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 Efficient task scheduling in fog computing requires balancing 
multiple quality of service (QoS) parameters, including response 
time, Service Level Agreement (SLA) compliance, container 
reliability, migration overhead, and energy consumption. This study 
evaluated seven optimization algorithms; hybrid DP+LSTM, GOBI2, 
DRL, GOBI, POND, MILP, and GA based on their impact on 
average response time while considering migration cost, container 
destruction, SLA violations, Wait time and energy per container. 
Results reveal that DP+LSTM achieves the lowest average response 
time (82.91 ms), outperforming GOBI2 (395.13 ms) by 79.0%, DRL 
(512.41 ms) by 83.8%, GOBI (776.09 ms) by 89.3%, POND 
(2789.09 ms) by 97.0%, MILP (35,720.49 ms) by 99.8%, and 
Genetic Algorithm (145,465.53 ms) by 99.94%. Additionally, Hybrid 
DP+LSTM maintains zero SLA violations, only three destroyed 
containers, and the lowest migration overhead (0.018 ms), while also 
consuming the least energy per container (2,835,048 J). In contrast, 
MILP and GA incur extreme delays, high container destruction (351 
and 449, respectively), hundreds of SLA violations (397 and 223, 
respectively), thousands of milliseconds of wait time (11,835ms and 
5,251ms, respectively) rendering them unsuitable for practical fog 
environments. Overall, hybrid DP+LSTM demonstrates superior 
scalability, energy efficiency, and QoS preservation, making it the 
most effective scheduling strategy for fog computing environments. 
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1. INTRODUCTION  

Fog computing extends cloud capabilities closer to end-users by deploying computation, 
storage, and networking resources at the network edge. This architectural shift is intended to reduce 
service latency and improve energy efficiency for delay-sensitive and resource-intensive Internet of 
Things (IoT) applications [1]. However, the performance of fog environments is not determined 
solely by hardware placement, it is shaped by several interrelated operational metrics. These 



        IT Jou Res and Dev, Vol.11, No.1, August 2026 : 1 - 17 

Fog-Computing Multi-Metric Hybrid Dynamic Programming Latency and Energy Optimization, Sitlong 

2 

metrics includes Service Level Agreement (SLA) violations, average energy per container 
destruction, energy per container interval, wait time, average migration time, number of migrations, 
and number of containers destroyed [2]. Each of these metrics influence both response time and 
energy consumption in measurable ways. 

SLA violations are a direct indicator of unmet QoS targets. In fog computing, violations 
often arise from excessive processing delay, network congestion, or resource contention [3]. Each 
violation represents a breakdown in latency guarantees, and sustained high violation rates typically 
imply inefficient resource allocation or migration strategies that also waste energy through 
unnecessary re-executions or retries [4]. Average energy per container destruction captures the one-
time energy overhead of terminating a container and initializing its replacement [5]. Frequent or 
poorly timed destructions lead to energy spikes and degraded responsiveness due to cold-start 
delays [6]. Energy per container interval refers to the average operational energy over a defined 
time slice that offers complementary view, revealing baseline consumption patterns and the 
efficiency of consolidation or scaling strategies under stable loads [7]. 

Wait time (queueing delay) directly affects user-perceived response time. In fog 
environments, where devices are heterogeneous and resources limited, queue buildup can arise 
from overwhelming workloads or suboptimal load balancing [3]. Longer waits not only degrade 
QoS but can increase energy usage if workloads are forced to migrate or idle containers remain 
active awaiting execution. Average migration time refers to the duration to move a container or 
VM between nodes. This effect can be a significant contributor to end-to-end latency, especially for 
state-ful services [8]. The number of migrations reflects how frequently such transfers occur. While 
migration can be beneficial for load balancing or mobility support, excessive migration rates 
amplify energy consumption due to data transfer, memory checkpoint, and potential downtime, 
thereby also impacting SLA compliance [9]. Finally, the number of containers destroyed measures 
the rate at which workloads are forcibly terminated rather than scaled down or suspended. High 
destruction rates often indicate reactive, rather than predictive, resource management, leading to 
avoidable energy costs and service delays [10]. 

