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Scheduling in Serverless Computing for Solar Powered IoT Networks: A 

Two-Phase Approach  

Abstract: This article explores the integration of serverless and edge computing within solar-

powered Internet of Things (IoT) networks. The challenge of optimizing computational task 

scheduling and resource allocation across IoT devices to enhance efficiency and reduce network 

strain is addressed. Central to this investigation is the development of a two-phase optimization 

solution that strategically manages the deployment of computational tasks, taking into account 

the devices' limited energy, computational power, and storage capacity. 

The core contributions of this work include: (i) a novel serverless computing model 

tailored for energy-constrained IoT environments, ensuring operations within the thresholds of 

device capabilities while maximizing task efficiency; (ii) a mixed integer linear programming 

(MILP) formulation that accurately models the dynamics of sub-tasks allocation and resource 

scheduling, providing a benchmark for optimization; and (iii) a pragmatic two-phase method 

that approximates the optimal MILP solution, achieving a performance that reaches 81.47% of 

the MILP's benchmark in terms of application completion rates. 

Experimental results highlight the efficacy of the proposed approach in minimizing energy 

consumption and optimizing task execution, showcasing its potential to significantly improve 

the operational dynamics of solar-powered IoT networks. The findings not only validate the 

practical viability of the approach but also illustrate its significant potential to enhance the 

sustainability, efficiency, and resilience of IoT ecosystems. 

 

Key Words: edge computing, serverless computing, mixed integer linear programming, Two-

Phase Approach 

 

 

 



 

 

 

太阳能物联网网络无服务器计算中的调度：两阶段方法 

 

摘要: 本文探讨了无服务器和边缘计算在太阳能物联网(IoT)网络中的集成。解决了优化

物联网设备的计算任务调度和资源分配以提高效率和减少网络压力的挑战。这项研究的

核心是开发一种两阶段优化解决方案，该解决方案可以战略性地管理计算任务的部署，

同时考虑到设备有限的能量、计算能力和存储容量。 

这项工作的核心贡献包括 (i) 为能源受限的物联网环境量身定制的新型无服务器

计算模型，可确保在设备能力阈值范围内运行，同时最大限度地提高任务效率；(ii) 混

合整数线性规划（MILP）公式，可准确模拟子任务分配和资源调度的动态，为优化提供

基准；以及 (iii) 一种实用的两阶段方法，该方法近似于最优 MILP 解决方案，在应用完

成率方面达到 MILP 基准的 81.47%。 

实验结果强调了该方法在最小化能耗和优化任务执行方面的有效性，展示了其显著

改善太阳能物联网网络运行动态的潜力。研究结果不仅验证了该方法的实际可行性，还

说明了其在提高物联网生态系统的可持续性、效率和弹性方面的巨大潜力。 

 

关键字: 边缘计算，无服务器计算，混合整数线性规划，两阶段 
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1. Introduction

The emergence of smart cities, smart transportation, and precision agriculture has enabled

more Internet of Things (IoT) devices to join our lives and are increasingly powered by solar

energy to minimize environmental impact. This growth in IoT deployments has accelerated

the shift to edge computing, decentralizing data processing to increase efficiency and reduce

network stress.

The advent of edge computing has revolutionized data processing by decentralizing the ex-

ecution of services, accelerating response times, and reducing energy consumption and network

congestion. This decentralization plays a crucial role in IoT ecosystems, facilitating rapid data

analytics and processing close to user devices, thereby minimizing latency and easing network

loads [1],[2]. The integration of edge computing into IoT is further supported by significant in-

dustrial investment and the development of standardized Multi-access Edge Computing (MEC)

interfaces, highlighting its role in enhancing network services [3].

Alongside the growth of edge computing, serverless computing has emerged as a transfor-

mative paradigm, introducing a consumption-based billing model and simplifying server man-

agement for developers. This model primarily employed Function as a Service (FaaS) to break

down applications into independent, transient, stateless sub-tasks across different nodes [4],[5].

Incorporating serverless architecture into edge ecosystems optimizes resource use and ensures

scalability, leading to more dynamic and cost-effective service delivery to end-users [6],[7],[8].

However, merging edge and serverless computing introduces complexity, especially in man-

aging task scheduling and resource allocation within a serverless edge environment [9]. Existing

studies provide initial insights but rarely address the detailed scheduling challenges under third-

party resource coordination and the limited capacity of edge servers [10],[11]. Our research

investigates these scheduling challenges for stateless functions in an IoT edge computing set-

ting, focusing on the detailed decision-making required for energy management, computational

limitations, and the availability of functions.

To illustrate this, imagine a smart city scenario where solar-powered IoT devices are de-

ployed on both sides of the road to monitor traffic conditions. When a traffic accident occurs,

IoT devices around the accident immediately recognize a new application that needs to be ex-

ecuted - road warning. This road alert application can be broken down into multiple sub-tasks,

including real-time traffic data analysis, signal timing of traffic lights and redirect traffic flow,
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aiming to quickly respond to accidents and minimize their impact on traffic. Each sub-task is

designed to be lightweight and efficient, ensuring rapid execution even on devices with lim-

ited computing and energy resources. This process demonstrates how serverless computing

can break down a complex application into manageable sub-tasks, each of which needs to be

executed by a specific function. This approach not only improves processing efficiency, but

also ensures that each sub-task can be processed in a timely and efficient manner, even when

resources are limited.

In particular, this example highlights the following key decision points: (i) select which

functions to deploy to the IoT devices to perform corresponding sub-tasks based on limited

device resources, (ii) schedule which sub-tasks to be processed locally at a specific time, and

(iii) schedule which sub-tasks to be uploaded to the cloud server for execution at a specific

time. In addition to these considerations, a major optimization goal has emerged: to maximize

the number of applications completed by IoT devices in a given time period, ensuring efficient

utilization of on-premises and cloud resources. With the flexibility of serverless computing,

even resource-constrained IoT devices can effectively participate in the execution of complex

applications. This approach allows the device to dynamically choose the best way to perform

sub-tasks based on its current capabilities and the urgency of the task, either locally or with

computing power in the cloud.

Nevertheless,this system is confronted with several challenges. First, there exists a trade-off

between the quantity of functions deployed locally and the storage capacity of IoT devices. More

functions deployed locally consume additional storage space, but enable quicker execution of ap-

plication sub-tasks. Second, the decision-making process is both combinatorial and conditional.

Specifically, a local device may either execute sub-tasks locally with corresponding functions

deployed or choose to upload tasks to the cloud server. Furthermore, it is necessary to decide

the specific time slots for handling and uploading sub-tasks. AssumingN devices, T time slots,

and an average of M sub-tasks per application, the solution space is approximately calculated

as 2TNM2 , considering each sub-task can be either executed locally or uploaded. Third, devices

operate under the uncertainty of energy availability and network conditions, lacking predictive

information regarding future energy intake and channel gains to cloud servers[12].

This article explores the scheduling issues within serverless edge computing for IoT, outlin-

ing our key contributions as follows:

1. We modeled a new serverless computing system designed for solar-powered IoT net-
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works, based on an innovative solar energy harvesting model. This system not only sup-

ports charging IoT devices with solar energy but also enables the execution of applications

on these devices. Applications are divided into multiple sub-tasks, with each sub-task ex-

ecuted by corresponding stateless functions. Importantly, the execution of these sub-tasks

is a collaborative effort between the IoT devices and the cloud server, ensuring adherence

to the device’s energy, computation, and storage limits.

2. We proposed an optimization problem for serverless computing in IoT environments. This

problem aims to maximize the total number of applications successfully executed within

a certain period. It considers a set of predetermined function configurations for IoT de-

vices, the execution of sub-tasks locally at specific times, and the uploading of sub-tasks

for execution on cloud servers as decision variables, forming a Mixed Integer Linear Pro-

gramming (MILP) problem.

3. To solve this optimization problem, we designed a two-phase solution. In the first phase, a

simplified MILP problem is solved to determine a scheme for the function configuration

set of IoT devices. In the second phase, based on the results from the first phase, we

use Receding Horizon Control (RHC) and Gaussian Mixture Model (GMM) strategies

to decide on the allocation of sub-tasks and the scheme for local or cloud execution at

specific times.

4. Our experiments show that this two-phase method significantly improves resource allo-

cation efficiency and application demand satisfaction compared to traditional MILP and

random allocation methods. Especially, it dynamically adjusts based on real-time solar

energy and channel gain estimates, demonstrating significant performance benefits over

random allocation methods as the IoT network scales.

