠𝑒𝑓𝑢𝑙
0,     𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                 

             

𝒇(𝒙𝒊, 𝒚𝒊, 𝒛𝒊) = (𝒙𝒊 + 𝒚𝒊) 𝒛𝒊⁄          (3) 

Where 𝒙𝒊 + 𝒚𝒊 provides the accumulated value by plant variety 𝒊 and 𝒇(𝒙𝒊, 𝒚𝒊, 𝒛𝒊) provides the value obtained by 

the plant within the unit area. The highest value for 𝒇(𝒙𝒊, 𝒚𝒊, 𝒛𝒊) indicates the most suitable plant variety for the 

garden and receives the highest value in ranking.  

2.3. The process under scenario I 

Scenario 1: If the initial plant selection required more space than the available plantation area, then the objective 

of this study is to maximize the plant varieties that can be included in the garden to obtain high diversity. GA 

was proposed to achieve this objective. 
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2.3.1. Initial Plant selection for scenario 1 

For the first case study for scenario 1, the initial plant selection was carried out based on the agro-ecological 

zone (low-country wet zone) where the selected study area is located and 80 plant varieties (from 154 plant 

varieties) in that agro-ecological zone were selected as the initial selection, which is presented in Table 1. 

Table 1: Initial plant selection for case 1. 

Plant 

code 

Plant name Minimum 

Number 

of plants/ 

space 

( 𝒎𝟐) 

Plant 

code 

Plant name Minimum 

number 

of plants/ 

space 

( 𝒎𝟐) 

5 Balloon-vine 1 84 Eggplant 3 

8 Spinach 3 85 Banana 2 

10 Butterfly pea 1 86 Cassava 2 

12 Lima bean 3 87 Brinjal 3 

16 Country Potato 2 90 Anthurium 20 

19 Cassia tora 5 91 Cosmos 10 

21 Ginger 2 94 Hibiscus 1 

25 Turmeric 2 95 Coco-yam 2 

26 Orchid (pigeon) 1 96 Barberton-daisy 10 

27 Sweet potato 1 97 Leichhardt 1 

28 Lantana 1 98 Lilly-pilly 1 

33 Taro 1 100 Aerial yam 3 

34 Ladies fingers 5 102 Golden shower 1 

37 Coriander 5 103 Hog plum 1 

40 Winged beans 1 106 Namnam/ Cynometra cauliflora 1 

41 Sri Lankan Mulberry 1 108 Bilimbi/ Averrhoa bilimbi  1 

46 Balsam 10 109 Fig 1 

47 Night flowering jasmine 1 110 Soursop 1 

50 Bitter gourd 3 115 Black pepper 2 

52 Arrowroot 5 118 Sugar apple 1 

55 Crape jasmine 1 119 Guava 1 

56 Queen Sago 1 120 Lime 1 

57 Indian pennywort 1*1 121 Sorrowless tree/Ashoka 1 

58 Indian sarsaparilla 2 125 Rose-apple 1 

59 Grater yam 1 127 Star fruit 1 

60 Sessile joyweed 1*1 128 Batoko plum/ lovi-lovi 1 

61 Horse purslane 1*1 129 Bullock’s heart/ Wild sweetsop 1 

64 Canereed/ Costus speciosus 1 130 Malay rose-apple 1 

65 Ixora 1 131 Mango 1 

66 Cinnamon 1 133 Coconut 1 

67 zinnias 10 134 Governor’s plum/ Coffee plum 1 

69 Bottle gourd 1 136 Jackfruit 1 

71 Cucumber 1 139 Canistel 1 

72 Snake gourd 1 143 Lanson 1 

73 Air yam 1 144 Indian gooseberry 1 

76 Lasia 1*1.5 146 Avacado 1 

77 Marigold 6 148 Rambutan 1 

78 Pineapple 3 149 Breadfruit 1 

81 Hummingbird tree  1 150 Mangosteen 1 

82 Marvel of Peru 2 151 Garcinia cambogia 1 
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2.3.1. Application of GA 

Plant code, space requirement, the minimum number of plants in each variety, plant value, and the estimated 

available plantation area are provided as the input variables of the algorithm and each trial consists of 50 runs. 