Research has progressively shifted from heuristic and metaheuristic scheduling to machine 
learning and deep reinforcement learning (DRL) approaches that jointly optimize these metrics [1]. 
Multi-objective frameworks now routinely consider SLA adherence, migration overhead, and 
container lifecycle management alongside traditional goals like energy minimization [4]. This 
evolution reflects a growing recognition that response time and energy efficiency in fog computing 
are emergent properties of the interplay between these operational metrics. Effective optimization 
therefore demands coordinated control, where reducing one metric (e.g., migration time) does not 
inadvertently worsen another (e.g., energy per container destruction). Understanding and managing 
SLA violations, container lifecycle energy costs, wait times, and migration behaviors is central to 
achieving the dual objectives of low latency and high energy efficiency in fog computing [2]. 
These metrics not only provide diagnostic insight into system health but also serve as levers for 
advanced scheduling algorithms that can adapt to the dynamic and heterogeneous nature of edge-
to-cloud ecosystems. 

Gamut of techniques have been deployed by researchers in managing SLA violations, 
container lifecycle energy costs, wait times, and migration behaviors in edge-cloud device latency 
and energy optimization. Some of these techniques with their advantages and drawbacks are 
discussed in this section. 

 
1.1 Heuristics Techniques 

The focus in heuristic techniques is to handle classic service placement and energy-aware 
scheduling. Heuristics algorithms such as Integer Linear Programming (ILP) and meta-heuristics 
such as Genetic Algorithm (GA) adapted from cloud to fog; early container scheduling 
assessments. The effects of these techniques on metrics that affects IoT cloud response time and 
energy consumption are enormous.   Priority network and energy-aware placement was used to 
reduced path length and congestion cutting down response time and SLA breaches compared with 
naive placement approach by 18% and 14% increase in energy consumption and response time, 
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respectively  [15]. Energy per interval and container, otherwise referred to as energy minimized via 
consolidation and turning off idle nodes was implemented, however, the spikes outcome during 
reconfigurations were not always modeled causing interval energy variation under load bursts [16]. 
Container migration and destruction handling was promising in a container-first scheduling 
techniques deployed in cloud–edge setting, a multi-objective placement for latency + energy + 
reliability; comprehensive fog resource-allocation surveys.  

Container-based task scheduling and improved placement consistently lowered end-to-end 
latency and SLA violations compared tp VM-only baselines techniques. This was demonstrated 
using reinforcement-learning (RL) and meta-heuristics (improved JAYA) which showed strong 
trade-off control between metrics [17]. Better co-location and dynamic scaling reduced average 
energy per interval while maintaining queueing delay bounds [18]. The research showed that 
container-migration models highlighted latency jitter and task offloading-overhead and empirical 
tuning reduced average migration time but frequent mobility still inflated number of migrations. 

1.2 Learning-driven Techniques 
Deep Reinforcement Learning (DRL) for micro service/container scheduling, auto-

encoder-assisted consolidation, carbon/thermal awareness, and migration-centric control to keep 
QoS while cutting energy was implemented [19]. DRL schedulers (and hybrid ML approaches) 
learn workload/mobility patterns, cutting down latency and SLA breaches compared with heuristic 
baselines in heterogeneous fog/edge [20]. Consolidation (VM + containers) and energy-aware 
scheduling reduce node-hours and cooling/thermal costs several studies explicitly report energy 
impact of leaving/terminating containers, making “per-destruction” energy overhead a tracked 
quantity [21]. Learning-based placement/routing lowers queueing time by steering jobs away from 
impending hotspots, container cold-start and I/O bottlenecks that, if ignored, re-inflate waits [22]. 
Industrial-edge research modeled migration as a first-class control for event-triggered or 
prediction-based migrations system that reduce migration count and amortize the time cost by 
using pre-copy and delta streaming techniques to improve perceived responsiveness for IoT device 
users [23]. Modern policies increasingly separate “scale-to-zero” from eviction/destruction and 
account for the one-time energy and SLA risk of teardown warm-start. The tuned policies reduce 
unnecessary terminations during brief dips, curbing container destroyed counts and associated 
energy spikes [21]. However, nonlocal jumps often cause excessive migrations. This was mitigated 
by Predictive Offloading for Network Devices (POND), a Max-Weight variant [24]. 