The rest of this article is organized as follows: Section 2 presents a review of the literature,

establishing the context and background for our work. Section 3 is dedicated to building the

system model and formulating the scheduling problem as a Mixed Integer Linear Programming

(MILP) problem. In Section 4, we introduce our two-phase scheduling algorithm, detailing its

design and operational principles. Section 5 evaluates the performance of our proposed scheme

through extensive simulations, demonstrating its efficacy and advantages. Finally, Section 6

concludes the article, summarizing our findings and suggesting directions for future research.
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2. Related Works

Table 1: A COMPARISON OF RELATED WORKS.
Prior works Energy

harvesting

Multiple time

slots

Multiple devices Function

configuration

[13],[14] ✓ × × ✓
[9],[15] × ✓ ✓ ✓
[16],[17] × × ✓ ✓
[18],[19] × × × ✓
[20],[21] × ✓ × ✓
This work ✓ ✓ ✓ ✓

Many works have investigated the application of serverless computing within IoT networks,

focusing on various aspects such as energy harvesting, time and device management, and func-

tion configuration. For instance, Ko et al. [13] and Aslanpour et al. [14] have delved into

energy harvesting and function configuration, revealing potential in optimizing latency and en-

ergy consumption in IoT networks. While their contributions are pivotal, they do not extend their

frameworks to encompass the complexities of solar energy sources or the dynamics involving

multiple devices and time slots.

In addressing the challenges of managing multiple time slots and devices, Xie et al. [9] and

Deng et al. [15] propose multi-objective optimization solutions aimed at minimizing energy

consumption, time, and cost. Their research, however, does not integrate energy harvesting

techniques, which is a crucial element in promoting sustainability in IoT networks.

The studies by Das et al. [16] and Bensalem et al. [17] concentrate on optimizing the

performance and function allocation for multiple devices without incorporating multiple time

slots or energy harvesting, thus limiting the scalability and adaptability of their solutions in

dynamic environments.

Furthermore, Cicconetti et al. [18] and Bac et al. [19] have explored function configuration

strategies for serverless computing in edge and IoT networks. Their research, primarily focused

on single-device scenarios, underscores the need for advanced function configuration but does

not address the challenges posed by energy constraints or the management of multiple devices

and time slots.
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Vahidinia et al. [20] and Agarwal et al. [21] have made strides in minimizing latency issues

and function cold start frequencies, with an emphasis on timemanagement and efficient function

configuration. However, their solutions overlook the integration of energy harvesting and the

complexity of handling multiple devices.

These prior works, while foundational, have not fully addressed the unique challenges and

opportunities presented by integrating advanced energy harvesting techniques and optimizing

function configuration for scalability and efficiency in serverless edge computing frameworks.

This work proposes a comprehensive framework that incorporates solar energy harvesting to

power multiple devices and optimizes application execution over various time slots with ad-

vanced function configuration strategies.

3. System Model

Figure 1: System Model

In this section, we introduce our serverless computing model designed for IoT networks.

Our IoT system comprises a cloud server c and a set of solar-powered IoT devices, denoted by

V . Each IoT device i ∈ V is equipped with a solar panel and a rechargeable battery. Addition-

ally, every device i hosts an application, which essentially is a task that needs to be computed

and is composed of multiple sub-tasks. These sub-tasks are executed by corresponding stateless
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functions. The cloud stores a library of functions along with the environment for all functions,

represented by F as the set of functions. Given the limited energy, computation, and storage

capacities of the devices, each device can only configure an environment for a subset of func-

tions, denoted by Fi. To complete an application, device i must request the cloud server s to

execute the remaining sub-tasks of the application, since the device can only execute sub-tasks

associated with functions withinFi. We define T as the set of discrete time slots or the planning

horizon. Each time slot is indexed by t ∈ T and has a duration of τ .

3.1 Energy Harvesting Model

IoT devices rely solely on solar energy, necessitating efficient management of energy arrivals

and storage. Let Et
i represent the solar energy arriving at device i in time slot t. The device’s

battery capacity, denoted as Bi, might not accommodate the entire Et
i , leading to a situation

where only a portion, ωt
i , can be stored during time slot t. The energy available in device i at

the beginning of time slot t is given by bti. These variables are subject to the constraints:

ωt
i ≤ Et

i , ∀i ∈ V , ∀t ∈ T , (1)

bti + ωt
i ≤ Bi, ∀i ∈ V , ∀t ∈ T . (2)

To accurately model the variability of solar energy arrival, we apply a stochastic model. The

model simulates Et
i through a hidden Markov model with states indicating weather conditions:

”Excellent”, ”Good”, ”Fair”, and ”Poor”, denoted by w ∈ {wE, wG, wF , wP}. Each state has

a Gaussian distribution of energy arrivals with mean µw and variance σ2
w. State transitions are

described by a probability matrix P , where Pi,j shows the transition probability from state i to

state j. Parameters for these distributions and transitions are based on historical solar irradiance

data, as detailed in [22].

3.2 Application Model

In our IoT system, each device i ∈ V is dedicated to a single application. The set of sub-

tasks for the application on device i is denoted as Si. For each sub-task s ∈ Si, its computational

requirement is determined by its data size Ds (in bits) and its workloadWs (in CPU cycles per

bit), leading to a product of DsWs which denotes the required CPU cycles for execution.

Each device i has a pre-configured environment for a subset of functions Fi ⊆ F , where F

is the set of all functions available in the cloud. A binary decision variable fi,k indicates whether
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function k is pre-configured on device i, with fi,k = 1 if yes, and 0 otherwise. sub-tasks require

specific functions for execution. We express this through a binary parameter ρs,k = 1 if sub-

task s requires function k, and 0 otherwise. A binary variable xt
i,s denotes whether sub-task s is

executed on device i at time slot t. This leads to the following constraint:

xt
i,s ≤

∑
k∈Fi

ρs,kfi,k, ∀s ∈ Si, ∀i ∈ V , ∀t ∈ T , (3)

For sub-tasks that cannot be executed locally due to the absence of necessary functions, we

introduce a binary variable yti,s, where yti,s = 1 if sub-task s is offloaded to the cloud at time t.

We establish the relationship between xt
i,s and yti,s as:

xt
i,s + yti,s ≤ 1, ∀s ∈ Si, ∀i ∈ V , ∀t ∈ T , (4)

ensuring that each sub-task is either executed locally or offloaded to the cloud, but not both.

The computational capability of device i is denoted by Ci, which limits the number of sub-

tasks that can be executed locally at each time slot:∑
s∈Si

DsWsx
t
i,s ≤ Ci, ∀i ∈ V , ∀t ∈ T . (5)

Additionally, due to limited storage resources, each device can only configure a subset of

the functions Fi. The storage constraint for the stateless functions is given by:∑
k∈F

σk · fi,k ≤ Si, ∀i ∈ V . (6)

where Si denotes the storage capacity of device i, and σk represents the storage requirement of

function k.

3.3 Communication Model

IoT devices utilize a wireless communication framework for data transmission to the cloud

server, where efficiency is governed by channel power gain and transmission energy require-

ments. The channel power gain between an IoT device i and the cloud server c during a time

slot t is given by:

gti,c = hC0

(
Di,c

D0

)−α

, ∀i ∈ V , ∀t ∈ T (7)

where h represents the channel fading effect, modeled as an exponentially distributed random

variable with an average value of one, C0 is the path loss at a reference distance D0, α is the

path loss exponent, and Di,c is the Euclidean distance between device i and the cloud server c.
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The energy required for an IoT device i to transmit its data to the cloud server in time slot t,

denoted as λU
t,i, is calculated as:

λU
t,i =

∑
s∈Sa

Dsy
t
i,sη

gti,c
, ∀i ∈ V , ∀t ∈ T (8)

where Ds is the data size of sub-task s in bits, yti,s is a binary variable indicating whether the

sub-task s is transmitted from device i to the cloud at time t, and η is a constant that represents

the energy efficiency of the transmitter. Further, a device can only upload its sub-tasks in slot t

when it has sufficient energy for that slot. The energy constraint for a device in slot t is given

by:

λU
t,i ≤ bit, ∀i ∈ V , ∀t ∈ T , (9)

where λU
t,i is the energy required for transmitting sub-tasks, and bit is the available battery energy

at the beginning of slot t.