The main steps followed by the algorithm are presented below. 

Procedure: 

Step [1]. [Start]  Generate the initial population of n chromosomes (plant mix) based on the ranking. 

1.1.  Include each variety in the plant mix at each locus with a selection probability which is obtained by 

ranking. 

1.2.   𝑆𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 = 𝑅𝑎𝑛𝑘 𝑜𝑓 𝑣𝑎𝑟𝑖𝑒𝑡𝑦 𝑆𝑢𝑚 𝑜𝑓 𝑟𝑎𝑛𝑘𝑠⁄  

1.3.  If a randomly generated number for each locus is lesser than or equal to the selection probability, then 

include that variety into the plant mix of the initial population. 

1.4.  Chromosomes are represented using binary representation. 

1.5.  Population size (n) is proportional to the size of the chromosome. Hence n was given as  𝑘 ×

𝑐ℎ𝑟𝑜𝑚𝑜𝑠𝑜𝑚𝑒 size. 

Step [2]. [Fitness] Evaluate the fitness of each plant mix in the population. 

2.1.  𝑓(𝛼𝑖): Number of plant varieties (Number of species) included in the plant mix 𝑖. 

2.2.  𝑓𝑖𝑡𝑛𝑒𝑠𝑠 = 𝑤𝑖 ∙ 𝑓(𝛼𝑖) , where 

2.3.  𝑤𝑖 = 1, if 𝑠𝑝𝑎𝑐𝑒 𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑚𝑒𝑛𝑡 𝑓𝑜𝑟 𝑝𝑙𝑎𝑛𝑡 𝑚𝑖𝑥 𝑖 ≤ 𝑃𝑙𝑎𝑛𝑡𝑎𝑡𝑖𝑜𝑛 𝑎𝑟𝑒𝑎 

2.4.  𝑤𝑖 = 0.1, if  𝑠𝑝𝑎𝑐𝑒 𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑚𝑒𝑛𝑡 𝑓𝑜𝑟 𝑝𝑙𝑎𝑛𝑡 𝑚𝑖𝑥 𝑖 > 𝑃𝑙𝑎𝑛𝑡𝑎𝑡𝑖𝑜𝑛 𝑎𝑟𝑒𝑎 

Step [3]. [New Population] Create a new population by repeating the following steps m times until the new 

population is complete; where m is the number of iterations. 

3.1.  [Selection]: Parent selection using the rank selection method. 

3.1.1.  Select two chromosomes from the population according to their fitness. 

3.2.  [Cross over]: Cross over the parents (parent plant mix) to form a new offspring (new plant mix) with a 

crossover probability. If no crossover was performed, the offspring is an exact copy of the parents. 

3.2.1.  Use single-point crossover with some probability. 

3.2.2.  Use a random single crossover point. 

3.3.  [Mutation]: Mutate new offspring using the “flipping bits” operator at each locus with a mutation 

probability. 

3.4.  [Accepting]: Place new offspring in a new population and after completing the off-spring population 

apply elitism by replacing the least fitted plant mix of the off-spring population with the most fitted 

plant mix in the parent population. 

Step [4]. [Replace] Use the newly generated population for a further run.  
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Step [5]. [Test] If the end condition is satisfied (Number of iterations), stop and return the best solution in the 

current population. 

Step [6]. [Loop] Otherwise go to step 2. 

In this scenario, the number of plant varieties for the best fit runa has been obtained as the optimum plant mix. 