1.3 Hybrid Techniques 
A hybrid, multi-objective task scheduling method combining the Artificial Bee Colony 

(ABC) algorithm with a Q-learning algorithm [25] has been introduced as an independent 
scheduling strategy for cloud computing. This method aims to address simultaneous challenges by 
optimizing both scheduling and resource allocation, improving virtual machine (VM) throughput, 
and ensuring load balancing among VMs based on makespan, cost, and resource usage. Its 
performance was evaluated using three datasets Random, Google Cloud Jobs (GoCJ), and 
Synthetic workload and compared against existing load balancing and scheduling techniques. 
Results showed that the proposed method surpasses existing approaches in terms of resource 
utilization, cost efficiency, and makespan reduction [26]. 

Similarly, another hybrid solution called the Influential Load Balancing Scheme (ELBS) 
was implemented [27], designed for healthcare applications. This approach achieves load balancing 
in fog-cloud environments by integrating a real-time scheduling algorithm with a caching 
mechanism. The methodology consists of five modules that ensure stable interconnections among 
fog nodes. Developed and tested using iFogSim, ELBS was compared with other load balancing 
methods to evaluate its effectiveness.  

Enhanced Gradient Based Optimization with Back Propagation to Input (GOBI2) 
algorithm [11], produced one of the best IoT cloud QoS with improved energy consumption and 
reduced latency response time. GOBI2 achieved this by feeding back the same result from a 
surrogate neural network model back to itself through a Monte Carlo simulation to eliminate local 
optima problem. This process converged after multiple undefined number of iterations because the 
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confident level of the best response time was unknown which resulted into neural network 
saturation, a situation where feeding more data to machine learning does not necessarily improve 
its accuracy but add computational complexity [12]. Furthermore, the optimized latency obtained 
using Mixed Integer Linear Programming (MILP) model was 73% as compared to cloud only IoT 
response time [13]. In addition, the standard medically guaranteed safety response time margin is 
set at 150 to 400 milliseconds [14]. Hence, this research intends to enhance the quality of service, 
specifically the energy consumption and response time of fog computing system, to surpass the 
current record through the use of a hybrid model that combines heuristic technique, precisely 
dynamic programming technique, and Long Short-Term Memory (LSTM) technique. 

1.4 Limitations on the Realism of the Research Result 
The research result relies completely on the object-oriented model’s standard defined by 

the simulation platform used, precisely the Couple Simulation with Container Ochestration 
(COSCO), couple here implies the platform is capable of handling both simulated and actual cloud 
operations. The platform has objects defined for models such as power, response time, wait time, 
container destruction, Service Lavel Agreement (SLA). The SLA violation deadlines are set based 
on the parameters in equation (8) whose returned value depends on the number exceeding the 
permissible number of containers destroyed when task migration occurs due to non optimal task 
allocation by an algorithm. Hence, the possibility of having a zero SLA vilolation suggesting 
optimal task allocation and user experience is possible if the number of containers destroyed does 
not exceed the allowable range as set by the simulator. Therefore, despite the data used for the 
analysis is actual cloud traces from bitbrain databse, there is still room for limitations in result 
generated due to the simulated platform set standards. 

 
2. PROPOSED METHOD  

The proposed framework integrates a Hybrid Dynamic Programming (DP) and Long 
Short-Term Memory (LSTM) model as shown in Figure 1, to optimize latency and energy 
consumption in containerized fog computing environments. The system begins with workload 
traces and fog node states obtained from bitbrains datasets, a repository of workloads and sates 
from a real-life datacenter. The DP component applies a model-based optimization strategy to 
generate candidate container/task placement and migration decisions using equations (1) and (2), 
while also producing intermediate cost structures such as energy and response time values 
equations (12) and (13), respectively. These outputs are not only used for immediate decision-
making but are also passed as contextual features into the LSTM predictor. The LSTM network is a 
pre-trained model that leverages sequential workload history together with DP-derived features to 
forecast multiple quality-of-service (QoS) and resource-related metrics, including the summations 
of destroyed containers equation (3), migrations equation (4), total energy equation (5), average 
response time equation (13), migration time equation (7), SLA violations equation (8), SLA 
violation percentage (9), waiting time equation (10), energy per container interval equation (6), as 
well as average energy consumption equation (12). These predicted values are aggregated through 
a multi-objective function equation (11), balancing trade-offs between latency, energy efficiency, 
and SLA adherence. 
 



