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Abstract 

Collective intelligence (CI) emerges from local coordination, collaboration and competition 

among the individuals within a social group. CI mainly results in a global intelligent behavior.  

One of the fundamental interactional channels within a CI system is energy flow. Each agent 

within an artificial or physical ecosystem must absorb energy in order to survive, evolve, breed, 

and reshape its local environment. In addition because the energy resources are limited in the 

environment, each agent has to compete with other agents to reach the required level of energy. 

Understanding the internal energy flow can potentially provide a deep insight into internal 

activities and external emergent behaviors of a given complex system. 

This study proposes a stochastic scheme for modeling a multi-species prey-predator artificial 

ecosystem with two levels of food chain. This will enable us to investigate the influence of 

energy flow on the ecosystem’s lifetime. The proposed model consists of a stationary hosting 

environment with dynamic weather condition and fruit trees. The inhabitants of this ecosystem 

are herbivore and carnivore birds each consisting of species. In our model, the collective 

behavior emerges in terms of flocking with more added rules consist of breeding, competing, 

resting, hunting, escaping, seeking and foraging behaviors. Using multi-species scheme, we 

define the ecosystem as a combination of prey and predator species with inter-competition 

among species within same level of food chain and intra-competition among those belonging to 

different levels of food chain. Furthermore, in order to model the energy within the ecosystem, 

some energy variables as functions of behaviors are incorporated in to the model.   



 

Finally, a simulation and visualization structure for implementing the proposed model is 

developed in this study. The experimental results of 11,000 simulations analyzed by Cox 

univariate analysis and hazard function suggest that only five out of eight behaviors can 

statistically significant influence the ecosystem’s lifetime. Furthermore, the results of survival 

analysis show that out of all possible interactions among energy factors, only two of them, 

interaction between flocking and seeking energies, and interaction between flocking and hunting 

energies, have statistically significant impact on the system’s lifetime. In addition, software 

implementation of the proposed framework validates the stability of simulation and visualization 

architecture. At last regression results using Nelson-Aalen cumulative hazard function and Cox-

Snell variable and scaled Schoenfeld residuals test strongly validate our experimental results.  

To the best of our knowledge, there are three contributions in this research: 

First, the high level of complexity in the structure of the proposed model in comparison with 

the other systems which mostly contains only one species of prey, one species of predator and a 

kind of resource. While this study introduces two species of prey, capability of competition 

among species, dynamic weather condition with two element of wind and  rain and dynamic 

resources, various behavioral rules such as escaping, breeding, hunting, resting, etc. 

Energy flow analysis within an artificial ecosystem is the second contribution. To the best of 

author’s knowledge there is no similar comprehensive model in the previous literature that 

investigates the life span of a stochastic multi-species predator-prey artificial ecosystem based on 

energy flow using Survival Analysis method. 

Lastly, the simulation results show that the flocking and seeking energy and flocking and 

hunting energy interactions are the most significant interactions which match with the Thompson 
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et al. [ 65] observations in the real life. Their findings indicate that in the real life, birds use 

flocking behavior for better movement, more efficient food searching and social learning. 

Flocking motion also decrease predation risk as much as the flock size increases. 
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Chapter 1. Introduction 

1.1  Objectives 

Complex system refers to a system that includes a large number of interacting, self-organizing 

and inter-linked components with decentralized control scheme that follows certain rules [ 3]. 

From a mathematical point of view, complex system is defined as a system whose total energy 

exceeds the threshold to operate based on classical mechanics but does not reach the threshold to 

exhibit chaotic properties. The most fundamental property of a complex system is emergence 

which is the outcome of collective behavior of interacting components. However, this property 

cannot be identified independently in each component`s behavior due to dynamics and 

nonlinearity of the system. [ 45, 46] Biological complex systems refer to social groups of living 

organisms with collective behaviors whose emergent property results in collective intelligence 

(CI). 

According to Levy and Bonomo [ 38], CI is defined as “a form of universally distributed 

intelligence, constantly enhanced, coordinated in real-time, and resulting in the effective 

mobilization of skills. The basis and goal of collective intelligence is mutual recognition and 

enrichment of individuals rather than the cult of fetishized or hypostatized communities.” 

Another definition coined by center for CI in MIT expresses CI as a “Group of individuals doing 

things collectively that seems intelligent”. [ 57]  Essentially, CI emerges from local coordination 

and collaboration, or even competition among the individuals within a social group, and results 

in a global intelligent behavior. From a mathematical point of view, CI is a decentralized 

emergent property of a complex system with sufficient information sharing capabilities among 



 

its individuals that arises from some simple rules. Schut [ 58] mentioned adaptivity, emergence, 

global-local behavior, rules, interactions, redundancy, robustness, and randomness as 

characteristics and mechanisms that discriminate a CI system from others.  

CI is inspired by evolution of biological societies such as bacteria groups, fish schools, bird 

flocks, ant colonies, and some human artifacts, and has been utilized in a vast variety of real 

world applications such as telecommunication networks and robotic [ 53]. Generally, CI systems 

are categorized into natural systems and artificial computational systems [ 15]. Natural CI models 

are investigated in biology [ 34,  13] and physics [ 24,  8] to address the emergence of self-

organized collective behaviors in nature. An example of natural CI is flocking birds. According 

to Parrish et al., [ 50], flocking is not just an aggregated and choreographed motion, but the 

dynamics of its density and structure is essentially a defensive mechanism for confusing the 

predators and surviving the predation. On the other hand, artificial CI systems are bio-inspired 

computational models that are widely utilized in computational intelligence approaches such as 

particle swarm optimization (PSO), artificial bee colony (ABC), and ant colony optimization 

(ACO) artificial fish swarm algorithm (AFSA), and multi-agent systems such as self-organizing 

mobile multi-robot systems. In addition, CI is exploited in computer animation. Reynolds [ 54] 

introduced Boids (i.e. artificial bird imitating agents) to visualize the flocking behavior of birds 

using three simple rules including cohesion, alignment and separation.  

The importance of complex system in physics, information theory and biology necessitates 

developing proper tools for modeling them. For this purpose, bottom-up design patterns are more 

suitable than top-down and analytical-reductionist approaches [ 56]. According to Gilbert and 

Terna [ 21], traditional modeling tools are not suitable for heterogeneous complex system with 

nonlinear and discontinued interactions among its components. Agent-based simulation of CI 
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systems regards each individual within the ecosystem as an agent which in turn. Agent-based 

simulation of CI improves understanding of the dynamic interactions within aggregated 

phenomena occurring in the ecosystem [ 61]. Emergent property in agent-based model (ABM) 

can be originated in agent properties, environmental influence, inter-agent interactions and 

evolutionary processes in both agent and environment side. ABM can be classified into five 

categories. In first category, agents with stationary behavioral rules interact within a static 

environment, whereas in second category environment plays an active role and influences the 

agents. In third class, agents evolve through time within a static environment. In fourth category 

environment plays an active role in the evolution of agents. Ultimately, in fifth category, the 

agents and the environment evolve concurrently [ 33]. Rodriguez and Reggia [ 55] compared the 

performance of CI-based agents against independent agents in terms of their degree of adaptivity 

regarding the environmental changes and concluded that former group outperforms the 

independent agents. 

1.2  Methodology 

One of the fundamental interactional channels within a CI system is energy flow. We define 

energy flow as the process of generating, transforming and consuming energy which plays a 

critical role in the stability of the system at hand. Each agent within an artificial or physical 

ecosystem must absorb energy in order to survive, evolve, breed, and reshape its local 

environment. Furthermore, due to limited energy resources in the environment, each agent has to 

compete with other agents to gain the required energy. Optimizing the energy flow within the 

given system yields to more stability and enhances the life time of the ecosystem. Understanding 

internal energy flow provides a deep insight into internal activities and external emergent 

behaviors of a given complex system. [ 1] 



 

One of the fundamental interactional channels within a CI system is energy flow which 

individuals needs to survive, evolve, breed, and reshape its local environment. Due to limited 

energy resources, each agent has to compete with other agents to gain the required energy, 

Understanding internal this internal energy flow provides a deep insight into internal activities 

and external emergent behaviors of a given complex system and will make a platform for 

analysing any similar systems. 

This study develops a complex stochastic model to simulate a multi-species predator-prey 

ecosystem with proper degree of complexity that can provide sufficient information regarding 

energy flow. Software implementation for the proposed model validates stability of simulation 

and visualization architecture.  

Analyzing the experimental results using Survival Analysis indicates corresponding energy 

variables and interactions significantly influencing the ecosystem’s lifetime. 

1.3  Contributions  

To the best of our knowledge, there are three contributions in this research: 

First, the high level of complexity in the structure of proposed model in comparison with the 

other systems which mostly contains only one species of prey, one species of predator and a kind 

of resource. While this study introduces two species of prey, capability of competition among 

species, dynamic weather condition with two element of wind and  rain and dynamic resources, 

various behavioral rules such as escaping, breeding, hunting, resting, etc. 

Energy flow analysis within an artificial ecosystem is second contribution. To the best of 

author’s knowledge there is no similar comprehensive model in the previous literature that 
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investigates the life span of a stochastic multi-species predator-prey artificial ecosystem based on 

energy flow using Survival Analysis method. 

Third, our simulation results show the flocking and seeking energy and flocking and hunting 

energy interactions are the most significant interactions which matches the Thompson et al.  65] 

observations in the real life. Their findings indicates that in the real life birds use flocking 

behavior for better movement, more efficient food searching and social learning. Flocking 

motion also decrease predation risk as much as the flock size increases. 

1.4  Overview of the Thesis 

 The rest of this thesis is organized in the following chapters:  

 Chapter 2 presents a comprehensive survey on related works. Moreover, this chapter 

investigates collective intelligence in complex systems, its properties and mechanisms. 

Agent-based modeling is explained in details. It explores the existing toolkits in agent 

based-modeling and simulation. Finally this chapter discusses Survival Analysis 

method in details. 

 Chapter 3 describes the methodology. This chapter presents our proposed model for 

simulating a multi-species predator-prey artificial ecosystem. 