Parameters can highly affect the final solution of GA. Therefore, the parameters were selected by trial and error 

method in this study. The number of iterations/generations was decided based on the anytime curve, which 

provides insight into the optimal solution along with the computational time/number of generations. Crossover 

and mutation probabilities for GA were determined through sensitivity analysis by performing 100 runs of the 

algorithm for different parameter combinations which were selected through the prior studies [25] and obtained 

the best value provided by each parameter combination through trial and error. Population size was maintained 

as a constant (𝑘 × 𝑐ℎ𝑟𝑜𝑚𝑜𝑠𝑜𝑚𝑒 𝑠𝑖𝑧𝑒) within each hypothetical example and 𝑘 was decided by trial and error 

method. The fitness function of the algorithm was determined based on the diversity indices for assessing plant 

diversity [26]–[28] and if the constraint is violated, then the fitness is provided as 0.1 ∙ 𝑓(𝛼𝑖), to reduce the 

selection of poor solutions. 

2.4. The process under scenario 2 

Scenario 2: If the initial plant selection does not cover the available plantation area, then the objective of this 

study was focused to maximize the planting area by maximizing the number of plants in each initially selected 

plant variety.  

2.4.1. Initial plant selection for scenario 2 

The second case study was performed based on both the agroecological region of the selected garden area (low-

country wet zone) and the ranking procedure. Hence, the top 20 plants of the ranking belonging to the low-

country wet zone were selected as the initial selection which is presented in Table 2.  

Table 2: Initial plant selection for scenario 2. 

Plant code Plant name Plant code Plant name 

5 Ballon vine 28 Lantana 

8 Spinach 33 Taro 

10 Butterfly pea 34 Ladies fingers 

12 Lima bean 37 Coriander 

16 Country Potato 41 Sri Lankan Mulberry 

19 Cassia tora 40 Winged beans 

21 Ginger 47 Night flowering jasmine 

25 Turmeric 46 Balsam 

26 Orchid (pigeon) 50 Bitter gourd 

27 Sweet potato 52 Arrowroot 

2.4.2. Application of ILP Model 

                                                           
a The best fit run is obtained by selecting the run which provides the maximum fitness for a trial. 
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If the decision criteria of the second scenario (required space for initial plant selection < available plantation 

space), have been satisfied, then the problem is solved using model 2. To fulfill this objective, the ILP model 

has been proposed and implemented by an Excel solver under the Branch and Bound method. 

Procedure: 

Inputs: 

1. Space requirement for one plant in each selected plant variety (𝒔𝟏, 𝒔𝟐, ⋯ , 𝒔𝒏). 

2. Available plantation Area. 

3. The minimum number of plants required from each selected variety. 

Variables: Number of plants needed from each selected plant variety to maximize the planting 

area  (𝒂𝟏, 𝒂𝟐, ⋯ , 𝒂𝒏). 

Objective: Maximize the planting area. 

 

𝑴𝒂𝒙 = 𝒂𝟏 ∙ 𝐬𝟏 + 𝒂𝟐 ∙ 𝐬𝟐 + ⋯ + 𝒂𝒏 ∙ 𝐬𝒏, where 𝟏 ≤ 𝒏 ≤ 𝟐𝟎                                      

Constraints:  

1. 𝒂𝟏, 𝒂𝟐, … , 𝒂𝒏 ≥ 𝑴𝒊𝒏𝒊𝒎𝒖𝒎 𝒏𝒖𝒎𝒃𝒆𝒓 𝒐𝒇 𝒑𝒍𝒂𝒏𝒕𝒔 𝒓𝒆𝒒𝒖𝒊𝒓𝒆𝒅 𝒃𝒂𝒔𝒆𝒅 𝒐𝒏 𝒕𝒉𝒆 𝒈𝒂𝒓𝒅𝒆𝒏𝒆𝒓′𝒔 𝒓𝒆𝒒𝒖𝒆𝒔𝒕     