IT Jou Res and Dev, Vol.11, No.1, August 2026 : 1 - 17  
 

Fog-Computing Multi-Metric Hybrid Dynamic Programming Latency and Energy Optimization, Sitlong 

5 

 

Figure 1. Proposed Model 

The incoming workload and fog node states from the bitbrains repository are firstly pre-
processed through feature extraction module Figure 2. Final scheduling decisions are executed in 
the fog runtime, where actual metrics are collected and compared against predictions. The feedback 
loop continuously updates both the feature extraction process and the LSTM model, enabling 
online adaptation to workload dynamics. By combining DP’s structured optimization with LSTM’s 
sequential prediction capabilities, the framework achieves improved decision accuracy, robustness 
to dynamic workloads, and holistic multi-metric optimization in fog computing environments. In 
summary when a job or task  is assigned to a machine , and the required resource utilization 
level for carrying out the job are estimated, that is its Instruction Per Second (IPS), RAM, Disk, 
and Bandwidth requirements, in this case estimated as , will be compared against the available 
resources of the machine, in this case given as , to determine the optimal profit  that will be 
derived from the task execution process on the selected machine.  
 

 

Figure 2. Feature Extraction 

In modelling the dynamic programming optimization problem, this research presents a 
generalization of the illustrated approach referred to as the 0-1 Dynamic Programming problem 
with multiple containers [28]. In this case, the multiple containers are incoming jobs or tasks from 
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the IoT layer (bitbrains) dataset to the dynamic programming scheduler in Figure 1. Hypothetically, 
there will be tasks with respective capacities of , ( ). Therefore, the binary vector 
was represented as ,  being the VM in which the task is allocated. Hence, the optimal profit 

will be , the required resources will be , and the virtual machine available resources will be

. This situation is expected to maximize the QoS function  subject to the constraint  as 
specified. 

 =                                                (1) 

 

 =                                                                 (2) 

 
Subject to: 

                                                                                   

                                                                  
 

2.1 Multi Metric QoS Models: 
To understand the response time and energy consumption models, other key metrics computation 
models such as number of containers destroyed, migrations, Service Level Violations (SLA) and 
wait time needs to be explained clearly.  
Number destroyed refers to number of containers destroyed in an interval computed using equation 
(3). 

                                                                                              (3) 

Migration occurs when task are destroyed and reinitiated, number of container migrations in an 
interval is computed as in equation (4). 

                                                                                         (4) 

Energy consumption per interval refers to total host energy consumed in an interval as given in 
equation (5). 

                                                                                   (5) 

Where: 
 Host h’s instantaneous power 

Time interval 

Energy per container interval refers to the energy consumed per active container in an interval 
given as equation (6) 
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                                                       (6) 

Where: 
Number of active containers at time interval t. 

Average migration time refers to the average migration time of destroyed containers in an interval 
computed presented as equation (7). 

 (7) 

Where: 
C = Container destroyed 

 Migration time per container 

Service Level Agreement (SLA) violation refers to number of destroyed containers exceeding their 
SLA deadline in an interval as represented in equation (8). 

                                                      (8) 

Where:  
Number of containers destroyed at time interval t 

Acceptable SLA deadline at time t. 
SLA violations percentage refers to the percentage of destroyed containers violating SLA in an 
interval computed as shown in equation (9). 

                                       (9)          

Wait time refers to the time between creation and start of each destroyed container in an interval as 
shown in equation (10). 