In this section, the wireless communication framework required for IoT devices to transmit

data to the cloud server is elaborated upon, taking into account channel power gain and the en-

ergy requirements for transmission. Notably, the model does not account for the communication

process from the cloud server back to the IoT devices. This decision is based on the consider-

ation that the data size of the results returned to the IoT devices, following the execution of

sub-tasks, is typically minimal. Consequently, the impact of this returning data on the overall

energy consumption and communication efficiency is negligible.

3.4 Device Energy Consumption Model

Device energy consumption involves two main operations: (i) sub-task upload and (ii) sub-

task execution. The energy consumption for sub-task upload has been discussed in Subsection

3.3. For sub-task execution, we model the energy consumption using the data size Ds and

workloadWs of the sub-task, along with the energy cost per CPU cycle denoted by ν.

The energy consumed for executing sub-tasks locally on device i is expressed as:

λE
t,i =

∑
s∈Sa

xt
i,sDsWsν, ∀i ∈ V , ∀t ∈ T (10)

where λE
t,i represents the energy required to execute local sub-task s on device i. This energy

consumption is forced to zero when xt
i,s = 0, ∀s ∈ Sa. After defining the energy consumption

of the two operations on device i, the total energy consumption for device i at time slot t is given
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by:

λT
t,i = λE

t,i + λU
t,i (11)

Furthermore, considering the total energy consumption for both local sub-task execution and

sub-task uploading, the cumulative energy consumed for these operations must not exceed the

energy harvested by device i over time planning horizon. Therefore, we impose the constraint:

λT
t,i ≤

∑
t∈T

ωi
t, ∀i ∈ V , ∀t ∈ T (12)

where ωi
t is the energy stored during time slot t.

As a result, the energy level of device i evolves according to the equation:

bit = bit−1 + ωi
t−1 − λT

t,i, ∀t ∈ T (13)

3.5 Problem Formulation

The primary performance metric of interest is the total number of applications completed

within this system over |T | time slots. The decision-making process involves three main vari-

ables for each device i: (i) the function configuration, (ii) the decision to execute sub-tasks

locally, and (iii) the decision to upload sub-tasks for cloud offloading. This metric, denoted as

Z, quantifies the overall number of applications that are successfully completed throughout the

planning horizon T . Calculation of Z involves aggregating the completion status of all applica-

tions, factoring in the execution of all relevant sub-tasks s ∈ Si through either local processing

or cloud-based methods.

Within this system, zi serves as a binary indicator variable for each device i, signifying

whether the application on said device is fully executed (zi = 1) or not (zi = 0) over the period

T .To ensure comprehensive application completion, incorporating all its sub-tasks across every

time slot, whether executed locally or offloaded to the cloud, the model introduces the following

constraint: ∑
t∈T

∑
s∈Si

(xt
i,s + yti,s) ≥ |T ||Si|zi, ∀i ∈ V (14)

This constraint is pivotal for indirectly facilitating themaximization ofZ, by setting a prereq-

uisite for the completion status of applications based on the successful execution or offloading

of all associated sub-tasks.
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The problem can be modeled as the following MILP :

maximize
f, x, y

Z =
∑
i∈V

∑
t∈T

(∏
s∈Si

(xt
i,s + yti,s)

)
=
∑
i∈V

zi

subject to (1)− (6), (8)− (14)

(15)

4. A Resource-Aware Two-Phase Optimization Solution

This section presents a resource-aware two-phase optimization solution addressing problem

(15) in this IoT networks. At its core, the solution employs a straightforward strategy that classi-

fies decision variables according to their time-dependence. These variables fall into two primary

categories: static variables, which focus on the configuration of functions on devices, and dy-

namic variables, concerned with the execution of sub-tasks and their distribution between local

processing and cloud offloading. Algorithm 1 shows the overall architecture of this two-phase

optimization method.

In the first phase, the solution configures the functional capabilities of the IoT devices, ensur-

ing that each is tailored to effectively handle the expected workload within its specific resource

constraints. This configuration is static, meaning it remains unchanged over the planning hori-

zon, enabling devices to operate within their energy, storage, and computational limits.

The second phase of the solution capitalizes on the established configurations, intelligently

directing the execution of sub-tasks based on real-time evaluations of solar energy availability

and channel gain fluctuations. This phase is dynamic, adeptly adjusting to the current state of

network resources to optimize sub-task distribution. The objective is to enhance the overall

system’s productivity by maximizing the number of applications completed, all while adapting

to the ever-changing energy and network conditions.

4.1 Phase One: Function Configuration Decision

In the first phase of the solution, a simplified MILP model is deployed to determine the

optimal configuration of functions across Internet of Things (IoT) devices. The objective of this

phase is to select a subset of functions, Fi, for each device i from the universal set of functions

F , aiming to strike a balance between the expected workload of each device and its resource

constraints, including storage, computational, and energy capacities. The objective of the MILP

model is to maximize the coverage of sub-tasks by the configured functions on devices, aiming

for the most efficient use of the devices’ storage, computational and energy resources.
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Algorithm 1 Two-Phase Optimization for IoT Serverless Computing
1: procedure Two_Phase_Optimization(V ,F , T )

2: Phase One: Function Configuration

3: Estimate the average energy arrival Ei for each device i

4: Determine optimal function configuration Fi for each device i

5: Phase Two: sub-task Allocation

6: for each time slot t in T do

7: Estimate energy arrival Êt
i and channel gain ĝti for each device i in time slot t

8: Maximize number of completed applications based on Fi

9: Update estimation model and energy level bti for each device i

10: end for

11: end procedure

The simplified MILP formulation is as follows:

Objective:

max
fi,k

∑
i∈V

∑
k∈F

∑
s∈S

ρs,kfi,k (16)

Subject to:

Storage-Aware Constraint: ∑
k∈F

σkfi,k ≤ Si, ∀i ∈ V (17)

Computation-Aware Constraint:∑
k∈F

∑
s∈Si

DsWsρs,kfi,k ≤ Ci, ∀i ∈ V (18)

Energy-Aware Constraint:∑
k∈F

∑
s∈Si

DsWsνρs,kfi,k ≤ Ei, ∀i ∈ V (19)

where:

• fi,k is a binary variable indicating whether function k is configured on device i.

• ρs,k indicates whether sub-task s requires function k.

• ν denotes the energy cost per CPU cycle
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• σk represents the storage requirement for function k.

• Si, Ci, and Ei represent the storage, computational, and average energy capacities of

device i, respectively.

This formulation ensures that the selected function configurations for each device are within

their resource limits, optimizing the network’s overall capability to handle its tasks efficiently.

A distinction in this model from the constraints on fi,k in the MILP model, noted in problem

(15), is the inclusion of an energy-aware constraint. This constraint accounts for the energy re-

quirements of locally executing sub-tasks with the designated function on each device. It specif-

ically ensures that the energy needed for the function—computed from the energy consumption

rate ν per CPU cycle, the data size of the sub-task Ds, and the workloadWs—does not exceed

the estimated average energyEi of device i. This method emphasizes the significance of energy

efficiency in the sub-task allocation process.

Furthermore, regarding the estimated average energy Ei of device i, we utilize a Gaussian

Mixture Model (GMM) to estimate the solar energy arrival across all |T | slots. Then, we calcu-

late the average value of these slots for each device. This approach allows for a more accurate

and refined estimation of energy availability, enhancing the model’s capability to allocate sub-

tasks efficiently.

4.2 Phase Two: sub-task Allocation Decision

Figure 2: An Overview of Proposed Solution
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With the configurations of functions established in Phase One, Phase Two advances the

decision-making process for the execution of sub-tasks by leveraging the Receding Horizon

Control (RHC) strategy. This method utilizes up-to-date forecasts of solar energy availability

and channel gain, enhancing the effectiveness of decisions. Illustrated in Figure 2, a device

applies the RHC method to identify the optimal course of action across a decision window of

K = 5 time slots. Initially, the device executes the action determined for the current time

slot t, and then shifts the decision window forward by one slot. Following this adjustment, the

system revisits problem (15) to ascertain the optimal action for the next time slot t + 1, now

incorporating refreshed estimates of channel conditions and solar energy arrivals. This process

of continuous updating and reassessment ensures that the decision on whether to process sub-

tasks locally or offload them to the cloud is made with the aim of optimizing resource allocation

and task execution efficiency.