 Chapter 4 presents experimental results. This chapter highlights the dynamics of a 

stable model with different sets of energy parameters and their impact on the system’s 

lifetime.  

 Chapter 5 is the conclusion and discussion. This chapter outlines the potential and 

future path for this research.  



 

Chapter 2. Literature Survey 

2.1  An Overview   

An agent-based artificial ecosystem is inhabited by abstract or embodied agents that interact 

autonomously within a dynamic environment. This section introduces a comprehensive overview 

of related studies. Later in section 2.2, 2.3, 2.4 and 2.5 and 2.7 main core aspects of this thesis 

which are complex systems and collective intelligence, CI simulation using agent-based 

modelling and predator-prey ecosystem modelling, and Survival Analysis are described in 

details. Moreover, section 2.6 investigates literature in terms of visualization in existing agent-

based toolkits. 

  Heleno and Próspero dos Santos [ 26] simulated an early agent-based artificial ecosystem 

with virtual animals using a set of internal states including hunger, health and energy, and set of 

prioritized behavioral rules. Nishimura and Ikegami [ 47] studied the emergence of collective 

strategies in a predator-prey system using a rewarding system. In this system, species gain 

rewards by feeding and hunting and those species that have gathered more rewards have more 

chance to reproduce. The simulation results suggest that creating swarms allows both preys and 

predators to maximize their lifetime. Werner [ 70] investigated the collective behavior in artificial 

animals regarding predation risk, breeding efficiency, and optimality of food search. Probably, 

one the simplest and yet most studied models of artificial ecosystem is Reynolds’ [ 54] Boids (i.e. 

artificial bird imitating agents) which was originally proposed to visualize the flocking birds for 

graphical applications. In this model, natural and choreographed motion of birds is simulated 

using three simple rules including separation, alignment, and cohesion. Reynolds’ Boids model 
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has been extended in a few studies. For example, Vicsek et al., [ 66] introduced phase transitions 

into Boids, Olfati-Saber [ 49] proposed a distributed version of Reynolds’ Boids, Hartman and 

Benes [ 25] added a model of external force into alignment behavior to define leadership, Silva et 

al., [ 60] expanded the original model by embedding a self-occlusion model, Zhou et al., [ 73] 

introduced pseudo-leadership mechanism into flocking behavior, Ben-Shahar et al., [ 5] expanded 

Reynolds’ model by defining direction election capability, and ultimately Tanner et al.,[ 63] 

studied the effects of topology on stable flocking. A comprehensive overview on MAS 

simulation of ecosystems can be found in Bousquet and Page [ 7]. 

As Thompson et al. [ 65] indicate, in reality of life, birds use flocking behavior for better 

movement, more efficient food searching and social learning. Flocking motion also decrease 

predation risk as much as the flock size increases and our simulation results show the flocking 

and seeking energy and flocking and hunting energy interaction are most significant interactions 

which matches the Thompson et al. observations in real life. 

Furthermore, some research works have studied evolutionary modeling of artificial 

ecosystems. Husbands et al., [ 27] proposed artificial evolution that utilizes evolutionary 

paradigms to evolve the agents so that they can exhibit emergent behavior. Another evolutionary 

artificial ecology is introduced by Ward et al., [ 68]. In their proposed system, an initial amount 

of energy is assigned to each individual who is allowed to spend on a set of behaviors. Through 

the evolution and within generations, individuals learn how to optimize their energy 

consumption while increasing their survival chances. The results showed that preys learn to 

construct flocks and predators learn to seek for preys. Gras et al., [ 23] exploited a fuzzy 

cognitive map (FCM) as a functional approach to track and analyze agents’ behaviors such as 

keeping distance from predators and moving toward resources, and their internal states such as 



 

hunger and fear. They suggested that diversity of emergent patterns within species is explicitly 

associated with environmental information and internal states. Other studies on artificial 

evolution in virtual ecosystems can be found in [ 16,  42,  71]. 

Weisberg and Reisman [ 69] conducted sensitivity analysis and structural robustness analysis 

to study the robustness in populations of dynamic predator-prey ecosystems. They concluded 

that both approaches can lead to precise models. Golestani and Gras [ 22] analyzed the long term 

behavior of a CI ecosystem using MAS simulations. This study evaluates the signals and patterns 

produced by ecosystem to estimate the amount of chaotic behaviors based on Lyapunov 

exponent. Elsadany et al., [ 20] investigated the influence of parameters such as prey growth rate 

and predator termination rate on the local stability and chaotic behaviors. Cooper and Ofria [ 12] 

studied the effect of competition among agents over resources in terms of stability and emergent 

behavior. 

A few studies have addresses the energy flow within predator-prey artificial ecosystems. 

Kernbach and Kernbach [ 32] utilized nonlinear dynamic models to enhance the energy 

consumption within a swarm of micro-robots performing collective behaviors. Scogings and 

Hawick [ 59] studied the effects of incorporating energy conservation in a predator-prey agent-

based model. They investigated the influence of reproducing offspring on the swarm by 

assuming that breeding process results in health risks and energy consumption. 

Counterintuitively, they suggested that omitting the assumption of health risk in breeding can 

lead to extinction of species. They concluded that implicit energy regulations such as health risk 

are equivalent to explicit control parameters such as maximum allowed population size. Dorin et 

al., [ 19] developed a model for agent-based artificial ecosystems that exploits a model of energy 

transition adopted from ecological data. They suggest that studying energy flow within a virtual 
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ecosystem and comparing it with natural ecological data can enhance the modeling process. 

Polyworld pioneered by Yaeger [ 72], was an artificial ecosystem in which parents transfer their 

energies to newborns and preys transfer their stored energy to their predators. Ultimately, Dorin 

and Korb [ 18] studied the effects of energy flow on emergent properties of ecosystems and 

showed that energy flow has a deep impact on how collective behavior emerges. 

As far as author’ knowledge is considered, there is no comprehensive model in literature that 

investigates the life span of a stochastic multi-species predator-prey artificial ecosystem based on 

energy flow analysis.    

2.2  Collective Intelligence in Complex Systems  

After a quick overview of relevant works, this section surveys literature related to complex 

systems and collective intelligence. In fact, simulating a multi-species predator-prey artificial 

ecosystem needs a deep understanding of complex systems, emergent behavior within complex 

systems and collective intelligence. Complex systems are formed by interlinked components that 

follow certain rules with self-organizing and collective intelligence. Within complex systems, 

there are dynamic and aggregated behaviors which can be described by a well-known paradigm 

of “The whole is more than just sum of the parts”. [ 4] 

Moreover, a deep uncertainty associated with complex systems makes them unpredictable 

with emergent properties. [ 3] According to Gilbert and Terna [ 21], the traditional modeling tools 

do not work properly when there is nonlinearity and discontinued interaction within a complex 

system. Therefore there is an essential need to better understand mechanism of complex system. 

According to Dorigo et al., [ 15] collective intelligence emerges from local collaboration of 

agents which produces a global intelligent behavior. From a mathematical point of view, CI 



 

motion is decentralized emergent behavior that originates from some simple rules. As Pitcher 

[ 52] argued, from a biological point of view CI emerges as birds shape in highly cohesive 

aggregation by continuously changing density and structure that help them to survive from 

predation. Kunz and Hemelrijk [ 34] and Couzin et al., [ 13] in biology as well as Gregoire and 

Chate [ 24] and Buhl et al., [ 8] in physics are some examples of previous works that try to explain 

how self-organized collective behavior emerges, but CI behavior was first modeled by Reynolds 

[ 54]. 

As mentioned in section 2.1, Reynolds [ 54] introduced a first computer graphical modelling of 

a CI complex system, named Boids that follow three simple rules to mimic flocking behavior of 

birds; separation, alignment and cohesion. CI also has been applied to complex patterns of self-

organized robots.  

Schut [ 58] listed some properties and mechanisms that help us to distinguish collective 

intelligence complex systems from other systems. These properties are adaptivity, emergence, 

global-local behavior, rules, interactions, redundancy, robustness and randomness. Following 

each property is described briefly according to Schut [ 58]: 

Adaptivity: Adaptivity is having flexibility to change structure of a system based on 

environment’s needs. This change could be either micro such as change in a system particle 

behavior or macro such as change in the entire system.  Sometimes a change in a whole system 

might happen without any change in individual’s behavior. 

Emergence: In a complex system, emergence is where patterns dynamically arise from a 

multiplicity of simple interactions.  
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Global-Local: The local level of a system deals with individuals while global level considers 

system as a whole.  

Rules: This key property is used to describe the behavior of an individual or the entire system 

from input to output.  

Interaction: Individuals within an agent-based system interact with each other, which could be 

a kind of communication. As mentioned by Vicsek et al., [ 66] individual’s behavior within a 

complex system could not be analyzed without considering the effect of interactions as a key 

property. 

Redundancy: This property stands for sharing information among individuals using the same 

rules that all individuals work with.  

Robustness: Redundancy helps a system to become robust and maintain itself in case of any 

perturbation or damage. In case of any loss, there are chances to have information and 

knowledge somewhere in the system. When the system is in balance only dramatic disturbances 

can change its state while any little disorder has no effect on system’s functionality. A system 

can response to any action depends on the impact of that action on its performance.  

Randomness: Some element of randomness leads to a self-organized behavior which is one of 

the properties of agent-based complex systems.  

2.2.1 Modelling a Collective Intelligence Complex System 

The core structure of this thesis is to model a multi-species predator-prey artificial ecosystem. 

Schut [ 58] proposed four different recipes to build a CI complex system. These recipes are 

mainly based on a similar basic platform which has been developed on different aspects.   



 

Basic scenario: A basic scenario contains six steps as follows: First, an action should be 

defined for all agents. Second, all available information for agents is determined using a set of 

observations such as position (x, y) for coordinating x and y. The third step is defining a set of 

functions which models the environment of a given system. In this step all possible actions for 

each agent are determined in every time steps. These functions also define the state of each 

action such as fail or succeed. Fourth, the cost of performing a function in the model is assigned 

to an agent. For example, the cost of breeding for agent can be considered as a portion of energy 

that this agent should use for offspring.  