2. 𝒂𝟏, 𝒂𝟐, … , 𝒂𝒏 ≤ 𝑴𝒂𝒙𝒊𝒎𝒖𝒎 𝒏𝒖𝒎𝒃𝒆𝒓 𝒐𝒇 𝒑𝒍𝒂𝒏𝒕𝒔 𝒓𝒆𝒒𝒖𝒊𝒓𝒆𝒅 𝒃𝒂𝒔𝒆𝒅 𝒐𝒏 𝒕𝒉𝒆 𝒈𝒂𝒓𝒅𝒆𝒏𝒆𝒓′𝒔 𝒓𝒆𝒒𝒖𝒆𝒔𝒕  

3. 𝒂𝟏 ∙ 𝒔𝟏 + 𝒂𝟐 ∙ 𝒔𝟐 + ⋯ + 𝒂𝒏 ∙ 𝒔𝒏 ≤ 𝑨𝒗𝒂𝒊𝒍𝒂𝒃𝒍𝒆 𝒑𝒍𝒂𝒏𝒕𝒂𝒕𝒊𝒐𝒏 𝒂𝒓𝒆𝒂                    

4. 𝒂𝟏, 𝒂𝟐, … , 𝒂𝒏  ∈  ℤ+  

3. Results and Discussion 

3.1. Results for scenario 1-GA 

The hypothetical example performed under scenario 1 contains 80 plant varieties that have been selected within 

the low country wet zone. To satisfy the minimum plant requirement of each variety indicated in Table 1, the 

garden should have at least 1338.9 𝒎𝟐 plantation area. Nevertheless, the area selected for this study consists of 

only 75  𝒎𝟐  for the plantation purpose which is not adequate for the all initially selected plant varieties. 

Therefore, the best plant combination which has the highest plant richness (highest number of plant species) was 

determined by implementing GA. According to the results obtained throughout all 50 runs which include 100 

iterations, 53 plant varieties have been obtained as the optimum plant mix that can be planted within the 

available plantation area. This optimum plant mix required 74.99 𝒎𝟐 of space for plantation purposes and the 

result is highly compatible with the available plantation area (75  𝒎𝟐 ). The final MATLAB output of the 

optimum plant mix has been presented in Table 3. 
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Table 3: Optimum plant mix for case 1. 

No. 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 

Plant code 5 8 10 12 16 19 21 25 26 27 28 33 34 37 40 41 46 47 

No. 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 

Plant code 50 52 55 56 57 58 59 60 61 64 65 66 67 69 71 72 73 76 

No. 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 53 
 

Plant code 77 78 81 82 84 85 86 87 90 91 94 95 96 98 100 102 106 
 

Furthermore, the best fitness value of each iteration of the best fit run was obtained to check the behavior of the 

convergence. Over some time/ number of iterations, a smooth converging curve that has reached a maximum 

fitness value of 53 can be observed. Figure 2 provides a better understanding of the convergence behavior of the 

model. 

 

Figure 1: Best fitness with iterations for the best fit run. 

3.1.1.  Sensitivity Analysis 

To have the optimum results of the algorithm, the best parameter combination was selected by trial and error 

method using different combinations of parameter values. Based on the received results, the population size, 

crossover probability, and mutation probability were determined as 160, 0.95, and 0.05, respectively. The 

selected parameter values have been used to obtain the final output.According to the sensitivity analysis, it is 

clear that the mutation probability has a higher impact on the optimal solution than the crossover probability in 

this scenario.The behavior of the optimal solution for the different combinations of mutation and crossover 

probabilities is presented in Table 4. 

The presented results in Table 4 are further elaborated in Figure 3. Figure 3(A) presents the behaviour of the 

maximum fitness of the best fit run for the different combinations of mutation and crossover probabilities while 

Figure 3(B) presents the minimum fitness and Figure 3(C) presents the average fitness values for the best fit run 

in each parameter combination. According to Figure 3(A), 0.01, 0.02, and 0.05 mutation probabilities provide 

maximum fitness value. Nevertheless, the concave behaviour of the graphs that are presented in both Figure 

3(B) and Figure 3(C) indicates that the best fitness value is provided by the 0.05 mutation probability. 