Our solution involves three stages: (i) Training, (ii) Prediction, and (iii) Decision.Let T be a

large positive number. In the Training stage, each device collects historical data on solar energy

arrival and channel gain over T slots. These two types of collected data are recorded in sets

GT
i for channel gain and ET

i for energy harvesting, respectively. This data is then used to train

GaussianMixtureModels (GMMs) for predicting future solar energy arrivals and channel gains.

For each IoT device, the historical data collected over T slots are used as input to the GMMs.

The training of GMMs is performed via the Expectation-Maximization (EM) algorithm, which

iteratively maximizes the likelihood function of the data. During the Expectation step, the algo-

rithm estimates the probabilities that the data points were generated by each component of the

mixture model [23]. In the Maximization step, the model parameters are updated to maximize

the expected likelihood, refining the model’s fit to the data. This iterative process continues

until convergence, resulting in a model that can accurately predict future states based on past

observations. The Prediction stage involves estimating the future state of these parameters us-

ing the trained GMMs, while the Decision stage involves solving the MILP problem of problem

(15) without decisions of f t
i to determine the optimal allocation of sub-tasks.

The solar energy arrival and channel gain are estimated as follows:

Êt
i = Predict(ETi ), ∀i ∈ V (20)

ĝti = Predict(GTi ), ∀i ∈ V (21)
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In the Algorithm 2,the Training Stage (Lines 4-7) begins with each IoT device i using

CollectInfo to collect historical solar energy data GT
i and channel gain data ET

i . This data

is then used to train two GMMs, GMM_solar and GMM_channel, with the TrainGMM function.

The Prediction Stage (Lines 9-12) involves estimating the solar energy arrival Êt
i and channel

gain ĝti for the next time slot t for every device i using the trained GMMs. The Decision Stage

(Lines 13-18) sets up a decision window K and employs SolveMILP to determine the efficient

allocation of sub-tasks within that window. Once the sub-task decisions from Φ for the current

time slot t are executed, the energy levels of the devices are updated for the next time slot.

Algorithm 2 sub-task Allocation Using RHC and GMM
1: procedure sub-taskAllocation(V , T , K)

2: Initialize: Configure functions Fi for each device i.

3: —Training Stage —

4: for i ∈ V do

5: GTi , ETi ← CollectInfo(i, T )

6: GMMsolar, GMMchannel ← TrainGMM(GTi , ETi )

7: end for

8: — Prediction Stage —

9: for t ∈ T do

10: for i ∈ V do

11: Êt
i , ĝ

t
i ← Predict(GTi , ETi , t,K)

12: end for

13: —Decision Stage —

14: K ← {t, t+ 1, . . . , t+K − 1}

15: Φ← SolveMILP(K, {ĝti}, {Êt
i})

16: Execute decisions from Φ for time slot t

17: Update the device energy levels bt+1
i ← bti − EnergyUsed(Φ)

18: end for

19: end procedure
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5. Evaluation

We conducted our evaluation in a Python 3.9 environment, employing Gurobi 9.1.1 to solve

the MILP problem delineated in (15). The simulation encompasses a network of IoT devices

within a controlled experimental framework. The parameters defining our simulation are:

• Number of time slots (Num_T): 10

• Number of IoT devices (Num_V): 10

• Number of available functions (Num_F): 5

• Number of sub-tasks (Num_Sub): 5

• Battery capacity for each device: 100 Joules (V_Energy) [24]

• Solar panels per device: 30 × 30 cm2 at 20% efficiency (V_Solar_Panel) [12]

• Computational capacity per device: 1.5e7 CPU cycles per time slot (C_i) [25]

• Storage capacity per device: 700 bits (S_i)

• Data size of sub-tasks: Randomly between 800 to 1500 bits (D_s)

• Workload of sub-tasks: Randomly between 1500 to 3000 CPU cycles per bit (W_s) [9]

• Storage needs for functions: Randomly between 100 to 200 bits (sigma_k)

• sub-task function requirements: Binary, randomly determined (rho_s_k)

• Transmitter energy efficiency: 0.3 (eta)

• Energy per CPU cycle: 2e-6 Joules (nu)

• Storage and battery capacities are constants for simplicity.

Channel gain and solar energy parameters are estimated according to the setup, with devices

calibrated to optimize energy and computational efficiency within their operational constraints.

This setup evaluates the performance of our ”Two-phase” optimization method relative to a

RANDOM approach, which makes sub-task allocations and function configurations decisions

arbitrarily. Additionally, the MILP method serves as the benchmark, representing the optimal

solution computed by Gurobi 9.1.1. Results presented are the mean of 10 iterations.
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5.1 Impact of Number of Devices |V|
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Figure 3: Impact of Number of Devices |V| on performance

Figure 3 delineates the performance impact based on the number of devices in the system. It

is observed that the MILP method consistently exhibits superior performance across all device

quantities. The Two-Phase approach follows closely, demonstrating robustness, particularly as

the device count increases. In contrast, the RANDOM method shows a noticeable decline in

performance with more devices. Notably, with a growing number of devices, the gap in per-

formance between the RANDOM method and the other two approaches becomes increasingly

pronounced, underscoring the effectiveness of systematic optimization over random allocation.

TheMILPmethod showcases a consistent increase, with the number of finished applications

rising from 2.2 to 9.8 as the number of devices escalates from 3 to 11. This pattern suggests an

almost linear scalability, reflective of the method’s ability to utilize additional resources effec-

tively. Conversely, the Two-Phase method displays a moderate upswing, with finished applica-

tions ascending from 1.8 to 8.2, mirroring a strong but suboptimal scaling compared to MILP.

Notably, the gap between MILP and Two-Phase narrows as the device count increases, indicat-

ing that the Two-Phase method’s performance enhancement has a proportional relationship with

system size. On the other hand, the RANDOM method exhibits the most limited progression,

with the finished applications count incrementing only marginally from 0.8 to 4.5. This suggests
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that while the RANDOMmethod benefits from additional devices, its lack of strategic planning

leads to sublinear and inefficient scaling.

In comparison, the Two-Phase method commences with 81.8% of MILP’s completed appli-

cations at three devices, but it experiences a relative improvement as the network size grows.

Notably, with 11 devices, the Two-Phase method achieves 83.7% of the MILP’s performance,

hinting at its potential to scale robustly within larger networks, despite a lower starting point.

This behavior underscores the Two-Phase method’s ability to adapt and improve its relative

efficiency as the system expands.

On the contrary, the RANDOMmethod displays a markedly different trend. Starting at only

36.4% of the MILP’s performance with three devices, it shows a marginal increase in absolute

terms but a decreased performance proportionally, with 45.9% at 11 devices. The RANDOM

method’s trajectory, marked by a less pronounced upward curve, suggests that it fails to capi-

talize on the increased network resources efficiently. This inefficiency is evident as its relative

gain in performance, compared to MILP, does not correspond proportionally to the increase in

the number of devices.

5.2 Impact of Number of subtaks |Si|
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Figure 4: Impact of Number of sub-taks |Si| on performance

18



Figure 4 presents a performance evaluationwith varying numbers of sub-tasks |Si|. It reveals

distinctive trends for each of the optimization methods as the number of sub-tasks increases.

The MILP method commences with a high performance at 9.4 for a single sub-task, slightly

diminishing to 9.2 with three sub-tasks, and then experiencing a more pronounced decrease

as the sub-task number rises, reaching a low of 0 at nine sub-tasks. This suggests that while

MILP handles smaller sub-task loads with near-perfect efficiency, its performance is inversely

proportional to the number of sub-tasks.

The Two-Phase method starts with an excellent performance of 9.4 for a single sub-task,

indicating its strength in scenarios with fewer sub-tasks. However, as the sub-task count grows,

a decrement in performance is observed, dropping to 7.8 for three sub-tasks and progressively

lowering to 0 for nine sub-tasks. This performance trajectory illustrates a resilience to increas-

ing workloads, albeit with a decline in efficacy as the sub-task number becomes substantial.The

RANDOMmethod demonstrates the least effective performance management across the board.

It begins with a score of 6.4 and diminishes consistently with each increase in sub-tasks, con-

cluding at 0 for nine sub-tasks. The absence of a strategic approach is evident as the RANDOM

method shows the steepest decline in performance, indicating its vulnerability to increased com-

plexity.