The fifth step is to categorize the benefit of doing a successful action. The sixth step defines 

behaviors of the individuals. Likewise an if-then rules or decision tree model, a basic scenario of 

artificial ecosystem outlines how observations can come in and when each action should take 

place. In the simple basic recipe agents are not allowed to have internal states. Therefore, the 

only way to assign a behavior to an individual is the action assigned for observations. 

Internal recipe: The second recipe is extended model of the simple recipe. However internal 

recipe allows individuals to have different behaviors. In this scenario, agents can have their own 

internal state such as having a memory for their different role descriptions. These internal states 

behave like intermediate variables between observations and actions. 

Diversity recipe: In this scenario a set of different actions, observations and policy functions 

are assigned to the agents. In spite of basic recipe actions, observations and action’s functions for 
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each individual are not defined similarly for all agents. It is worthwhile to mention that each 

agent should have its own set of functions. 

Non-determined recipe: Real world phenomena are not usually certain, therefore modeling the 

real world needs to model uncertainty. This recipe allows including uncertainty in the model.  

Non-determined recipe assign probabilities to each individual’s functions. It means that in the 

same situation agents do not always assume to have same actions. 

There are some models and algorithms available to design a CI complex system without 

reinventing the wheel. According to Schut [ 58] collective intelligence models and algorithms can 

be categorized in Table 1 and Table 2. These methods can be used to design the desired models 

and then can be transformed to a computer model based on available software platforms for 

further simulation and experimentation.  Next section surveys studies related to CI complex 

system‘s simulation platforms.   



 

 

Table 1:  Algorithms that can be used for the specific CI complex system (Source [ 58]). 

 

 

Algorithm Name Description 

Evolutionary Methods 

An evolutionary method (or algorithm) is ‘‘a generic population-based metaheuristic 

optimization algorithm”. The heuristics that it uses are inspired by biological evolution: 

reproduction, mutation, recombination, survival of the fittest, and natural selection. 

Co-evolution 

If a natural environment does not give any information about the quality of individuals, then 

evolution is impossible. However, if the environment is informative, then we can define 

fitness on the basis of coevolution. A typical setup of a basic co-evolutionary algorithm then 

consists of two populations with first and second player strategies, respectively. 

Learning Classifier 

Systems (LCS) 

LCS exploits the combination of evolutionary computation and reinforcement learning to 

develop sets of condition-action rules. They exploit ‘‘possibilities of general-purpose 

learning algorithms applied to parallel rule-based systems”. 

Neuro-Evolution (NE) 

NE is a technique that evolves artificial neural networks with evolutionary methods. The 

evolutionary operators of NE work on the weight space of the network: recombination 

combines weight vectors of complete networks; mutation works on single networks’ 

weights. 

COllective INtelligence 

(COIN) 

A COIN is a multi-agent system where: (1) the agents each run reinforcement learning (RL) 

algorithms; (2) there is little to no centralized communication or control; and (3) there is 

provided a world utility function that rates the possible histories of the system. 

Particle Swarm 

Optimization (PSO) 

In a PSO algorithm, particles form a swarm that flies through a (multi-dimensional) 

problem space, whereby the positions of the particles are updated each generation based on 

the particle’s experience and that of its neighbors. 
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Table 2: Models that can be used for the specific CI complex system (Source [ 58]) 

 

Model Name Description 

Cellular automata 

 

A CA is ‘‘an array of identically programmed automata, or cells which interact with one 

another in a neighborhood and have definite state”. They can be complex systems 

themselves, and offer good ways of studying the behavior of such systems. 

Multi-Agent Systems 
The MAS paradigm involves the investigation and design of situated agents that exhibit 

autonomous and rational behavior with respect to their environment and to each other. 

Boolean Networks 
The basis of a BN is a set of logical propositions, which can be evaluated true or false and 

are combined by logical operators (OR, AND, XOR, etcetera) in some networked fashion. 

NK-Model 

A Random Boolean Network (RBN) is a Boolean network of which the configuration 

(defines how the propositions are connected to each other) is unknown. Furthermore, the 

gate types and their connections are randomly initialized. Name of this model (NK) comes 

from the number of gates denoted by N and the number of inputs denoted by K,  

Particle-Based Models 
Vicsek et al., (1995) have successfully modeled human panic behavior in case of a crowd 

stampede based on a physical force model for many-particle systems. 

Game and Decision 

Theory 

A game involves all those situations where ‘‘a number of players or decision makers 

interact, possibly threaten each other and form coalitions, take actions under uncertain 

conditions, and finally receive some benefit or reward or possibly some punishment or 

monetary loss”. The study of such games is the area of game theory. 

Formal Logics 

Many AI researchers have used formal logical models, e.g. agent societies have been 

formalized using logic; agent based social simulation has been compared with formal 

systems, and human organizations have been formally modeled. 

Knowledge Systems 

A knowledge system is a computer system that represents and uses knowledge to 

accomplish a task. The Physical Symbol System Hypothesis says that ‘‘physical symbol 

systems are necessary and sufficient for general intelligent action”. This hypothesis, 

although debatable, justifies the interest in knowledge systems. 



 

2.3  Simulation of CI in Complex Systems using Agent-based Modeling  

This section explains how previous studies built a model for a collective intelligence complex 

system. Agent-based modeling and simulation is a method to model and simulate a CI complex 

system. This section first presents the concepts of Agent-Based Modeling and Simulation 

(ABMS) in details. Second, existing toolkits for ABMS are introduced briefly.  Moreover, I 

compare the ABMS with classic population-level models briefly and explain why population-

based models are not able to describe the reality of collective behavior phenomena by 

investigating previous studies.  

Agent-Based Modeling and Simulation (ABMS) which is also known as an Agent-based 

Modeling (ABM), Individual-Based Modeling (IBM) and Agent-Based Systems (ABS), is 

collaboration of distributed artificial intelligence and computational simulation. [ 56] ABMS 

gives an infrastructure for modeling and analyzing any kind of process related to agents’ 

interaction within groups. In fact, ABMS is a new approach for simulating systems with 

interacting autonomous objects called agents [ 10]. 

The First step in understanding ABMS is to recognize the meaning of agent in this framework. 

Agents are independent entities, which are identifiable, discrete individuals with a set of dynamic 

attributes, behaviors and decision-making capability [ 56]. 

According to Casti [ 9] agents should contain two sets of rules: base level and a higher-level. 

The base level rules provide response to environment; in higher-level rules agents must have a 

set of rules to change the rules that provides adoption.  

Macal and North [ 40] noted five characteristics of an agent: being identifiable, being goal-

directed, having flexibility and capability to learn and adopt behavior based on experience and 
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being autonomous and self-directed to work independently. Figure 1 illustrates a typical agent 

with certain attributes, methods and interactions. 

 

 

 

 

 

 

 

Based on Macal and North [ 40], agents have four distinguished properties, which are 

autonomy, modularity, sociality and conditionality. An agent’s autonomy refers to independency 

and self-organizing. An agent’s modularity defines the boundary of an agent, which easily could 

determine whether or not an element of a model’s state is part of an agent. Sociality of an agent 

refers to interaction among agents. This interaction involves information exchange, recognition, 

collision avoidance and any other types of specific mechanisms. 

Any agent has a specific state that represents its condition. The state of each agent might 

change over time. A collective state of all agents along with the state of environment determines 

the state of an agent-based model. Furthermore, an agent might have its own goals that drive its 

behavior and ability to learn. Moreover, each agent‘s behavior can adapt in environment based 

on the agent’s experiences. [ 40]    

Figure 1: A typical agent [ 40] 

 

Agent Interactions with Other Agents 

Agent Interactions with the Environment 



 

Agents’ relationships and interaction are the main concern in modeling agent-based systems. 

The notion is that agents at any given time interact with a limited number of other agents. This 

interaction may follow some common topologies such as Network, Geographic Information 

Systems (GIS), Grid (cellular automata) and Soup (agents have no locational attribute in a non-

spatial model). 

ABMS provides a proper tool for understanding how an internal agent’s attribution affects 

their local and global behavior. The impact of agent’s attribution is then can be used to identify, 

explain, generate and design emergent behaviors. Because of complexity in the real world, 

traditional modeling tools are not applicable in defining agents’ behavior. Therefore, agent based 

models became more and more popular. Computational power to deal with large-scale datasets 

and simulation tools are the other reason for popularity of ABMS. ABMS has strong roots in 

robotic and multi-agent systems in the field of Artificial Intelligence (AI). [ 6] 

Agent-based models are capable of producing collective intelligence (CI) systems using well-

defined simple rules. CI algorithms can be implemented in agent-based frameworks using 

optimization techniques. This kind of system not only can survive but also can adapt better to its 

environment. 

To build an agent-based model to simulate a collective intelligence system, the agents, agent 

interactions, relationships and their related data must be identified. Agent’s behavior should 

validate. Then model can run and results can be analyzed.   

There are dozens of topologies for modeling social interactions of agents. According to 

Schut [ 58], Table 2 presents models that can be used for the specific CI complex system.  For 
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instance, the cellular automata is one of the methods which is used for simulating the CI complex 

system. This method uses a grid for available local information.  

2.3.1 Agent-based Modeling and Simulation Toolkits  

There are several toolkits which are developed for simulation of agent-based models. These 

platforms can be used to design and implementation CI complex systems and also artificial 

ecosystems. 

Allan [ 2] categorized agent-based applications into eight main groups: business and 

organizations, economics, infrastructure, crowds, society and culture, biology, terrorism and 

military. Allan [ 2] investigated the most common uses of ABMS tools in the various areas such 

as crowd behavior, engineering and systems biology etc. He listed more than thirty software 

platforms and multi-agent applications. 

Schut [ 58] categorizes ABMS platforms into four groups; programmable modeling 

environments such as StarLogo and NetLogo, Libraries such as Ascape, 3D/Physical/A-Life and 

Specialized platforms such as AgentSheets. Macal and North [ 40] put ABMS toolkits in three 

major group including desktop computing for ABMS application development such as NetLogo, 

MATLAB and Mathematica, large-scale development environment like Repast, Swarm and 

MASON and general programing language such as C++, Java and Python. 