Furthermore, the imbricate lines of the fitness presented in each figure: 3(A), 3(B), and 3(C), stipulate that 

crossover probability does not highly affect the fitness value in this case.  
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Table 4: The impact of mutation and crossover probabilities on the optimal solution. 

Crossover 0.6 0.8 0.9 0.95 

M
u

ta
ti

o
n

 P
ro

b
ab

il
it

y
 

0.001 

Min 10 9 10 10 

Avg 23.13 23.41 22.11 24.27 

Max 37 42 42 41 

0.002 

Min 9 7 10 9 

Avg 25.34 24.96 26.13 26.35 

Max 45 48 40 44 

0.005 

Min 21 16 23 22 

Avg 39.37 38.98 39.53 39.07 

Max 53 51 51 52 

0.01 

Min 36 41 37 40 

Avg 48.65 47.85 48.22 47.32 

Max 53 53 53 53 

0.02 

Min 47 47 48 46 

Avg 51.37 51.18 51.59 51.44 

Max 53 53 53 53 

0.05 

Min 51 51 51 51 

Avg 52.7 52.71 52.66 52.75 

Max 53 53 53 53 

0.1 

Min 48 47 47 47 

Avg 49.96 49.7 49.8 49.74 

Max 53 53 52 53 

0.5 

Min 5.5 5.5 5.5 5.5 

Avg 6.528 6.255 5.97 5.944 

Max 32 32 23 21 

 

 

0

20

40

60

M
ax

im
u
m

 F
it

n
es

s

Mutation Probability

(A)

0.6 Crossover

0.8 Crossover

0.9 Crossover

0.95 Crossover

0

20

40

60

M
in

im
u
m

 F
it

n
es

s

Mutation Probability

(B)

0.6 Crossover

0.8 Crossover

0.9 Crossover

0.95 Crossover



International Journal of Applied Sciences: Current and Future Research Trends (IJASCFRT) (2022) Volume 15, No  1, pp 101-119 

114 

 

Figure 3: Mutation probability vs. Fitness of best run for A = Maximum fitnessb, B= Minimum fitnessc, and C= 

Average fitnessd 

The number of iterations/generations is another key indicator that can affect the optimal solution of the 

algorithm. If the algorithm has a less number of generations, it will cause a suboptimal solution and otherwise, it 

will increase the computational time. Anytime curve is one way of determining the optimal number of iterations 

based on time and fitness as presented in Figure 4. Termination conditions of the algorithm can be determined 

through this curve. Therefore, this study performed the algorithm initially with 100 iterations, based on case 1 

under scenario 1 (including 80 plant varieties) and using 154 plant varieties as the second case under scenario 1. 

.  

 

                                                           
b Maximum fitness is selected from the 100 iterations that belong to the best-fit run 
c Minimum fitness is selected from the 100 iterations that belong to the best-fit run 
d Average fitness is selected from the 100 iterations that belong to the best-fit run 
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Figure 4: The behavior of the anytime curve for A = case I under scenario 1 and B = case II under scenario 1 

Figure 4(A) shows the steady convergence behavior after approximately 50 iterations. However, Figure 4(B) 

shows the improvements until it reaches around 100 iterations. Therefore, the number of iterations of this 

algorithm cannot be determined in general and it is case-based. Moreover, population size is another key factor to 

be considered because the higher population sizes for smaller chromosome lengths may increase the 

computational time and conversely, a lesser number of population sizes for higher chromosome lengths can cause 

premature convergence. Consequently, optimal population size needs to be determined. Hence, this algorithm was 

performed by considering the population size as proportional to the chromosome length. The population size was 

determined based on computational time and fitness value. The best fitness was received when the proportional 

constant (𝑘) equals 2. Therefore, the hypothetical example performed under scenario 1, which includes 80 plant 

varieties as the initial selection contains 160 chromosomes as the population size. Besides the parameter 

selection, this study has focused on applying the concept of elitism. According to the comparison between with 

and without elitism in the algorithm, it was revealed that the anytime curve when applying elitism received a 

more smooth curve than without the presence of elitism. The smoothness of the curve indicates the fluctuations of 

the solution. If the curve presents a very smooth behavior, it implies that the solution does not differ frequently. 