The comparison of completion rates presents the Two-Phase method at 94% ofMILP’s com-

pletion rate for a single sub-task, suggesting close competitiveness. Nevertheless, this percent-

age decreases as the number of sub-tasks grows, with the Two-Phase achieving 84.5%, 77.8%,

and 55.9% ofMILP’s completions for three, five, and seven sub-tasks, respectively. This pattern

indicates the Two-Phase method’s performance is proportionately affected by the rising sub-task

number, reflecting a decrement in efficiency at higher loads compared to MILP’s more gradual

decline. On the other hand, RANDOM’s performance proportions significantly fall from 64%

at one sub-task to 25% at seven sub-tasks, which is indicative of its comparative inefficiency in

resource allocation and task management under increasing demands.
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5.3 Impact of Storage Capacity of Device Si
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Figure 5: Impact of Storage Capacity of Device Si on performance

Figure 5 illustrates the correlation between the storage capacity of IoT devices and their

performance efficiency. It is evident from the graph that as the storage capacity increases, the

number of completed applications by the MILP and Two-Phase methods shows a general up-

ward trend, indicating that larger storage facilitates enhanced performance. The MILP method,

in particular, maintains a consistently high number of completed applications across varying

storage capacities, suggesting its robustness and efficient utilization of storage resources. In

comparison, the Two-Phase method exhibits a gradual increase in performance as storage ca-

pacity grows, which implies that while the Two-Phase method benefits from increased storage,

it does so with diminishing returns as capacity reaches higher thresholds.

Upon delving into the specifics, the MILP method begins at a completion count of 6 applica-

tions for a storage capacity of 300 bits, eventually plateauing at 7.4 applications for capacities of

900 bits and above. This indicates an initial sensitivity to storage which stabilizes at higher ca-

pacities. The Two-Phase method also starts at a lower completion count of 4.8 but sees a steadier

climb, reaching 6.5 applications at the highest capacity. This suggests a consistent but moderate

improvement aligned with storage enhancements. Conversely, the RANDOM method’s trajec-

tory is less predictable, with the number of completed applications not following a consistent
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pattern as storage capacity increases. Its performance peaks at a capacity of 900 bits with 3.2

completed applications, only to dip slightly at a capacity of 1100 bits.

From the data presented in Figure 5, we observe that the Two-Phase method achieves a

commendable proportion of the MILP’s application completion count across various storage

capacities. Specifically, at a storage capacity of 300 bits, the Two-Phase method accomplishes

80% of the applications completed by the MILP method. This ratio sees a slight decrease as

the storage capacity increases; with the Two-Phase method reaching 88.5% of the MILP’s per-

formance at 500 bits, and gradually narrowing down to 87.8% at a storage capacity of 700 bits.

Notably, at the higher capacities of 900 and 1100 bits, the Two-Phase method maintains a con-

sistent completion ratio of 86.5% and 87.8%, respectively, compared to the MILP method.

These ratios reflect the Two-Phase method’s relative efficiency compared to the optimized

MILP approach, underscoring its potential as a near-optimal solution. Conversely, when con-

sidering the RANDOMmethod, the completion count reflects more significant fluctuations. At

the lowest capacity of 300 bits, RANDOM achieves 40% of the MILP’s completions, while at

900 bits, this performance peaks at 43.2%, demonstrating an inconsistent scaling with storage

capacity increases. The RANDOM method, thus, does not exhibit a proportional increase in

application completions with enhanced storage, which may be indicative of its inherent ineffi-

ciency in resource utilization, particularly at higher storage capacities.

6. Conclusion

This paper has presented a serverless computing model for solar-powered IoT networks that

incorporates a novel approach to managing tasks within the constraints of energy, computa-

tion, and storage capacities. We introduced a Two-Phase optimization solution, set against a

conventional MILP approach and a RANDOM method, to demonstrate the benefits of strategic

resource management. Our model, underpinned by a set of IoT devices each equipped with a so-

lar panel and battery, hosts applications that consist of multiple sub-tasks, necessitating efficient

execution within the device’s resource constraints.

The MILP approach, representing an optimal solution, and the Two-Phase method, an ap-

proximation of the MILP, were both shown to significantly outperform the RANDOM method.

As the number of devices increased, the Two-Phase method displayed a proportional relation-

ship in performance relative to MILP, reinforcing its scalability and robustness in larger IoT

networks. Averagely, the Two-Phase method attained up to 87.8% of MILP’s performance, a
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testament to its near-optimal efficiency and adaptability.

However, the study revealed that the performance of both MILP and Two-Phase approaches

deteriorated with an increased number of sub-tasks, eventually declining to zero for nine sub-

tasks. This highlights a critical scalability issue as the complexity of task management rises,

suggesting a future research direction towards enhancing the Two-Phase method to better man-

age larger sets of sub-tasks. Moreover, the results indicated a clear dependency on storage ca-

pacity, where larger capacities yielded improved performance for MILP and Two-Phase meth-

ods, whereas the RANDOMmethod showed no such correlation, peaking and then diminishing

slightly, suggesting inefficient resource utilization.

For future endeavors, our objective is to leverage Directed Acyclic Graphs (DAGs) to model

the interdependencies of sub-tasks within the serverless computing framework for IoT networks.

By mapping the intricate precedence relations of sub-tasks via DAGs, we anticipate the creation

of more sophisticated and scalable optimization strategies. This approach aims to enhance the

orchestration of serverless functions, paving the way for more efficient task execution work-

flows. Embracing DAGs for task modeling is expected to not only improve the granularity of

control over the execution order but also to reduce execution latency, thereby advancing the

overall efficacy of IoT systems in distributed computing environments.
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Appendix
This appendix includes the source code developed for the MILP and Two-Phase solutions

as part of the above experiments.

MILP Solution Code

The first code snippet represents the Mixed-Integer Linear Programming (MILP) solution

approach used for optimizing the given problem. This approach utilizes the Pyomo library for

defining and solving the optimization model.

1 from pyomo . e nv i r o n impo r t *
2 impo r t numpy as np

3

4 de f ca l l_MILP (V, F , Sub , T , B_i , C_i , S_i , D_s ,W_s , sigma_k , rho_s_k , E_i , Dstore_Cap ,

Ebat t_Cap , e t a , g_t , nu ) :

5

6 # I n i t i a l i z e t h e model

7 model = Concre teModel ( name=” s e r v e r l e s s ” )

8 model . w_i = Var (T , V, bounds = (0 , Dstore_Cap ) ) # $w_{ i }^{ t }$

9 model . b_ i = Var (T , V, bounds = (0 , Eba t t_Cap ) ) # $b_{ i }^{ t }$

10 # Dec i s i o n v a r i a b l e s

11 model . f = Var (V, F , domain=Bina ry ) # Func t i o n c o n f i g u r a t i o n

12 model . x = Var (T , V, Sub , domain=Bina ry ) # Sub t a sk e x e c u t i o n

13 model . y = Var (T , V, Sub , domain=Bina ry ) # Sub t a sk o f f l o a d i n g

14

15 # C o n s t r a i n t ( 1 )

16 de f E n e r g y _ a r r i v a l _ d e v i c e _ r u l e ( model , t , i ) :

17 r e t u r n model . w_i [ t , i ] − E_i [ t , i ] <= 0

18

19 model . E n e r g y _ a r r i v a l _ d e v i c e = C o n s t r a i n t (T , V, r u l e =

E n e r g y _ a r r i v a l _ d e v i c e _ r u l e )

20

21 # C o n s t r a i n t ( 2 )

22 de f B a t t e r y _ d e v i c e _ r u l e ( model , t , i ) :

23 r e t u r n model . b_ i [ t , i ] + model . w_i [ t , i ] − B_i [ i ] <= 0

24

25 model . B a t t e r y _ d e v i c e = C o n s t r a i n t (T , V, r u l e = B a t t e r y _ d e v i c e _ r u l e )

26
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27 # C o n s t r a i n t ( 3 )

28 de f a p p l i c a t i o n _ c o n s t r a i n t _ r u l e ( model , t , i , s ) :

29 r e t u r n model . x [ t , i , s ] <= sum ( rho_s_k [ s , k ] * model . f [ i , k ] f o r k

i n F )

30

31 model . A p p l i c a t i o n C o n s t r a i n t = C o n s t r a i n t (T , V, Sub , r u l e =

a p p l i c a t i o n _ c o n s t r a i n t _ r u l e )

32

33 # C o n s t r a i n t ( 4 )