This part introduces the toolkits, which are used more frequently in scientific research. 

Moreover, some advantages and disadvantages of each toolkit are described. There is also an 

Internet link available for documentation of each framework. 



 

 Swarm 

The Swarm tool was introduced by Santa Fe Institute in 1994 as the first software tool 

specifically for studying complex adaptive systems and artificial life applications. In this model 

swarms have hierarchy and one swarm can contain a sub-swarm with an integrated schedule. 

Swarm was designed in Objective-C and has a set of libraries for building and analyzing models 

for developers. Java based Swarm is now available. 

A swarm as a key component in the Swarm model is a collection of individuals with a 

schedule of events and hierarchical modeling approach. Agents inside a swarm hierarchically 

make the emergent behavior of the higher-level agent. 

Although Swarm is still one of the most powerful simulation tools, it needs knowledge and 

experience programming in Objective-C, Java and Swarm code. Also, there are not many 

developers available for this software anymore. Swarm is open source and free under the GNU 

license.  

See http://www.swarm.org 

 NetLogo 

NetLogo originally started with the name StarLogo. It is a simple and powerful high level 

programming language structure and widely used to study micro-level behavior and macro-level 

pattern emergence in natural and social sciences, computer sciences, biology, epidemiology, 

physics etc. NetLogo has a built in graphical interface with capability for model deployment and 

use online over the Internet.  

http://www.swarm.org/
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NetLogo has many updated resources and documentations, libraries, tools, extensions and 

models. Based on the information on the official website of the project some of the most viewed 

and frequently downloaded models are Collective Behavior in the Stock Market, Building 

Evacuation, GIS General Examples, Traffic Scheduler and Predator Prey Game. The current 

version of software is NetLogo 5.0.5 released in December 2013.  

See http://www.ccl.northwestern.edu/netlogo 

 Breve 

Breve is open-source free software to simulate 3D multi-agent systems and artificial life. The 

package uses Python object-oriented language and lets user apply OpenGL libraries to simulate 

and visualize realistic creatures. This software allows users to define behavior of agents in a 3D 

environment and see how they interact with each other. There is available support documentation 

for users to walk through the environment and write new simulations. Breve 2.7.2 is the last 

available version, released in February 2008 and available for Mac OS X, Linux and Windows. 

 See http://www.spiderland.org 

 MASON 

MASON stands for Multi-Agent Simulator Of Networks. It is a Java based simulation toolkit 

from a joint project between George Mason University Center for Social Complexity and George 

Mason University’s Computer Science Department. It has similar features with Swarm and is 

fast and small compared to other competitors such as Repast. Mason has a capability of running 

model and visualization separately. In long simulation the system gives the possibility for 

simulation stop and transferring simulation and graphical interface between computers. MASON 

provides 2D and 3D visualization with access to modeled data, play, pause and stop, and steps of 

http://www.ccl.northwestern.edu/netlogo
http://www.spiderland.org/


 

the simulations, model recovery and task performance. Users can select any object in the 

visualization part to track data model changes within the object. Mason version 17, released on 

May 3rd, 2013 is the last update available for this software. 

See http://cs.gmu.edu/~eclab/projects/mason 

 Repast 

Recursive Porous Agent Simulation Toolkit, “Repast” was designed for agent-based 

simulation in social sciences. The University of Chicago project is like a Java-based modeling 

version of Swarm toolkit and developing a simulation on it necessitates knowledge of Java 

programming.  There are some implemented models available such as Area Coverage, Boids 

(Java and Relogo), Diffusion, Game of Life, and Small World for users with a good source of 

documentation. 

The last version of Repast called Symphony 2.1, released on 12 August 2013, is designed for 

use on small computing clusters. Repast HPC, the high performance computing C++-based 

version is also available for use on supercomputers and large computing clusters.  

See http://repast.sourceforge.net/ 

 Ascape 

Ascape is a java-based exploring general-purpose agent-based modeling tool that uses far less 

code than some other software like Swarm. Models in this platform can be modified easier and 

with available end-user tools, so that even non-programmers can explore many aspects of model 

dynamics. It has some features for statistical analysis and visualization tools for graph 

illustration. Ascape has the ability to publish over the Internet and also make video of running 

http://cs.gmu.edu/~eclab/projects/mason
http://repast.sourceforge.net/
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models. There are just few user manuals and other documentation for user support. The majority 

of available models are related to market modeling and economics. The current version of 

Ascape is 5.6.1, updated on April 28th, 2011.   

See http://ascape.sourceforge.net 

 FLAME – The Flexible Large-scale Agent Modeling Environment 

FLAME agent-based modeling tools on parallel architectures was designed and developed at 

the University of Sheffield. It was first used in biological domains, and then extended into other 

fields of research such as behavioral sciences, computational economics and finance. FLAME 

models are designed in XML syntax that could be compiled to C codes. FLAME has an efficient 

inter-agent communication and birth and death algorithm that makes well-done simulation 

performance. The last update of FLAME was released on 27th July 2012.  

See http://www.flame.ac.uk 

 AgentSheets  

AgentSheets is an agent-based simulation and games tool that uses a spreadsheet approach to 

build a mesh of agents’ allocation in the simulation environment with drag and drop interface 

and publishing the model over the Internet. This platform uses a visual programming approach to 

build an easy to use tool for non-programmers. 

Some of the features in the current version are agent animation, control web browsers, keeping 

track of agents for data analysis by counting each type of agent over time and real time data 

interaction with a slide-controllable interface. Because of simplicity, AgentSheets is widely used 

to learn simulation basics.  

http://ascape.sourceforge.net/
http://www.flame.ac.uk/


 

Developers have two purposes for this product, firstly for interactive simulations in 

computational science applications and secondly building the games for motivational and 

educational purposes to teach programming skills through game and simulation design. 

AgentSheets in its new project named AgentCubes is going to introduce a new programming 

platform that makes 3D game design possible even for users without programming skills. In this 

new tool users are able to design behaviors in 3D, making and sharing sophisticated simulation 

environments. AgentSheets is funded by National Science Foundation (NFS). Its current version 

4 was released in 2014 and is available for purchase on Windows and Mac compatible versions.  

See http://www.agentsheets.com 

 LSD: Laboratory for Simulation Development 

LSD is a C++ based district-time platform to implement an agent-based model from 

Sant’Anna School of Advanced Studies in Italy. It is intended mostly for economic and social 

sciences modeling. LSD is easy to use even for modelers without programing experience; it 

automatically constructs and runs the simulation program based on user defined simulation 

model. There is just one paper as documentation and a tutorial available on the official website. 

The last version of this toolkit is LSD6.2 that was released in October 2013.  

See http://www.labsimdev.org 

 MASS: Multi-Agent Simulation Suite 

MASS suite offering solutions for modeling and simulation, includes four major components: 

FABLES, MEME, CP and PET. MASS uses its own language, FABLES (Functional Based 

Language for Simulation), which is an easy-to-use java based language and needs minimum 

http://www.agentsheets.com/
http://www.labsimdev.org/
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skills in programming. CP (charting package) is an output visualization, graph illustration and 

editor tool.  

MEME (model exploration module) designs simulation experiments by generating, 

management and analyzing simulation results with an interactive graphical editor. It has a 

parameter sweeper wizard that allows running a simulation on more than one computer and on 

cloud computing clusters. There are some statistical analysis features and pre-processed models 

available for the modeler on MEME. This module also is integrated with the other parts like CP. 

PET (participatory extension tool) is a web-based multi-user environment for controlling agents 

over the Internet. PET module give educational lab tools to prepare an agent based simulation 

with pre-configured available models, where teachers can fix some parameters and students can 

use graphical interface to take control over some agent’s behavior and see the resulting actions. 

Users also can record all simulation process as a video. 

Each module in the MASS package has different versions available; the most recent update is 

for MEME that was released in May 2013. 

See http://www.mass.aitia.ai 

 StarLogo TNG 

StarLogo TNG is a toolkit developed by MIT’s STEP (Scheller teacher education program) 

team. This toolkit continues the past projects, StarLogo and OpenStarLogo, and introduces a 

graphical programming language for modeling and simulation. StarLogo TNG, like the other 

agent-based modeling and simulation tools, can model emergent behavior of many real-life 

decentralized phenomena such as market behavior, flocking birds and urban traffic.   

http://www.mass.aitia.ai/


 

StarLogo TNG is the next generation of StarLogo tools with 3D modeling features that make 

it a proper tool for educational programming as well. This version uses a colorful block-based 

interface that facilitates agent-based simulation programming such as making a puzzle. The 

project team offers a good source of documentation, tutorial and workshops within a powerful 

user support. StarLogo Nova is a new online platform of this project that let users build up, 

organize and share agent-based simulations over the online public browser without software 

installation. The current available version is StarLogo TNG 1.5.  

See http://education.mit.edu/projects/starlogo-tng 

2.4  Agent construction tools 

There are also some other multi-agent systems that are not ABMS tools and intended for 

constructing agents. They are used to build smart resilient networks rather than just in modeling 

and simulation. These agent construction tools should not be confused with ABMS applications. 

Cougaar (cognitive agent architecture), JADE (Java agent development framework) and SeSAm 

(shell for simulated agent systems) are some of these agent construction tools. 

2.5  Predator-prey Models  

An agent-based model of predator-prey ecosystems is simulated in this thesis. Predator-prey 

models are quite well-documented subject in literature. Basically there are two strands of studies 

relevant to predator-prey models. First, population-level models which are widely studied in 

computational ecology and biology. In population-level approach, collective behaviors such as 

predator-prey are modeled using differential equations. Second, agent-based models which is the 

main subject of this thesis. Previous sections survey studies relevant to agent-based models. This 

http://education.mit.edu/projects/starlogo-tng
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part describes population-level models. Moreover, the main differences between population and 

agent based models are investigated.   