                                                     (10) 

Where: 
Container destroyed 

Time the task starts processing 
Time the task was created 

The cloud-fog broker carries out task migration scheduling to ensure tasks are properly assigned to 
the suitable Virtual Machines. This scheduling process aims to optimize essential IoT Quality of 
Service (QoS) metrics, specifically response time and energy usage. The objective function is 
therefore defined based on achieving optimal response time and energy consumption within the 
given time interval of as  equation (11).  
Such that: 
                                                                                     (11) 
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Where: 

 

The average energy consumption is computed for any time interval for a device normalized by the 
maximum power of the device as in equation (12). 

                                                          (12) 

Where: 

= Set of active tasks at time interval Tk 

VMk = Total Number of hosts at interval Tk 

ɗT= uniform time scheduling intervals of duration  

Tk = K-th interval 

s(Tk) = start point, such that s(T0) = 0, and s(Tk) = s(Tk-1) + ɗ for every K > 0.  

The average response time is computed for the interval for all completed tasks  normalized 
by the maximum response time before the present interval as shown in equation (13). 
 

                                                  (13) 

 

2.1 Long Short-Term Memory (LSTM) Model: 
The core principle of LSTM lies in its memory cells and gates, which regulate what information is 
retained at any given moment [29]. The LSTM computation is expressed thus; let  and  
denote the input feature vector, hidden states and output vector, respectively. Given the input 
sequence supplied to the LSTM, a corresponding and 
are generated for iterating through equation (14) and (15) for values of . 
                                               (14) 

                                                                    (15) 

 
 
Where: 

  = Input weight matrix, =Recurrent weight matrix, and =Output weight matrix, and 

denotes the bias terms, and denotes the activation function. LSTM implemented the 

activation function  thus:        
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                                                  (17) 

!"
# !

"#A "%C'E)C #*C')+ A,*-./012,*
"34 "%C'E)C -0,*-C 42/C
"#A "34

=
=

∈ Ρ

!" #

" #
$%&

!

" #

' ' (" #

!

!! !

!!

" #

A%A% C' ! " #
!

! A% ! !A% C'

E)*+, # -#
./M

1 E)*+, # #

+

∈ =

+∈

=
−

∑ ∫
∑

!"

!" !"

!" # $

% % &'( &'( !" # $
!
" !

!
"# #

! A A
! A " A "

A%C'A( #)*( #
+,#

- ! # - A%C'A( #)*( #
∈=

≤ ∈

∑

!! !" # !"

! "# $ $%%%$ &!" " " ! "# $ $%%%$ &!" " " ! "# $ $%%%$ &!" " "
!"###"! "=

!" #! " #" ! "" ! "" $ % # % " &−= + +

! "# ! ## $ " %= +

!"# !!" !"# !"

!" !"!"
!"!"

!"# $% &! "#!"$ %" ! &" ! "" ' % ' & (σ −= + +

!"# $% &! "#!"$ %& ! '& ! && ( % ( ' )σ −= + +



IT Jou Res and Dev, Vol.11, No.1, August 2026 : 1 - 17  
 

Fog-Computing Multi-Metric Hybrid Dynamic Programming Latency and Energy Optimization, Sitlong 

9 

                                                     (18) 

                                                                   (19) 

                                                 (20) 

                                                                        (21) 

                         
Where: 

depicts element-wise multiplication, and  denotes weight matrices, a

and denote weight matrices, , and  denote bias terms, 

and , and are vectors called the state of input gates, forget gate, memory cell and 
output gate, respectively. With value of derived from equation (21), the output results are 
generated using equation (15). Therefore, considering equations (16 to 21) a total of 

parameters are learned in a single LSTM layer. 
In Figure 1, the workload traces and fog node states are treated as a finite set of tasks with 

an upper limit , thus, at any interval k the workload trace W will be . The fog node 
states are expressed as a utilization matrix capturing CPU, RAM, bandwidth, and disk usage, 
represented as a potential vector of size . Consequently, the task utilization matrix 

 becomes an X matrix represented as  represented in 

equation (14) where the upper rows correspond to active tasks  arranged incrementally by 
their creation intervals, generated through the dynamic programming scheduler in Figure 1. 
Similarly, another potential vector represents the utilization matrix of virtual machines, which 
includes CPU, RAM, bandwidth, disk capacities, and latency, VM with a defined size of . 
Therefore, at each interval  for virtual machines a matrix of X  is formed 
denoted as also captured in equation (22) considering virtual machine utilization matric 
of interval . Eventually, the input to the LSTM model is formed with the set of new task , 
tasks in waiting queue , active tasks , the completed tasks  and the set of decision 
matrix   X  denoted as  captured in equation (14) for the training. The model is fed 

with the input  to estimate the QoS value equation (22).  