34 de f s u b t a s k _ o f f l o a d i n g _ r u l e ( model , t , i , s ) :

35 # Ensu r e s a s u b t a s k i s e i t h e r e x e cu t e d l o c a l l y o r o f f l o a d ed , bu t

no t bo th

36 r e t u r n model . x [ t , i , s ] + model . y [ t , i , s ] <= 1

37

38 model . S u b t a s kO f f l o a d i n g = C o n s t r a i n t (T , V, Sub , r u l e =

s u b t a s k _ o f f l o a d i n g _ r u l e )

39

40 # C o n s t r a i n t ( 5 )

41 de f c omp u t a t i o n a l _ c a p a c i t y _ r u l e ( model , t , i ) :

42 # Sum of CPU c y c l e s r e q u i r e d by a l l s u b t a s k s must no t exceed t h e

d ev i c e ’ s c ompu t a t i o n a l c a p a c i t y

43 r e t u r n sum ( D_s [ s ] * W_s[ s ] * model . x [ t , i , s ] f o r s i n Sub ) <= C_i [

i ]

44

45 model . Compu t a t i o n a lCap a c i t y = C o n s t r a i n t (T , V, r u l e =

c omp u t a t i o n a l _ c a p a c i t y _ r u l e )

46

47 # C o n s t r a i n t ( 6 )

48 de f s t o r a g e _ c a p a c i t y _ r u l e ( model , i ) :

49 # Sum of s t o r a g e r e q u i r emen t s o f a l l f u n c t i o n s c o n f i g u r e d on d ev i c e

must no t exceed i t s s t o r a g e c a p a c i t y

50 r e t u r n sum ( sigma_k [ k ] * model . f [ i , k ] f o r k i n F ) <= S_i [ i ]

51

52 model . S t o r a g eCap a c i t y = C o n s t r a i n t (V, r u l e = s t o r a g e _ c a p a c i t y _ r u l e )

53

54 # C o n s t r a i n t ( 9 )

55 de f e n e r g y _ c on s ump t i o n _ e x e c u t i o n _ r u l e ( model , t , i ) :

56 # Energy consumed f o r e x e c u t i n g s u b t a s k s l o c a l l y on d ev i c e i a t

t ime t
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57 r e t u r n sum ( model . y [ t , i , s ] * D_s [ s ] * W_s[ s ] * e t a / g_ t [ t , i ] f o r s

i n Sub ) <= model . b_ i [ t , i ]

58

59 model . Ene rgyConsumpt ionExecu t ion = C o n s t r a i n t (T , V, r u l e =

e n e r g y_ c on s ump t i o n _ e x e c u t i o n _ r u l e )

60

61 # C o n s t r a i n t ( 1 2 )

62 de f e n e r g y _ c o n s ump t i o n _ t o t a l _ r u l e ( model , t , i ) :

63 # Energy consumed f o r e x e c u t i n g s u b t a s k s l o c a l l y on d ev i c e i a t

t ime t

64 r e t u r n sum ( model . y [ t , i , s ] * D_s [ s ] * W_s[ s ] * e t a / g_ t [ t , i ] f o r s

i n Sub ) + sum ( model . x [ t , i , s ] * D_s [ s ] * W_s[ s ] * nu f o r s i n Sub ) <=

sum ( model . w_i [ t , i ] f o r t i n T )

65

66 model . Ene r gyCon sump t i on t o t a l = C o n s t r a i n t (T , V, r u l e =

e n e r g y _ c o n s ump t i o n _ t o t a l _ r u l e )

67

68 # C o n s t r a i n t ( 1 3 )

69 de f b a t t e r y _ s t a t e _ u p d a t e _ r u l e ( model , t , i ) :

70 # Th i s c o n s t r a i n t u pd a t e s t h e b a t t e r y s t a t e based on p r e v i o u s s t a t e

, ene rgy h a r v e s t e d , and ene rgy consumed

71 # Assuming ene rgy consumed f o r t r a n sm i s s i o n ( \ lambda ^{U}_{ t , i } ) i s

c a l c u l a t e d o r d e f i n e d e l s ewhe r e

72 i f t == 0 : # I n i t i a l c o n d i t i o n

73 r e t u r n C o n s t r a i n t . Sk ip # Or d e f i n e an i n i t i a l s t a t e f o r model .

b_ i [ 0 , i ]

74 e l s e :

75 r e t u r n model . b_ i [ t , i ] == model . b_ i [ t − 1 , i ] + model . w_i [ t −

1 , i ] − ( sum ( model . y [ t , i , s ] * D_s [ s ] * W_s[ s ] * e t a / g_ t [ t , i ] f o r s i n

Sub ) + sum ( model . x [ t , i , s ] * D_s [ s ] * W_s[ s ] * nu f o r s i n Sub ) )

76

77 model . B a t t e r y S t a t eUp d a t e = C o n s t r a i n t (T , V, r u l e =

b a t t e r y _ s t a t e _ u p d a t e _ r u l e )

78

79 # Ob j e c t

80 # Dec i s i o n v a r i a b l e s f o r a p p l i c a t i o n comp l e t i o n

81 model . z = Var (V, domain=Bina ry ) # Ap p l i c a t i o n comp l e t i o n i n d i c a t o r f o r

each d ev i c e

82
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83 # C o n s t r a i n t ( 1 4 ) t o e n s u r e s u b t a s k comp l e t i o n l e a d s t o a p p l i c a t i o n

comp l e t i o n

84 de f a p p l i c a t i o n _ c omp l e t i o n _ r u l e ( model , i ) :

85 # For each d ev i c e i , e n s u r e t h a t i f a l l s u b t a s k s a r e e i t h e r

e x e cu t e d o r o f f l o a d ed , t h en z [ i ] can be 1

86 r e t u r n sum ( model . x [ t , i , s ] + model . y [ t , i , s ] f o r t i n T f o r s i n

Sub ) >= l e n (T ) * l e n ( Sub ) * model . z [ i ]

87

88 model . App l i c a t i o nComp l e t i o n = C o n s t r a i n t (V, r u l e =

a p p l i c a t i o n _ c omp l e t i o n _ r u l e )

89

90 # Ob j e c t i v e : Maximize t h e number o f comple t ed a p p l i c a t i o n s

91 de f o b j e c t i v e _ r u l e ( model ) :

92 r e t u r n sum ( model . z [ i ] f o r i i n V)

93

94 model . o b j e c t i v e = Ob j e c t i v e ( r u l e = o b j e c t i v e _ r u l e , s e n s e =maximize )

95

96 # So lve t h e MILP

97 op t = So l v e r F a c t o r y ( ’ g u r ob i ’ , s o l v e r _ i o = ’ py thon ’ )

98 r e s u l t s = op t . s o l v e ( model ) # s o l v e s and upd a t e s i n s t a n c e

99 Max_min_Opt = va l u e ( model . o b j e c t i v e )

100 model . f . p p r i n t ( )

101 r e t u r n Max_min_Opt

Two-Phase Solution Code

The second code snippet outlines the Two-Phase solution method. The first phase deals

with the function configuration, while the second phase focuses on decision-making based on

the function configurations derived from the first phase.

1 # Phase 1

2 de f c a l l _ f u n c t i o n _ c on f i g _MILP (V, F , S_i , C_i , sigma_k , rho_s_k , D_s , W_s ,

Sub ) :

3 # I n i t i a l i z e t h e model

4 model = Concre teModel ( name=” F u n c t i o nCo n f i g u r a t i o n ” )

5

6 # Dec i s i o n v a r i a b l e s

7 model . f = Var (V, F , domain=Bina ry ) # Func t i o n c o n f i g u r a t i o n

8
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9 # C o n s t r a i n t s

10 # C o n s t r a i n t ( 1 ) : S t o r a g e c a p a c i t y c o n s t r a i n t f o r each d ev i c e

11 de f s t o r a g e _ c a p a c i t y _ r u l e ( model , i ) :

12 r e t u r n sum ( sigma_k [ k ] * model . f [ i , k ] f o r k i n F ) <= S_i [ i ]

13 model . S t o r a g eCap a c i t y = C o n s t r a i n t (V, r u l e = s t o r a g e _ c a p a c i t y _ r u l e )

14

15 # C o n s t r a i n t ( 2 ) − Cons i d e r c ompu t a t i o n a l c a p a c i t y i f n e c e s s a r y

16 # t h e c ompu t a t i o n a l demand ( C_demand ) o f hav ing a f u n c t i o n on a d ev i c e .