Population-based model is pioneered by Volterra [ 67] and developed by Lotka [ 39]. However, 

the population-level predator-prey model with collective behaviors interactions is independently 

proposed by Lotka [ 39]. Therefore, predator-prey model is commonly called Lotka-Voltera 

model in the literature. 

  Lotka-Voltera model has been developed in many aspects by studies such as MacArthur and 

Connell [ 41] and May [ 44,  43]. Lotka [ 39] used population size and species abundance as a main 

element of a system. The model keeps track of the predator and prey population growth and dead 

rates.  It is also worthwhile to mention that as indicated by Weisberg and Reisman [ 69] the effect 

of predation on the population of prey and the effect of prey capture on the population of 

predators is incorporated into Lotka-Voltera model. By merging growth and dead rate into a just 

growth rate actually there are four factors that these models are dealing with, (i) the predator and 

prey population growth and (ii) the dead rates, (iii) the effect of predation on the population of 

prey and (iv) the effect of prey capture on the population of predators. As argued by Levins [ 37], 

Lotka-Voltera model represents population level in predator-prey model with set of nonlinear, 

differential equations as follows: 

Predators Population:                      

                                    (1) 

                                         (2) 

 

qP
dt

dp


qPPNca
dt

dp
 '



 

Preys Population:                       

                                                          (3) 

                                                  (4) 

where P is predators population, N  denotes prey population, t is time. Also, r shows prey 

growth rate, a' denotes searching efficiency/attack rate, q is predator’s mortality rate and c 

indicates predators’ efficiency at turning food into offspring (conversion efficiency). 

Lotka-Volterra model uses population density as a state variable. According to Weisberg and 

Reisman [ 69], in the classic population-based predator-prey models there is just an aggregation 

of many organisms’ properties without any explicit image of individuals or their properties, 

while in the agent-based models (ABMs) each agent has its own set of properties.  

As discussed agent-based models also include set of rules and assumption about how agents 

interact over time. In contrast, because of structure of real life systems, classic population level 

models are not able to describe the reality of collective behavior phenomena. Population-level 

models have very limitations because of their simplicity and mathematical analysis. While in 

ABMs each agent has its own set of state variables and their dynamics are explored by 

computational simulation instead of mathematical analysis. [ 69] 

The population level models are based on the assumption that community is silent and 

obscure. Growth and death rate and interaction in population will be assumed as individual 

agents, which are discrete. In recently developed IBM models for each unit of time all agents are 

doing set of rules for their move, predate and death. To convert a population-based model into 

rN
dt

dN


PNarN
dt

dN '
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individual-based model, each agent needs to have explicit set of intrinsic and environmental rules 

and attributes, which are not included in population-based models. 

 

2.6  Visualization in Existing Simulation Toolkits 

ABMS has its own requirements for visualization. In fact, according to Dorin and Geard [ 17], 

all phases of ABMS can benefit from visualization. Using ABMS toolkits, visualizer animates 

the environment, its inhabitants and motions in a 2D real-time manner according to the data 

receiving from visualization engine. Visualization is one of the most important features of 

vision-based simulation of CI complex system which gives a sense of space, interactions, 

monitoring parameters and emergent behavior. 

Graphical User Interface (GUI) is responsible for a graphical animated visualization of the 

simulation for toolkits that are introduced in section 2.4. In particular, real-time charts provide 

users with real-time numeric data diagrams which represent the statistical information of the 

ecosystem. Regarding our purpose of study, NetLogo and Repast S. has more related interface. 

For instance, in Repast S., GUI includes different types of charts such as sequence graph and 

histogram for data visualization with ability of taking snapshots and recording movies over time. 

[ 11]  

Figure 2 shows simulation and visualization of an artificial ecosystem in the latest version of 

StarLogo TNG, NetLogo and Repast S., respectively. 

 

 

 



 

 

 

      

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2: Simulation and Visualization of Artificial Ecosystem using (a):StarLogo TNG, (b):NetLogo, (c):Repast S. 
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Tatara et al., [ 64] argued that in Repast S., the simulation parameters could set in GUI, to 

adjust the initial number of predators and preys. Also the resource which is grass could be added 

to each location on the grid in run environment. Moreover, according to North et al., [ 48], the 

visual capabilities of Repast S. includes a model operation and configuration by point and click; 

an integrated 2D and 3D view; automated connections to data sources; and connection with 

external statistical programs for conducting analysis and visualizing model results. 

It is important to mention that there are some limitations for visualization of predator-prey 

models. For instance, according to Sklar [ 62], running intense computations and visualization 

over many iterations in NetLogo and similar Java-based simulator may be too slow and systems 

might breakdown. The designed framework for this thesis, compare to the similar available 

models has a proper level of complexity and features, with a stationary environment (i.e. not 

static). Moreover, control tools and the GUI which is typically responsible for setting up, 

controlling simulation and visualization make it possible to define as many species as required in 

any preferred configuration. Furthermore, the proposed framework is developed from zero point 

so comparing to the existing developed models, we may face less constraint for future structure 

enhancement such as increasing the level of complexity, changing the internal and environmental 

rules and customizing the model based on given specifications.  

The presented toolkits in section 2.3.1, has been mostly developed by C++, Java and Python 

while the user interface layer of my proposed work is implemented using C#.Net programming 

language and utilizes graphical components embedded within .Net framework. 

The next chapter explains the whole process of design, implementation and visualization of 

our proposed simulation structure in details. 



 

2.7  Survival Analysis 

One Survival analysis (i.e. also known as reliability analysis and failure time analysis) is a 

statistical approach that aims to model time-to-death in a given system such as modeling failure 

in mechanical systems, lifetimes of products in marketplace, and time-to-death of biological 

entities.[ 35] Using survival analysis, one can determine the percentage of population that will 

survive up to given time or investigate the effects of particular parameters on system survival. In 

the other words, survival analysis provides techniques for estimating expected lifetime and 

important features of the system that influence the probability of death or failure at a specific 

time in a system.[ 51] Survival analysis exploits probability density function (pdf) which 

represents the rate of death in each time step. Survival function is defined as Eq. (5).  

                                     (5) 

Where S(t) denotes survival function and T is a random variable that denotes time of death. 

The lifetime distribution function is defined as the complement of survival function as shown in 

Eq. (6).  

                                              (6) 

Where F(t) denotes lifetime distribution function. The derivative of lifetime distribution 

function is the density function of the lifetime distribution (i.e. event density) and is calculated 

using Eq. (7). 

                                        (7) 
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Survival analysis is frequently represented in terms of hazard function, denoted as h(t), which 

is instantaneous likelihood of a system breaking down as function of time. [ 14] Essentially, the 

hazard function measures the instant risk of death at time t conditioned on the survival to that 

time as shown in Eq. (8). 

                             (8) 

According to Lawless [ 36], the Cox-Mixed proportional hazard model is the most frequently 

applied approach for incorporating the covariate effect on lifetime of a system. This semi-

parametric model introduced by Cox [ 14] is depicted in Eq. (9). 

                                        (9) 

In this equation, h(t) is the hazard function, xt is a vector of time-varying covariates, β is the 

parameter of interest which is estimated using cox regression and indicates the effect of each 

covariate on the probability of death in each time step, h0(t) is an initial non-parametric hazard 

function. 

The Cox regression models the effect of covariates on the hazard rate without considering any 

specific initial hazard rate or knowledge of absolute risk of death. Moreover, it estimates the 

relative risk of death rather than the absolute risk. Assuming two different observations, i and j, 

the corresponding Cox-regression is calculated by Eq. (10). 

                        (10) 
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Then, the hazard ratio for these two observations is acquired using Eq. (11). 

                                                (11) 

η is elasticity of death with respect to energy levels and is computed by Eq. (12). 

              (12) 
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3 Methodology 

3.1  Artificial Agent-Based Ecosystem Modeling 

In order to develop an artificial ecosystem with proper degree of complexity that can provide 

sufficient information regarding energy flow, we develop a complex stochastic model to simulate 

a multi-species predator-prey ecosystem. To do so, we expand the Reynolds’ [ 54] Boids in three 

directions. First, we extend the original version from a single species ecosystem to a multi-

species predator-prey system. In our system, it is possible to define as many species as required 

in any preferred configuration. It is possible to define only one species which is equivalent to the 

original version of Boids, also we can define a few prey species with same food diet without 

predators which will simulate a competition among species within same level of food chain due 

to the limited food sources. Ultimately, it is possible to define the ecosystem as combination of 

prey and predator species where there are inter-competition among species within same level of 

food chain and intra-competition among those belonging to different levels of food chain. In our 

ecosystem, fruit trees are in the bottom of the food chain. These trees have a fixed growth rate 

and vanish as soon as their fruits are consumed by birds. The second extension is regarding the 

rules governing the flocks. In Reynolds’ original system, only three rules named separation, 

alignment, and cohesion govern the flocks’ collective behavior whereas we extended these rules 

to ten which will be entailed in following sections. Finally, we introduce the energy parameters 

into the system to model the energy flow within an ecosystem. We will discuss the details of 

environmental parameters and collective behavior in our proposed mode in following 

subsections.  



 

3.1.1 Environmental Parameters 

The hosting environment of the ecosystem is a stationary environment (i.e. not static) with two 

features defined as E=<W,T> in which W denotes the weather condition and T presents the set of 

fruit trees within the environment. It is noteworthy that weather condition has an important 

influence on the flocking behavior whereas fruit trees provide the herbivore birds (i.e. preys) 

within the ecosystem with required energy. Weather condition is defined as a set of state-

probability pairs which present the probability of environment being in a particular weather 

condition. We consider three possible weather conditions in simulations including rainy, windy 

and sunny states. Thus, we can define W as a triple W=<(r,pr),(w,pw),(S,ps)> representing rainy, 

windy and sunny weather conditions along with their associated probabilities respectively.  

We derived the following mathematic formulas based on fundamental physics and biological 

rules. 