The scenario is modeled as a continuous function as an LSTM approximate of 

with the  vector as the dependent parameter of the model and  as discrete or continuous 
parameter of a defined boundary. Specifically,  is made up of the set of utilization matric of task 
and virtual machines together with decision matrix. The parameter  is learn using the input 
dataset in equations (1) and (2) such that certain loss is optimized for the dataset. 
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                                                                       (23) 

2.2 Mean Square Error Loss Function: 
The LSTM model applied in this study is pre-trained, and its predictive accuracy is evaluated based 
on the loss values obtained during execution. These loss values indicate the degree of difference 
between the predicted outputs and the actual ground truth. In predicting the optimal metric , 
whether response time or energy consumption, the model relies on the dataset in equation (22), the 
loss value is tracked through the use of Mean Square Error (MSE) loss function as shown in 
equation (24) 

                                                                          (24) 

Where: 

  

2.3       Software Used 
The experiments in this study were conducted using a Python-based platform known as 

Couple Simulation and Container Orchestration (COSCO). This platform supports the development 
of secure, flexible, and scalable cloud-based IoT solutions, applicable to both simulated and real 
cloud environments. COSCO also enables the design and programming of sensors through Node.js, 
using a JSON-based Application Programming Interface (API). These sensors can be configured to 
interact with the cloud backend in this case, InfluxDB and Oracle VM VirtualBox. 
 
3. RESULTS AND ANALYSIS  

In the research seven fog computing algorithms were evaluated namely Genetic Algorithm 
(GA, Mixed Integer Linear Programming (MILP), Predictive Offloading for Network Devices 
(POND), Gradient-Based Optimization with Back Propagation to Input (GOBI), Deep 
Reinforcement Learning (DRL), Improved GOBI (GOBI2), and the proposed model hybrid 
DP+LSTM. The summary of the result generated for the multi metrics response time, energy 
consumption, number destroyed, number of migrations, migration time, SLA violations, SLA 
Violation percentage and wait time is as shown in Table 1. Table 2 shows the validation of result of 
hybrid DP+LSTM over DP-only and LSTM only results. 
 

Table 1. Multi Metric comparison 
Author 

Algorithm 
Energy per 
Container 

(J) 

Avg. 
Response 
Time 
(ms) 

Num. 
Destroyed 

Num. 
Migra
tions 

Avg. 
Migration 
Time (ms) 

SLA 
Violat
ions 

Wait 
Time(m

s) 

Our model Hybrid 
DP+LSTM 

2,835,048.2
1 

82.91 3 14 0.0176 0 6 

[1] DRL 2,973,238.5
6 

512.41 1 31 0.3152 0 1 

[13] MILP 3,005,498.0
5 

35,720.49 351 957 105.43 307 11,835 

[24] POND 3,310,966.6
4 
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! "#$% ! & "'
!(("

! "#"$% & D !
( )*+")&,"-. %/0*+"1-

θΦ → ∀
∀

! "!"Ο

!
"

#$ $ % &' & $ $ % &&!

"
#$%% & ' ( ( & '

!
θ θ

=
= −∑

!"#

$ % & $''&

! !"#$ $%&'(
)*!+ ,'%'#$-$%

. L $M1'-"23
θ
=
=

∈



IT Jou Res and Dev, Vol.11, No.1, August 2026 : 1 - 17  
 

Fog-Computing Multi-Metric Hybrid Dynamic Programming Latency and Energy Optimization, Sitlong 

11 

Author 

Algorithm 
Energy per 
Container 

(J) 

Avg. 
Response 
Time 
(ms) 

Num. 
Destroyed 

Num. 
Migra
tions 

Avg. 
Migration 
Time (ms) 

SLA 
Violat
ions 

Wait 
Time(m

s) 