17 de f c omp u t a t i o n a l _ c a p a c i t y _ r u l e ( model , i ) :

18 C_demand = {k : W_s [ k ] * D_s [ k ] f o r k i n F} # Example way t o

c a l c u l a t e demand , a d j u s t a s needed

19 r e t u r n sum ( C_demand [ k ] * model . f [ i , k ] f o r k i n F ) <= C_i [ i ]

20 model . Compu t a t i o n a lCap a c i t y = C o n s t r a i n t (V, r u l e =

c omp u t a t i o n a l _ c a p a c i t y _ r u l e )

21

22 # Ob j e c t i v e : Maximize t h e cove r age o f s u b t a s k s by t h e c o n f i g u r e d

f u n c t i o n s on d e v i c e s

23 de f o b j e c t i v e _ r u l e ( model ) :

24 r e t u r n sum ( sum ( rho_s_k . g e t ( ( s , k ) , 0 ) * model . f [ i , k ] f o r k i n F )

f o r s i n Sub f o r i i n V)

25 model . o b j e c t i v e = Ob j e c t i v e ( r u l e = o b j e c t i v e _ r u l e , s e n s e =maximize )

26

27 # So lve t h e MILP

28 s o l v e r = S o l v e r F a c t o r y ( ’ g u r ob i ’ )

29 r e s u l t s = s o l v e r . s o l v e ( model , t e e =True )

30

31 # E x t r a c t and r e t u r n t h e f u n c t i o n c o n f i g u r a t i o n s o l u t i o n

32 f _ s o l = np . z e r o s ( ( l e n (V) , l e n ( F ) ) )

33 f o r i i n r ange ( l e n (V) ) :

34 f o r j i n r ange ( l e n ( F ) ) :

35 f _ s o l [ i , j ] = model . f [ i , j ] . v a l u e

36 # f _ s o l u t i o n = { ( i , k ) : v a l u e ( model . f [ i , k ] ) f o r i i n V f o r k i n F}

37 r e t u r n f _ s o l

38

39

40 # Phase 2

41 de f MPC_call_MILP ( ban_i , e n e r g y_ l e v e l , e n e r g y _ s t o r e , x_dec , y_dec , c u r r e n t _ s l o t ,

f_known ,V, F , Sub , T , B_i , C_i , S_i , D_s ,W_s , sigma_k , rho_s_k , E_i , Dstore_Cap ,

Ebat t_Cap , e t a , g_t , nu ) :
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42

43 # I n i t i a l i z e t h e model

44 model = Concre teModel ( name=” s e r v e r l e s s ” )

45 model . w_i = Var (T , V, bounds = (0 , Dstore_Cap ) ) # $w_{ i }^{ t }$

46 model . b_ i = Var (T , V, bounds = (0 , Eba t t_Cap ) ) # $b_{ i }^{ t }$

47 # Dec i s i o n v a r i a b l e s

48 model . x = Var (T , V, Sub , domain=Bina ry ) # Sub t a sk e x e c u t i o n

49 model . y = Var (T , V, Sub , domain=Bina ry ) # Sub t a sk o f f l o a d i n g

50 # Fixed f u n c t i o n c o n f i g u r a t i o n from Phase 1

51 f _ i n i t = { ( v , f ) : f_known [ v , f ] f o r v i n r ange ( l e n (V) ) f o r f i n r ange (

l e n ( F ) ) }

52 model . f = Param (V, F , i n i t i a l i z e = f _ i n i t , w i t h i n =Bina ry )

53 i f c u r r e n t _ s l o t >0 :

54 # upda t e t h e r e c o r d i n f o rm a t i o n

55 f o r v i n r ange ( l e n (V) ) :

56 model . b_ i [ 0 , v ] . f i x ( e n e r g y _ l e v e l [ v ] ) # F ixed b a t t e r y s t a t u s

57 model . w_i [ 0 , v ] . f i x ( e n e r g y _ s t o r e [ v ] ) # F ixed ene rgy s t o r e

58 f o r s i n r ange ( l e n ( Sub ) ) :

59 model . x [ 0 , v , s ] . f i x ( x_dec [ v , s ] ) # F ixed s u b t a s k

e x e c u t i o n

60 model . y [ 0 , v , s ] . f i x ( y_dec [ v , s ] ) # F ixed s u b t a s k

o f f l o a d i n g

61 # Ban t h e d ev i c e t h a t f i n i s h i t s d e v i c e

62 f o r i i n r ange ( l e n (V) ) :

63 i f b an_ i [ i ] == 1 :

64 # Fix a l l d e c i s i o n v a r i a b l e s r e l a t e d t o t h e banned d ev i c e t o z e r o

65 f o r t i n r ange ( l e n (T ) ) :

66 f o r s i n r ange ( l e n ( Sub ) ) :

67 model . x [ t , i , s ] . f i x ( 0 ) # Do no t e x e c u t e any t a s k s

68 model . y [ t , i , s ] . f i x ( 0 ) # Do no t o f f l o a d any t a s k s

69

70 de f b an_x_ ru l e ( model , t , i , s ) :

71 i f b an_ i [ i ] == 1 :

72 r e t u r n model . x [ t , i , s ] == 0

73 e l s e :

74 r e t u r n C o n s t r a i n t . Sk ip

75

76 model . ban_x_con = C o n s t r a i n t (T , V, Sub , r u l e = ban_x_ ru l e )

77
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78 de f b an_y_ ru l e ( model , t , i , s ) :

79 i f b an_ i [ i ] == 1 :

80 r e t u r n model . y [ t , i , s ] == 0

81 e l s e :

82 r e t u r n C o n s t r a i n t . Sk ip

83

84 model . ban_y_con = C o n s t r a i n t (T , V, Sub , r u l e = ban_y_ ru l e )

85

86 # C o n s t r a i n t ( 1 )

87 de f E n e r g y _ a r r i v a l _ d e v i c e _ r u l e ( model , t , i ) :

88 r e t u r n model . w_i [ t , i ] − E_i [ t , i ] <= 0

89

90 model . E n e r g y _ a r r i v a l _ d e v i c e = C o n s t r a i n t (T , V, r u l e =

E n e r g y _ a r r i v a l _ d e v i c e _ r u l e )

91

92 # C o n s t r a i n t ( 2 )

93 de f B a t t e r y _ d e v i c e _ r u l e ( model , t , i ) :

94 r e t u r n model . b_ i [ t , i ] + model . w_i [ t , i ] − B_i [ i ] <= 0

95

96 model . B a t t e r y _ d e v i c e = C o n s t r a i n t (T , V, r u l e = B a t t e r y _ d e v i c e _ r u l e )

97

98 # C o n s t r a i n t ( 3 )

99 de f a p p l i c a t i o n _ c o n s t r a i n t _ r u l e ( model , t , i , s ) :

100 r e t u r n model . x [ t , i , s ] <= sum ( rho_s_k [ s , k ] * model . f [ i , k ] f o r k

i n F )

101

102 model . A p p l i c a t i o n C o n s t r a i n t = C o n s t r a i n t (T , V, Sub , r u l e =

a p p l i c a t i o n _ c o n s t r a i n t _ r u l e )

103

104

105 # C o n s t r a i n t ( 4 )

106 de f s u b t a s k _ o f f l o a d i n g _ r u l e ( model , t , i , s ) :

107 # Ensu r e s a s u b t a s k i s e i t h e r e x e cu t e d l o c a l l y o r o f f l o a d ed , bu t

no t bo th

108 r e t u r n model . x [ t , i , s ] + model . y [ t , i , s ] <= 1

109

110 model . S u b t a s kO f f l o a d i n g = C o n s t r a i n t (T , V, Sub , r u l e =

s u b t a s k _ o f f l o a d i n g _ r u l e )

111

30



112 # C o n s t r a i n t ( 5 )

113 de f c omp u t a t i o n a l _ c a p a c i t y _ r u l e ( model , t , i ) :

114 # Sum of CPU c y c l e s r e q u i r e d by a l l s u b t a s k s must no t exceed t h e

d ev i c e ’ s c ompu t a t i o n a l c a p a c i t y

115 r e t u r n sum ( D_s [ s ] * W_s[ s ] * model . x [ t , i , s ] f o r s i n Sub ) <= C_i [

i ]

116

117 model . Compu t a t i o n a lCap a c i t y = C o n s t r a i n t (T , V, r u l e =

c omp u t a t i o n a l _ c a p a c i t y _ r u l e )