Fruit trees, represented by T, occupy the bottom level of food chain and thus can be 

considered as energy resources of the ecosystem. Each tree is defined as a triple Ti=<P,Tc,Fc> 

in which P denotes the position of the tree within the environment, Tc represents the tree’s age 

and Fc denotes the current amount of fruit left on the tree. The amount of fruit on the tree is 

governed by a dynamic decay model as depicted in Eq. (13). 

    (13) 

Fc(t) denotes amount of fruit in time t, |B(t)| is the number of birds feeding from tree in time t, 

and wb and wd are weighting parameters for food consumption by birds and natural decay, 

respectively. Essentially, the model presented in Eq. (13) states that the amount of fruit on a tree 

is decreased proportional to the weighted combination of number of birds feeding on that tree 

tw
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and its age (i.e. older trees produce less fruit). The initial value is generated by a uniform random 

distribution U as Fc(0)~U[Fmin,Fmax], where Fmin and Fmax are minimum and maximum 

allowed fruit amount on a tree, respectively. Furthermore, we remove a tree from ecosystem with 

probability Ptr computed by Eq. (14). 

             (14) 

Where Ptr denotes the probability of tree removal and Wtr presents a normalizing weight. This 

probability increases as the tree’s fruit decrease and its age increases until it reaches to one and 

tree is removed. As soon as a tree is removed from the environment, it is replaced by a tree with 

a specific probability.  

3.2  Collective Behavior  

The Collective behavior within the ecosystem emerges from interactions among birds in terms 

of flocking, and hard-wired innate behavior in terms of foraging, breeding, and competing. We 

define a generic bird as a decuple B=<T,S,M,P,V,A,G,E,SR,C > where T denotes the bird’s type 

and determines whether it is a carnivore (predator) or herbivore (prey) whereas S determines the 

species that the bird belongs to. M denotes the bird’s behavioral mode and can be set to one of 

the following behaviors: flocking, escaping, feeding, seeking, breeding, hunting, competing and 

resting. P denotes the bird’s position whereas V denotes its velocity. It is noteworthy that 

velocity vector determines the direction of the motion and its magnitude. A defines the bird’s 

age, G presents its gender, E denotes its energy level, SR is the bird’s sight radius and ultimately 

C denotes the average position (i.e. center of the mass) of the closest flock to the bird which is in 

its sight radius and belongs to the same species as the bird’s. 
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3.2.1 Choreographed Motion  

In order to simulate the choreographed motion of herbivore birds, we utilize three flocking 

rules proposed by Reynolds’ [ 54] including cohesion, alignment and separation. (Figure 3) 

 

 

 

 

 

 

 

Cohesion is an act of steering to move toward the center of mass of local flock mates. 

Performing cohesion demands each bird in the flock to compute its local perceived center of 

mass which is essentially the local average position of the bird’s flock mates that are in its sight 

radius.  

We derived the following mathematic formulas based on Reynolds model and motion rules in 

physics. 

The perceived center of mass is computed by Eq. (15). 

              (15) 
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Figure 3: The conceptual presentation of Reynolds’ Boids. (a) Separation rule. (b) Alignment rule. (c) Cohesion 

rule. [ 29] 
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C
p
i(t) is the perceived center of mass of bird i, Pi(t) is the position of herbivore bird i, SR

h
i is 

the sight radius of herbivore bird i, Si is the species that bird i belongs to and N is the number of 

flock mates of bird i that are in its sight radius and belong to same species as bird i. Using the 

local center of mass, the velocity vector of bird i influenced by cohesion is updated by Eq. (16). 

                            
))()(()()1( tPtCwtVtV h

i

p

icoh

h

i

h

i


     (16) 

In this equation V
h

i(t) is the velocity vector of herbivore bird i in time t and wcoh is the 

weighting parameter of cohesion rule. 

Alignment action refers to steering towards the average heading of local flock mates. Contrary 

to cohesion, in alignment each bird calculates the perceived local velocity in order to maintain a 

coordinated direction and pace with its local flock. Perceived velocity can be computed similar 

to center of mass by substituting the position with velocity as shown in Eq. (17). 

      (17) 

C
v
i(t) is the perceived center of velocity of bird i and Vi(t) is the velocity vector of bird i in 

time t. The velocity vector of bird i is tweaked due to alignment as depicted in Eq. (18).  

                   (18) 

Contrary to cohesion and alignment, separation rule diverge the flock to avoid crowding local 

flock and colliding into each other. In order to perform separation, a minimum allowed distance 

among the birds, dmin, is defined to detect the birds that are closer than the allowed distance to 

bird i. Then, the velocity of bird i is updated in opposite direction of those birds that violate the 
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minimum space in order to provide the appropriate spacing. The update equation for separation 

is shown in Eq. (19). 

          (19) 

Another aspect of flocking behavior that plays a critical rule in predator-prey ecosystems is 

escaping from the predators. Escaping mechanism is based on moving in opposite direction of 

the predators within sight radius with maximum possible speed. The updating rule of velocity 

vector while escaping from predator is shown in Eq. (20).  

   (20) 

Where Tpred denotes all predators that are within the sight radius of bird i, P
c
j(t) is the position 

vector of carnivore bird j, and wesc presents the weight of escaping rule. Obviously, surviving an 

attack is the top priority and thus the weight of escaping must be much higher than those of 

flocking behaviors.  

Another important behavior that emerges from flocking birds is to careen toward the food 

source. According to this behavior, as soon as fruit tree appears within the sight radius of a bird, 

it tweaks its current direction to reach the food. This individual act along with cohesion and 

alignment leads the flock to the food source. The velocity of bird i is updated using Eq. (21) in 

order to lead it to food. 

       (21) 
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wfood denotes the importance weight of foraging and P
T

j denotes the position of tree j within the 

environment that is also within the sight radius of bird i. It is noteworthy that as shown in Eq. 

(19), bird i steers toward the closest food source in terms of Euclidian distance. 

The velocity update rules mention in Eq. (15) up to Eq. (21) only apply to herbivore birds 

which are on top of fruit trees in food chain. On the other hand, predator species do not illustrate 

social behaviors. The only motivation in their motion is seeking herbivore birds and prey them. 

The predator attacks its closest prey by changing its direction toward it as shown in Eq. (22). 

     (22) 

Where V
c
i(t) and P

c
i(t) are the velocity and position vectors of predator i in time t, 

respectively. P
h

j denotes the position of prey j and SR
c
i is the sight radius of predator i. 

Furthermore, in order to confine the inhabitants within the geographical borders of the 

ecosystem, it is required to softly reverse the direction of those birds that are close to the borders. 

This constraint can be satisfied using Eq. (23). 

             (23) 

In this equation, P
B 

denotes the universal coordinates of the geographical borders of the 

ecosystem and dmin denotes the minimum allowed distance that a given bird can get close to the 

borders. 

As aforementioned in previous section, three different weather conditions are defined 

including sunny, windy and rainy. In case of sunny weather, the velocity vectors remain 

unchanged. However in case of windy or rainy weather, velocity vectors are modified using Eq. 

(24) and Eq. (25), respectively. 
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       (24) 

             (25) 

W denotes the velocity vector of wind. In case wind blows in the same direction as bird’s 

direction, it will increase its speed; otherwise it will damp its speed. It is noteworthy that the 

velocity of wind is a random uniform variable within range of [Wmin,Wmax]. WW is the weight of 

wind and determines the influence of wind on the bird’s motion. We assume that in rainy 

weather the flight speed reduces. The control parameter WR determines this speed reduction.  

Moreover, in order to guarantee a smooth motion, maximum allowed speed is defined as a 

physical constraint on birds’ velocity. In order to satisfy this constraint, Eq. (26) is utilized to 

limit the velocity of those birds that have higher velocity than the allowed one.   

       (26) 

Smaxi denotes the maximum allowed speed and is a scalar entity whereas |Vi(t)| is the 

magnitude of the velocity vector of bird i (i.e. its speed) and is scalar as well. As shown in this 

equation, maximum allowed speed for each bird changes through time. The dynamic of this 

element is modeled as Eq. (27). 

              (27) 

In this equation, Ei(t) denotes the energy level of bird i in time t and Ai(t) denotes the age of 

bird i in time t. WE and WA are energy and age influence weights, respectively. Intuitively, the 

equation states that those young birds with higher energy can move faster than old birds with low 

energy. It is noteworthy that by setting WE and WA higher for predators, we give them higher 

maximum allowed speed than herbivore birds. 
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Ultimately, by consecutive updates of velocity vectors using Eq. (15) up to Eq. (27), the 

position vectors of birds are updated using Eq. (28) in next simulation step. 

                                         (28) 

This equation is equivalent to position update equation utilized in particle swarm optimization 

algorithm introduced by Kennedy and Eberhart [ 31]. It is noteworthy that the initial velocity and 

position vectors of birds are generated randomly following a uniform distribution. 

3.2.2 Foraging and Competing for Resources 

As mentioned in previous sections, each bird regardless of its species and type seeks food to 

survive. In case of herbivore birds, as soon as they find a fruit tree, they fly toward it following 

the trajectory determined by Eq. (21) and when they reach it, they land on the tree branches and 

feed until they reach the maximum allowed energy. On the other hand, predators careen toward 

their closest prey following the trajectory defined by Eq. (24), and as soon as their reach to a 

minimum distance with the prey, they consume them. However, when different species approach 

the same resource, competition starts over that particular resource. We define competing groups 

as groups with same types (i.e. within same level of food chain) that belong to different species. 

When these groups are approaching a common resource and the distance among their center of 

masses reaches a predefined threshold, the competition begins. In order to model the 

competition, we exploit a probabilistic model to compute the domination probability of each 

species within the competition as shown in Eq. (29).  