[11] GOBI2 3,664,337.5
8 

395.13 2 52 0.0834 0 2 

[11] GOBI 4,463,010.2
9 

776.09 3 54 0.8490 0 3 

[15] GA 3,959,935.5
6 

145,465.5
3 449 2,734 638.63 223 5,251 

 

Table 2. Validation of Hybrid DP+LSTM Multi Metric Performance over DP-only and LSTM-only 
 
Author Algorithm 

Energy per 
Container 
(J) 

Avg. 
Response 
Time 
(ms) 

Num. 
Destroyed 

Num. 
Migra
tions 

Avg. 
Migration 
Time (ms) 

SLA 
Violatio

ns 

Wait 
Time 

Our model Hybrid 
DP+LSTM 

2,835,048.2
1 82.91 3 14 0.0176 0 6 

[28] DP-Only 2,640,936.9
8 156.57 1 4 0.1944 0 1 

[29] LSTM-
Only 

3,671,515.1
1 282.41 1 53 0.0730 0 1 

 
3.1 Container Destruction by Task Allocation Algorithms in Fog Computing Environment 
 An essential performance metric in edge-cloud latency and energy efficiency is the number 
of containers destroyed during task scheduling as shown in Figure 3. Excessive destruction 
indicates instability, inefficient resource utilization, or poor fault tolerance. 

                     

Figure 3. Number of Containers Destroyed 

3.2     Number of Migrations by Algorithms   
 Figure 4 shows number of migrations by algorithms, Genetic Algorithm leads with the 
highest migrations, followed by MILP. Hybrid DP+LSTM and DRL have significantly fewer 
migrations, suggesting more stable systems. 
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Figure 4. Number of Migrations 

3.3   Average Migration Time of Algorithms 
  Figure 5 shows average migration time with GA having the highest migration time, while 
Hybrid DP+LSTM and GOBI2 have the lowest, implying faster migrations.  Migration time of 0ms 
indicates zero or negligible task migration overhead. 

                        

Figure 5. Average Migration Time 

3.4   Service Level Agreement (SLA) by Algorithms: 
 Figure 6 shows Service Level Agreement (SLA) violation Zero SLA violation value 
indicates better QoS outcome. These further confirms the ability in offering better task scheduling, 
load balancing, energy and latency reduction, which are essential in fog computing and key 
optimization metrics of this research. 

                       

Figure 6. Service Level Agreement (SLA) violations 
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3.5   Wait Time of Algorithms:  
 Figure 7 depicts the wait time of algorithms, Lower wait times are directly correlated with 
faster service delivery, lower latency, and better user experience a crucial requirement in fog 
computing. 

                   

Figure 7. Wait Time 

3.6     Algorithm Energy Per-Container Interval: 
 Figure 8 display the energy per container interval, lower energy per container interval is 
crucial for extending the lifetime of fog nodes and reducing operational costs.  

                      

Figure 8. Energy per Container Interval 

3.7   Average Energy per Destruction by Algorithms: 
 Figure 9 presents a comparison of various scheduling/placement algorithms in terms of 
Average Energy per Destruction (in joules), a term often interpreted in fog/cloud computing as the 
energy cost associated with completing or migrating (destroying and re-initiating) tasks or 
containers.  

                     

Figure 9. Average Energy per Destruction 
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3.8 Hybrid DP & LSTM Model Accuracy:  
The accuracy of the pre-trained LSTM model was evaluated using the loss values produced 

by the Mean Square Error (MSE) function. These values indicate the gap between the actual 
outputs and the model’s predictions. As shown in Figure 10, the pre-trained nature of the model 
explains why the loss began at a low level, decreased slightly during the first epoch, and then 
stabilized across the subsequent epochs.  
 