118

119 # C o n s t r a i n t ( 6 )

120 de f s t o r a g e _ c a p a c i t y _ r u l e ( model , i ) :

121 # Sum of s t o r a g e r e q u i r emen t s o f a l l f u n c t i o n s c o n f i g u r e d on d ev i c e

must no t exceed i t s s t o r a g e c a p a c i t y

122 r e t u r n sum ( sigma_k [ k ] * model . f [ i , k ] f o r k i n F ) <= S_i [ i ]

123

124 model . S t o r a g eCap a c i t y = C o n s t r a i n t (V, r u l e = s t o r a g e _ c a p a c i t y _ r u l e )

125

126 # C o n s t r a i n t ( 9 )

127 de f e n e r g y _ c on s ump t i o n _ e x e c u t i o n _ r u l e ( model , t , i ) :

128 # Energy consumed f o r e x e c u t i n g s u b t a s k s l o c a l l y on d ev i c e i a t

t ime t

129 r e t u r n sum ( model . y [ t , i , s ] * D_s [ s ] * W_s[ s ] * e t a / g_ t [ t , i ] f o r s

i n Sub ) <= model . b_ i [ t , i ]

130

131 model . Ene rgyConsumpt ionExecu t ion = C o n s t r a i n t (T , V, r u l e =

e n e r g y_ c on s ump t i o n _ e x e c u t i o n _ r u l e )

132

133 # C o n s t r a i n t ( 1 2 )

134 de f e n e r g y _ c o n s ump t i o n _ t o t a l _ r u l e ( model , t , i ) :

135 # Energy consumed f o r e x e c u t i n g s u b t a s k s l o c a l l y on d ev i c e i a t

t ime t

136 r e t u r n sum ( model . y [ t , i , s ] * D_s [ s ] * W_s[ s ] * e t a / g_ t [ t , i ] f o r s

i n Sub ) + sum ( model . x [ t , i , s ] * D_s [ s ] * W_s[ s ] * nu f o r s i n Sub ) <=

sum ( model . w_i [ t , i ] f o r t i n T )

137

138 model . Ene r gyCon sump t i on t o t a l = C o n s t r a i n t (T , V, r u l e =

e n e r g y _ c o n s ump t i o n _ t o t a l _ r u l e )

139
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140 # C o n s t r a i n t ( 1 3 )

141 de f b a t t e r y _ s t a t e _ u p d a t e _ r u l e ( model , t , i ) :

142 # Th i s c o n s t r a i n t u pd a t e s t h e b a t t e r y s t a t e based on p r e v i o u s s t a t e

, ene rgy h a r v e s t e d , and ene rgy consumed

143 # Assuming ene rgy consumed f o r t r a n sm i s s i o n ( \ lambda ^{U}_{ t , i } ) i s

c a l c u l a t e d o r d e f i n e d e l s ewhe r e

144 i f t == 0 : # I n i t i a l c o n d i t i o n

145 r e t u r n C o n s t r a i n t . Sk ip # Or d e f i n e an i n i t i a l s t a t e f o r model .

b_ i [ 0 , i ]

146 e l s e :

147 r e t u r n model . b_ i [ t , i ] == model . b_ i [ t − 1 , i ] + model . w_i [ t −

1 , i ] − ( sum ( model . y [ t , i , s ] * D_s [ s ] * W_s[ s ] * e t a / g_ t [ t , i ] f o r s i n

Sub ) + sum ( model . x [ t , i , s ] * D_s [ s ] * W_s[ s ] * nu f o r s i n Sub ) )

148

149 model . B a t t e r y S t a t eUp d a t e = C o n s t r a i n t (T , V, r u l e =

b a t t e r y _ s t a t e _ u p d a t e _ r u l e )

150

151 # Ob j e c t

152 # Dec i s i o n v a r i a b l e s f o r a p p l i c a t i o n comp l e t i o n

153 model . z = Var (V, domain=Bina ry ) # Ap p l i c a t i o n comp l e t i o n i n d i c a t o r f o r

each d ev i c e

154

155 # C o n s t r a i n t ( 1 4 ) t o e n s u r e s u b t a s k comp l e t i o n l e a d s t o a p p l i c a t i o n

comp l e t i o n

156 de f a p p l i c a t i o n _ c omp l e t i o n _ r u l e ( model , i ) :

157 # For each d ev i c e i , e n s u r e t h a t i f a l l s u b t a s k s a r e e i t h e r

e x e cu t e d o r o f f l o a d ed , t h en z [ i ] can be 1

158 r e t u r n sum ( model . x [ t , i , s ] + model . y [ t , i , s ] f o r t i n T f o r s i n

Sub ) >= l e n (T ) * l e n ( Sub ) * model . z [ i ]

159

160 model . App l i c a t i o nComp l e t i o n = C o n s t r a i n t (V, r u l e =

a p p l i c a t i o n _ c omp l e t i o n _ r u l e )

161

162 # Ob j e c t i v e : Maximize t h e number o f comple t ed a p p l i c a t i o n s

163 de f o b j e c t i v e _ r u l e ( model ) :

164 r e t u r n sum ( model . z [ i ] f o r i i n V)

165

166 model . o b j e c t i v e = Ob j e c t i v e ( r u l e = o b j e c t i v e _ r u l e , s e n s e =maximize )

167
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168 # So lve t h e MILP

169 op t = So l v e r F a c t o r y ( ’ g u r ob i ’ , s o l v e r _ i o = ’ py thon ’ )

170 r e s u l t s = op t . s o l v e ( model ) # s o l v e s and upd a t e s i n s t a n c e

171 Max_min_Opt = va l u e ( model . o b j e c t i v e )

172

173 # r e t u r n n e c e s s a r y i n f o rm a t i o n

174 d e c _ s l o t = 1

175 e n e r g y _ l e v e l c = np . z e r o s ( l e n (V) )

176 e n e r g y _ s t o r e c = np . z e r o s ( l e n (V) )

177 x_decc = np . z e r o s ( ( l e n (V) , l e n ( Sub ) ) )

178 y_decc = np . z e r o s ( ( l e n (V) , l e n ( Sub ) ) )

179 com_app = np . z e r o s ( l e n (V) )

180 f o r i i n r ange ( l e n (V) ) :

181 e n e r g y _ l e v e l c [ i ] = model . b_ i [ d e c _ s l o t , i ] . v a l u e

182 e n e r g y _ s t o r e c [ i ] = model . w_i [ d e c _ s l o t , i ] . v a l u e

183 f o r j i n r ange ( l e n ( Sub ) ) :

184 x_decc [ i , j ] = model . x [ d e c _ s l o t , i , j ] . v a l u e

185 y_decc [ i , j ] = model . y [ d e c _ s l o t , i , j ] . v a l u e

186

187 x_ judge = np . z e r o s ( ( 2 , l e n (V) , l e n ( Sub ) ) )

188 y_ judge = np . z e r o s ( ( 2 , l e n (V) , l e n ( Sub ) ) )

189 f o r i i i n r ange ( 2 ) :

190 f o r j j i n r ange ( l e n (V) ) :

191 f o r kk i n r ange ( l e n ( Sub ) ) :

192 x_ judge [ i i , j j , kk ] = model . x [ i i , j j , kk ] . v a l u e

193 y_ judge [ i i , j j , kk ] = model . y [ i i , j j , kk ] . v a l u e

194 f o r i e i n r ange ( l e n (V) ) :

195 # C a l c u l a t e t h e p r o du c t o f t h e c o n c a t e n a t i o n o f ( x_ i ^ t + y_ i ^ t ) on

s u b t a s k s f o r a l l t ime s t e p s f o r d e v i c e i

196 p r o d u c t _ a l o n g _ s u b t a s k s = np . prod ( x_ judge [ : , i e , : ] + y_ judge [ : , i e ,

: ] , a x i s =1) # Con s e cu t i v e m u l t i p l i c a t i o n ove r s u b t a s k d imens i on s

197 # The r e s u l t s a r e t h en summed ove r a l l t ime s t e p s

198 produc t_sum = np . sum ( p r o d u c t _ a l o n g _ s u b t a s k s )

199 com_app [ i e ] = produc t_sum >= 1

200

201

202 r e t u r n com_app , e n e r g y _ l e v e l c , e n e r g y _ s t o r e c , x_decc , y_decc
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