We derived the following mathematic formulas based on probability fundamentals. 
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                           (29) 

In this equation pi(dom) denotes the domination probability of group i, |Bi| is the number of 

birds within that group, μEi presents the average of energy within group i and μAi denotes the 

average age of the birds within group i. Basically, the model states that younger groups with 

larger population and higher energy have more chance to win the competition. We utilize a 

roulette wheel selection strategy with probabilities computed by Eq. (29) to determine which 

group dominates other. Contrary to deterministic approach, in this approach all groups have the 

chance to win the competition, however those groups with higher domination probability have 

higher chance to dominate others. Using this stochastic approach, we can approximate the actual 

competition within biological systems in which stronger groups frequently dominate others, 

however it is observed that weaker groups conquer others infrequently. Ultimately, the dominant 

group marks the resource as its territory and exploits it until the resource is consumed or the 

group has exploited sufficiently from it. Also, the dominant group may rest in its territory even 

after having absorbed sufficient energy from that resource. 

3.2.3 Breeding and Termination 

Stability of an ecosystem can be expressed in terms of breeding and termination of its 

inhabitants. If the rate of birth and death are fine-tuned, the dynamics of ecosystem converges to 

a stable equilibrium. We model breeding process as an informed stochastic process similar to 

natural selection based on survival of fittest. However, in current version of our model, we 

ignore the evolutionary process.  
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                                                                                                                                        (30) 

 

In this model Pij(bre) denotes the mating probability between birds i and j. Gi denotes the 

gender of bird i whereas Si denotes the species it belongs to. According to Eq. (30), if two birds 

have same gender, or belong to different species, or are not in a visible distance, their mating 

probability is zero. On the other hand, if two birds satisfy the mentioned constraints their mating 

chance depends on their energy level and age. Younger and more energetic pairs have more 

chance to produce offspring. In other words, fitness of a pair is determined based on age and 

energy features. Using Eq. (30), each pair of birds that satisfy the mentioned conditions, produce 

an offspring with randomly assigned gender and with same species as parents with probability 

p(b). 

On the other hand a bird may get terminated due to several reasons. A bird is removed from 

ecosystem if its age exceeds the maximum allowed age (Ai>Amax) or its energy level goes 

beneath the minimum allowed energy level (Ei<Emin). These two rules simulate the natural dead 

and starvation, respectively. Moreover, a bird may die because of disease or being separated 

from its flock. We utilize a sigmoid function to model the disease as shown in Eq. (31).                                

                            (31) 

pi(dis) denotes the disease probability for bird i and Wdis denotes a normalization weight. As 

the age increases and the energy level decreases, probability of getting disease increases 

proportionally. Moreover, we exploit a similar approach to determine the probability of being 
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deceased because of getting lost. A bird is considered as lost when there is no bird within its 

sight radius that belongs to the same species as it belongs to. The probability of removing a lost 

bird is computed using Eq. (32). 

                                           (32) 

Where pi(los) is the probability of terminating lost bird i, wl is a normalization weight and tl is 

the total time of being lost. As this time increases, the chance of death increases as well. 

Additionally, an herbivore bird may die by getting preyed by a predator as discussed in section 

3.2.2. Ultimately, competition among groups over resources may have some casualties. In order 

to address this, we utilize the domination probability introduced in Eq. (25) to model the 

probability of getting deceased during the competition. This probability is computed using Eq. 

(33). 

                                      (33) 

Where pi(cas) denotes the probability of death of bird i due to competition, Wcas is a 

normalizing weight and pi(dom) is the domination probability. According to this equation, 

dominant birds have more chance to survive a competition than dominated birds. 

3.2.4 Energy Flow 

Energy flow plays a crucial role in the life span of the ecosystem. Energy flow is associated 

with the behavioral mode of birds. Regarding this behavioral mode, a bird consumes or gains 

energy in each time step. The initial energy of a bird is assigned randomly using a uniform 

distribution within the range of [Emin, Emax]. We model the influence of each behavioral mode on 

bird’s energy level using Eq. (34). All these energy values are abstract values. 
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             (34) 

where Ei(t) is the energy level of bird i in time t and Mi(t) is its behavioral model in time t. wflo 

is the energy consumption rate while flocking, wesc is the energy consumption rate while 

escaping from predator, wfee is the energy absorption rate while feeding, wsee is the energy 

consumption rate while seeking for food, wbree is the energy consumption rate of breeding 

process, whun is the energy consumption rate for predators while hunting herbivore birds, wcom is 

the energy consumption rate while competing over resources and territory, and finally wres is the 

energy consumption rate while resting on a tree. These rates are different for various activities, 

for example resting energy consumption rate is much less than escaping energy consumption 

rate. The goal of this research is to investigate the relation among these rates to maximize the 

stability of the artificial ecosystem. 

3.3  Simulation and Visualization Structure 

In order to implement the proposed model, we designed an object-oriented simulation and 

visualization architecture. The proposed structure consists of two layers and a data repository. It 

is noteworthy that due to layered characteristics of the architecture, it can efficiently support 

distributed processing for massive simulations by distributing each layer to an independent 

machine. The block diagram of our simulation and visualization structure is shown in Figure 4. 
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     Figure 4: Block diagram of proposed simulation structure for artificial ecosystem. 

The first layer is user interface and consists of three main components including control panel, 

ecosystem visualizer and real-time charts. Control panel provides the user with an interface to 

tweak the values of parameters applied in simulation including environmental parameters such as 

weather conditions and trees, parameters associated with species such as number of species, 

population size for each species, maximum velocities, sight radius etc. and control parameters 

such as simulation steps. Using this control panel, researchers can tune the initial values to their 

preferred values and observe their influence on the dynamics of system. Ecosystem visualizer 

animates the environment and its inhabitants and their motions in a 2D real-time manner 

according to the data receiving from visualization engine. It is noteworthy that visualizer is able 

to animate in 3D as well. Real-time charts provide the user with real-time numeric data diagrams 

representing the statistical information of the ecosystem. The user interface layer is implemented 

using C#.Net programming language and utilizes graphical components embedded within .Net 

framework. A snapshot of user interface is illustrated in Figure 5. 

The second layer provides the architecture with required engines including simulation, 

visualization and data analytics engines. The simulation engine is the core of structure and is 
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responsible for behavioral modeling of the species and simulating the environment. Essentially, 

it implements the proposed stochastic model of ecosystem introduced in section 3. This engine 

utilizes the behavioral rules and information acquired from visualization engine to determine the 

individuals’ motion trajectory. The initial condition of this engine is provided by control panel in 

user interface layer. Visualization engine is responsible for processing geometric information 

acquired from simulation engine and mapping it to graphical information which, in turn is 

utilized by ecosystem visualizer to render the data and animate it. These two engines are 

implemented using C#.Net programming language as well. Furthermore, the visualization engine 

can be implemented by any available game engine. Ultimately, data analytics engine analyzes 

the dynamics of simulation in real-time and displays it on the charts. This engine utilizes STATA 

data analysis toolkit. Ultimately, data and its analytical results are stored in the data repository in 

Excel spread sheet format for further studies. 

  



 

 

 

 

 

  

 

Figure 5:  Snapshots of developed structure (a) system at the initial stage of simulation. (b) After 50 time steps, (c) after 248 

time step (d) after 592 time steps, decreasing prey population results reduction in predators population. 
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4 Experimental Results  

In order to evaluate the proposed model of artificial ecosystem and validate the introduced 

structure, we implemented the integrated architecture. Then, we repeated the simulations for 

11,000 times with the frequency of 50Hz to investigate the dynamics of the model with different 

sets of energy parameters and their impact on the systems lifetime using the survival analysis. 

The simulations perform both data analytics and visualization, concurrently. In order to find the 

effective energy factors that influence the lifetime, all parameters except the energy factors are 

clamped to constant values through the simulations. 

The initial values of parameters are set as follows: number of species is set to two from which 

one species is set as predators and the rest are herbivores. Maximum allowed age for individuals 

within all species is set to 20,000 time steps. The default prey population is set to 200 whereas 

predator population is set to 15. The carrying capacity (i.e. maximum allowed population size) of 

all species is set to 100 birds. Minimum allowed energy level for all species is set to zero and 

maximum allowed energy level that each individual can gain is set to 20,000. The maturity age 

(i.e. age threshold for mating) is set to Agemax/100. The maximum velocities for predators and 

preys are set to 6 and 12, respectively. Moreover, the sight radius for preys and predators is set to 

75 and 120, respectively. Also, the minimum allowed space among the birds of a flock is set to 

30. Furthermore, normalization weights for disease, separation, escaping, cohesion, alignment 

and getting lost are set to 0.1, 1.0, 1.0, 0.05, 0.5, and 0.01, respectively.  



 

The initial parameters are adjustable from interactive user interface. This user interface also 

illustrates real time graph of population level, energy level and age level of each group within the 

artificial ecosystem in each run of simulation (Figure 6). 

 

 

 

 

 

 

 

 

 

 

 

Ultimately, The values of energy parameters including breeding, competing, escaping, 

Feeding, flocking, hunting, resting and seeking energies are randomly generated using a uniform 

distribution within the range of [1, 20×Log(EnergyMax)]. Using the aforementioned initial 

conditions for clamped parameters and running the simulations for 11,000 times, the statistical 

data regarding all observations can be summarized as Table 3. 

Figure 6: A snapshot of user interface of developed structure; user control panel and real-time charts are shown. (a) 

Initial values of parameters are adjustable for each simulation. (b) Real time graph indicates population of each 

group. (c) Energy level of each species and (d) Age level of each group. 
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Table 3: Statistical summary of observed simulations. 

Variable # SIMULATION Mean SD Min Max 

Lifetime of each 

simulation 11000 1998.726 2912.157 166.9965 51040.36 

 

Table 4: Statistical summary of random assigned initial energy parameters 

Variable Mean SD 

Breeding energy 32.43381 17.29179 

Competing energy 32.57229 17.09719 

Escaping energy 32.51542 17.3328 

Feeding energy 32.65927 17.32272 

Flocking energy 32.56392 17.32749 

Hunting energy 32.45901 17.34618 

Resting energy 32.37376 17.36702 

Seeking energy 32.38359 17.18797 
 

As shown in Table 3, within the simulations the minimum lifetime of the ecosystem was 

166.9965 time steps whereas its maximum lifetime was 51040.36. Also, the average lifetime of 

simulations was 1998.726 with standard deviation of 2912.157.  