Therefore, it was identified that applying the elitism concept can impact the results. Figure 5 presents the 

behavior of the anytime curve for these two incidents and it clearly presents the result does not fluctuate 

frequently with the presence of elitism in the algorithm.  
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Figure 5: Fitness value on each iteration for A=without elitism and B= with elitism 

3.2. Results for Scenario 2-ILP  

The top 20 plants belonging to low country wet zone have been applied to implement the ILP model under 

scenario 2. The space requirement for the minimum number of plants in all selected varieties covers only 

6.46 𝑚2 of the available plantation area (75 𝑚2). Therefore, Table 5 provides the output of the optimal plant 

mix which was received to maximize the total plantation area based on the minimum and maximum 

requirements of each selected variety. According to the results that have been obtained by the Excel solver 

output, it was observed that the optimal plant mix needs a 74.97𝑚2 plantation area. Understandably, this plant 

combination fully utilizes the available plantation area. Consequently, this is a very effective and efficient way 

of plant mix selection if there are complex situations like the high availability of plant combinations. 

Table 5: Optimum plant mix for scenario 2. 

Plant code 5 8 10 12 16 19 21 25 26 27 

Number of plants 2 5 1 3 2 10 20 50 5 5 

Plant code 28 33 34 37 41 40 47 46 50 52 

Number of plants 10 10 30 50 2 5 2 20 4 10 

 

 

          

3.2.1. Sensitivity analysis 

Moreover, the details of the slack and surplus values have been included in Table 6. Slack values indicate the 

unused number of plants within a given variety and surplus values present the number of plants exceeding the 

minimum requirement of that plant variety. 
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Table 6: Sensitivity analysis for ILP. 

Constraint Number 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

Slack or Surplus 1 2 0 0 0 5 18 48 4 4 9 9 25 45 1 

Constraint Number 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 

Slack or Surplus 4 1 10 1 5 0 45 1 17 3 0 30 0 0 0 

Constraint Number 31 32 33 34 35 36 37 38 39 40 41     

Slack or Surplus 0 0 0 0 0 0 0 0 0 0 0.0264     

4. Conclusion 

Plant selection is a highly significant step in the home gardening optimization procedure. Nevertheless, none of 

the prior studies have provided a significant contribution to home gardening optimization in a socio-ecological 

context. Consequently, the main objective of this study focused on optimizing the limited garden area to 

enhance species richness within the garden and utilize the available garden area based on the gardener’s 

requirements. GA and ILP models have performed well in this concept and highly satisfied the objectives while 

increasing the efficiency and effectiveness of plant mix selection. GA contributes to enhancing the diversity of 

the garden with the most suitable plants based on the gardeners’ perception while the ILP model optimizes the 

available plantation area. Furthermore, because of the randomness in GA, several combinations of plant mix can 

be obtained and it is useful for crop rotation in the garden. Therefore, this application is highly supportive for 

the garden planners to have a better plant mix for the garden while optimizing the land area. This study can be 

improved as applicable to any region in any country with minor modifications and can be further expanded as a 

multi-objective optimization problem with a modified fitness function based on several factors. Furthermore, 

this application can be further improved and implemented as a mobile app that allows gardeners to evaluate the 

value or diversity of their gardens and optimize it by themselves according to their perspective. However, this 

study concerns only the horizontal space utilization of the home garden and does not address the vertical space 

utilization in home gardens which is highly encouraged in urban areas. Furthermore, the space required for each 

plant variety can slightly vary according to several factors such as region, different plant forms of the same 

species, cultivars, and other natural factors that can affect the growth of a plant.  
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