 
Figure 10. Hybrid DP+LSTM Loss over Epoch 

 
3.9 Analysis of Findings: 

From the outcome of the research, the following assertions were deduced: 

a. Response Time: The response time was obtained by computing the sum of the solution 
search time (Scheduling overhead) and the task execution time where Hybrid DP+LSTM 
achieved the lowest response time (82.91ms), significantly outperforming all other 
methods with 99.8% over MILP, making it ideal for real-time IoT Cloud applications such 
as smart healthcare monitoring, autonomous vehicle communication, and industrial 
automation. 
The justifications for this outcome is analysed thus; Table 2 depicts number of containers 
destroyed, with GA and MILP having the highest values, indicating more frequent 
destruction of containers, whereas DRL, GOBI, and GOBI2 exhibit minimal destruction. 
GA (449) and MILP (351) resulted in the highest container destruction. These results 
suggest that traditional optimization and feedforward neural networks lack the dynamic 
adaptability required for stable task placement in fog environments. The high destruction 
count reflects frequent task migration, suboptimal scheduling, or instability in task 
execution continuity. POND (6) demonstrates more reasonable destruction levels, this is 
due to its rule-based prioritization mechanism that balances task urgency with node 
stability. DRL (1), GOBI2 (2), GOBI (3), and Hybrid DP+LSTM (3) showed excellent 
performances. 
Mixed Integer Linear Programming (MILP) shows moderate migration Count (~1100+) 
hence the moderate potential latency and moderate energy efficiency. This effect emanated 
from the ability of MILP to formulate task placement as an optimization problem. It 
guarantees optimal solutions but is computationally expensive, making it slower in 
dynamic environments. Although accurate, its reaction time leads to more frequent 
migrations than predictive models. Hybrid DP+LSTM shows extremely low migration 
Count hence the extremely low latency and high energy efficiency.  This hybrid model 
combines DP with LSTM neural networks to predict future load and make informed 
decisions. Its predictive nature ensures proactive placements, drastically reducing the need 
for migrations. This led to the both low latency and high energy efficiency attributed to the 
hybrid DP+LSTM algorithm. Deep Reinforcement Learning (DRL) reflected a very low 
migration counts and consequently the low latency and good energy efficiency it provided 
as shown in Table 1. The effect created by DRL is attributed to its usage of agent-
environment interactions to learn optimal placement strategies over time. It adapts to 
environmental changes dynamically and makes context-aware decisions that reduce 
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unnecessary migrations. This adaptability results in efficient energy use and low response 
times. 

b. Service Level Agreement (SLA) Violations: DP and LSTM, GOBI, GOBI2, and DRL 
incurred no SLA violations, making them the most reliable algorithms for IoT service 
quality assurance. 

c. Energy Consumption: Hybrid DP+LSTM had the lowest energy-per-container value 
(2,835,048 joules), making it energy-efficient and suitable for IoT Cloud sustainability. 

d. Migration Time: Hybrid DP+LSTM also achieved the lowest average migration time 
(0.018ms), highlighting its efficiency in workload distribution across IoT Cloud nodes. 

In general, AI/ML algorithms such as DRL, and hybrid models (Hybrid DP+LSTM, GOBI, and 
GOBI2) are more adaptive to learning optimal scheduling policies to minimize delays dynamically. 
Traditional optimization models like MILP may not scale or adapt well in the dynamic and 
distributed fog environment. To achieve high QoS in fog computing Prioritize low wait-time 
algorithms like DRL, GOBI2, and Hybrid-DP & LSTM and avoid static or computationally heavy 
algorithms (e.g MILP) for real-time workloads. Low wait time ensures faster task completion, 
higher user satisfaction, and better resource utilization which are the hallmarks of effective fog 
computing. 

4. CONCLUSION 
This study comprehensively evaluates the performance of seven task scheduling and resource 

allocation algorithms within cloud-based IoT and fog computing environments. The goal was to 
assess and compare their effectiveness using critical Quality of Service (QoS) metrics such as 
response time, energy consumption, SLA violations, migration time, wait time, and container 
destruction. The results confirm that reducing migration delay and SLA breaches are pivotal to 
achieving low-latency performance, while excessive container destruction significantly undermines 
efficiency. Among the algorithms GA, MILP, POND, GOBI, GOBI2, DRL, and a hybrid 
DP+LSTM, hybrid DP+LSTM model consistently outperformed the others across all evaluated 
dimensions. DP-only with lesser energy consumption is best for energy efficient Industrial 
purposes whereas LSTM-only lags behind in the key metrics therefore unsuitable for both energy 
and latency sensitive environments. 
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