4.1  Survival Analysis Results 

Since energy factors are continuous, in order to find those energy factors that have 

considerable influence on the sys-tem lifetime (i.e. predictor factors in final model) we exploit 

Survival Analysis using Cox proportional hazard regression. As aforementioned, the Cox 

regression is a semi-parametric model that extends survival analysis without having any specific 

assumption about the initial hazard rate. In Cox univariate regression, a predictor is embedded 

into the final model if its χ2 test has a p-value of 0.2 or less. Using this scheme, the results 

suggest that competing, resting and feeding energies contribute much less than others on the 



 

system’s lifetime. In next step, we investigate the interactions among energy parameters. Since 

there is no structural approach to determine the interactions among energy factors, we utilize a 

brute force technique which tests all possible interactions. It is noteworthy that due to small 

variable space, it is feasible to find the significant interactions by testing each interaction, 

independently. Since there is no structural approach to determine these interactions, this study 

utilizes a brute force technique which tests all possible interactions (Table 6).  Using this 

technique, we observed that there are two interactions among energy parameters including 

interaction between flocking and hunting energies, and interaction between flocking and seeking 

energies.  

The Cox regression is valid if and only if the proportionality assumption is satisfied for all 

covariates. One of the methods to test this assumption is Schoenfeld and scaled Schoenfeld 

residuals plots. [ 36] In Schoenfeld residuals test, a proportionality assumption is satisfied if each 

predictor residual plot is a horizontal line. As shown in Fig. 7, all energy factors and interactions 

satisfy this hypothesis. 

The results of applying Cox regression on effective energy parameters and their interactions is 

indicated in Table 5 and Table 7.   

Table 5: Energy factors that have significant impact on system’s lifetime. 

Variable Coefficient Standard Error P- Value 

Breeding energy -1.58787 1.335942 0.079 

Escaping energy -21.0795 1.3335 0 

Flocking energy -145.4 3.795943 0 

Hunting energy -31.2682 2.856803 0 

Seeking energy -58.5227 2.885732 0 
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Table 6: All possible interactions among significant energy parameters. 

 Variable Interaction 1 Interaction 2 Interaction 3 Interaction 4 

1 Breeding energy Escaping energy Flocking energy Hunting energy Seeking energy 

2 Escaping energy Flocking energy Hunting energy Seeking energy  

3 Flocking energy Hunting energy Seeking energy 

 

 

4 Hunting energy Seeking energy 

  

 

5 Seeking energy - 

  

 

 

Table 7: Interactions with significant impact on system’s lifetime. 

Variable Coefficient Standard Error P- Value 

Interaction between flocking and seeking energies 1.147137 0.077527 0.001 

Interaction between flocking and hunting energies 0.682809 0.077631 0 

 

As shown in Table 5 and Table 7, breeding, escaping, flocking, hunting and seeking energies 

have significantly negative effect on the system’s lifetime whereas the interactions have 

significantly positive effects on it. This implies that as breeding, escaping, flocking, hunting and 

seeking energies increase, the lifetime decreases. On the other hand, increasing interactions leads 

to enhancement in the ecosystem’s lifetime. 

As Thompson et al. [ 65] indicate, in reality of life, birds use flocking behavior for better 

movement, more efficient food searching and social learning. Flocking motion also decrease 

predation risk as much as the flock size increases and our simulation results show that flocking 

and seeking energy and flocking and hunting energy interactions are most significant interactions 

which matches the Thompson et al. observations in the real life. 

  



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Figure 7: The proportionality assumption test is satisfied for all energy parameters since all residual plots are 

horizontal line. Here are the results for: (a) breeding energy (b) escaping energy (c) flocking energy (d) 

Hunting energy (e) predator’s seeking energy (f) interaction of flocking energy with  predator’s seeking 

energy and (g) interaction of flocking energy with  predator’s hunting energy. 
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As shown in Table 5, breeding, escaping, flocking, hunting and seeking energies have 

significantly negative effects on the system lifetime while the interactions have significantly 

positive effects on the system’s lifetime. This implies that as breeding, escaping, flocking, 

hunting and seeking energies increase, the system lifetime decreases. On the other hand, 

increasing interactions leads to enhancement in the system lifetime. 

The graphical regression plots indicating the impact of five effective energy factors on system 

lifetime is illustrated in Figure 8. As shown in Table 5 all parameters have negative effect on 

systems’ lifetime which implies that increasing energy consumption rate results in shorter 

lifetime. Also, the results suggest that flocking energy has the highest impact on sys-tem.    

  



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Figure 8: Impacts of energy factors on the ecosystem’s life time. (a) Impact of hunting energy, (b) Impact of 

flocking energy,(c) Impact of breeding energy, (d) Impact of seeking energy, (e) Impact of escaping energy. 
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Utilizing the plot of cumulative probability of survival gives a better understanding of the 

effect of each energy parameter on the system. For instance, Figure 9 shows the cumulative 

probability of survival for two different levels of flocking energy given all other energy 

parameters are clamped. The red and blue curves illustrate survival function of two different 

flocking energies set as 50 and 10, respectively. As shown, higher level of flocking energy 

accelerates the extinction of ecosystem. The similar plots are for hunting and breeding energies 

are illustrated in Figure 10 and Figure 11 .   

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 9: Cumulative probability plot of survival for flocking energy 



 

 

 

 

 

 

 

 

 

In Figure 11 the survival function for two different levels of breeding energy is shown, when 

all other levels of energy the parameters are constant. The red and blue curves are survival 

function for breeding energy, respectively equal to 10 and 100. Graph shows that the higher level 

of breeding energy moves the system to extinction sooner. As before, Figure 11 also indicates 

that the breeding energy and system lifetime have an inverse relationship. 

  

Figure 10: Cumulative probability plot of survival for hunting energy 

Figure 11: Cumulative probability plot of survival for breeding energy 
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Ultimately, in order to evaluate the goodness-of-fit (i.e. how well the model fits a set of 

observations) of the model, we employ the graph of Nelson-Aalen cumulative hazard function 

and the Cox- Snell. In this scheme, the Nelson-Aalen cumulative hazard function with slope of 

45 degrees (i.e. equivalent to hazard rate of one) indicates that hazard function follows an 

exponential distribution whose hazard rate equals to one, which, in turn implies that the model 

fits the data well. As shown in Figure 12, the Nelson-Aalen residual for our model has an 

approximately 45-dgree slope which suggests that our final model fits the data very well.  

 

 

 

 

 

 

Figure 12:   Graph of Nelson-Aalen cumulative hazard function and the Cox-Snell variable depicting Goodness-of-Fit for 

the model.  



 

5 Summary and Conclusion 

This study introduces a stochastic scheme for modeling a multi-species prey-predator artificial 

ecosystem with two levels of food chain to investigate the influence of energy flow on the 

ecosystem’s lifetime. The proposed model consists of a stationary hosting environment with 

dynamic weather condition and fruit trees. The inhabitants of this ecosystem are herbivore and 

carnivore birds each consisting of a few species. In our model, the collective behavior emerges in 

terms of flocking, breeding, competing, resting, hunting, escaping, seeking and foraging 

behaviors. Using multi-species scheme, we define the ecosystem as a combination of prey and 

predator species with inter-competition among species within same level of food chain and intra-

competition among those belonging to different levels of food chain. Further-more, we introduce 

some energy variables as functions of behaviors to model the energy within the ecosystem. 

Ultimately, we developed a simulation and visualization framework for implementing the 

proposed model. The experimental results of 11,000 simulations analyzed by Cox univariate 

analysis and hazard function suggest that out of eight aforementioned behaviors, only five 

corresponding energy variable influence the ecosystem’s lifetime, significantly. Furthermore, the 

results of survival analysis show that out of all possible interactions among energy factors, only 

two of them including interaction between flocking and seeking energies, and interaction 

between flocking and hunting energies effect the lifetime most. The results of analyzing effect of 

each energy parameters and all possible interaction are indicated in appendix of this study. 

Additionally, software implementation of the proposed framework validates stability of 

simulation and visualization architecture. Ultimately, we validated our experimental results using 



 63 

Nelson-Aalen cumulative hazard function and Cox-Snell variable, and scaled Schoenfeld 

residuals test. 

5.1  Contributions 

To the best of our knowledge, there are three contributions in this research: 

As First, the high level of complexity in the structure of the proposed model in comparison with 

the other systems which mostly contains only one species of prey, one species of predator and a 

kind of resource. While this study introduces two species of prey, capability of competition 

among species, dynamic weather condition with two element of wind and  rain and dynamic 

resources, various behavioral rules such as escaping, breeding, hunting, resting, etc. 

Energy flow analysis within an artificial ecosystem is the second contribution. To the best of 

author’s knowledge there is no similar comprehensive model in the previous literature that 

investigates the life span of a stochastic multi-species predator-prey artificial ecosystem based on 

energy flow using Survival Analysis method. 

Lastly, the simulation results show that the flocking and seeking energy and flocking and 

hunting energy interactions are the most significant interactions which match with the Thompson 

et al. [ 65] observations in the real life. Their findings indicate that in real life birds use flocking 

behavior for better movement, more efficient food searching and social learning. Flocking 

motion also decrease predation risk as much as the flock size increases. 

5.2  Future Works 

As future works, we are planning to expand the research in three directions. First, we are 

planning to utilize evolutionary approach and reinforcement learning to provide the agents with 

required learning capabilities, so that they can autonomously learn behavioral rules that increase 



 

the lifetime and stability of the ecosystem based on survival of fittest paradigm and rewards from 

environment, respectively. Second, we will enhance the model by introducing more inhabitant 

types and increasing the levels of food chain. Moreover, in order to reach the steady state of the 

ecosystem with more inhabitants, we are planning to perform massive simulations and sensitivity 

analysis by using distributed processing paradigms. Third, we will make behaviors within system 

more realistic based on available empirical data and evaluating them on their own terms. Finally, 

we are planning to expand the visualization engine by providing an interactive interface as a 

serious-game based visualization tool in which not only user can tweak the parameters, but she 

can directly manipulate the visual environment in an interactive manner. 
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