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The rise of the Internet of Things has substantially increased the number of interconnected devices at the edge 
of the network. As a result, a large number of computations are now distributed in the compute continuum, 
spanning from the edge to the cloud, generating vast amounts of data. Stream processing is typically employed 
to process this data in near real-time due to its efficiency in handling continuous streams of information in a 
scalable manner. However, many stream processing approaches do not consider the underlying network devices 
of the compute continuum as candidate resources for processing data. Moreover, many existing works do not 
consider the incurred network latency of performing computations on multiple devices in a distributed way. To 
avoid this, we formulate an optimization problem for utilizing the complete compute continuum resources and 
design heuristics to solve this problem efficiently. Furthermore, we integrate our heuristics into Apache Storm 
and perform experiments that show latency- and throughput-related benfits compared to alternatives.

1. Introduction

Data stream processing is widely used for processing data in near 
real-time, e.g., in factory automation or banking scenarios [1]. While 
a stream processing application could theoretically be executed on a 
single computational resource, the scale and scope of many applica

tions require distributing the stream processing operators on multiple 
computational resources. Distributing the operators also allows for par

allelizing tasks, significantly scaling the operations. Originally, most 
approaches to enable distributed data stream processing relied on cloud

based resources [2]. However, more recently, the utilization of edge 
resources in addition to the cloud has gained a lot of attention [3].

Today, resources from the edge of the network to the cloud are seen 
as an edge-cloud compute continuum, allowing the use of computational 
resources anywhere in between [4]. These resources can be, e.g., single

board computers, sensor nodes, cloudlets at the edge of the network, 
routers and switches, or virtual machines in the cloud [5]. Unlike the 
cloud’s centralized data centers, edge devices provide geographically 
distributed resources closer to the data sources and the users [4]. This is 
especially useful when the data sources are geographically distributed, 
e.g., in the Internet of Things (IoT), because it decreases the communi
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cation overhead regarding network latency and the amount of data to 
be transferred to the cloud.

When applying compute continuum principles in data stream pro

cessing, the overall processing response time depends on how the op

erators are arranged on the available distributed resources based on 
the location of the data sources. Thus, the geographical distribution 
of computational resources in the compute continuum affects the net

work latency of the communication between the operators [3]. This 
leads to the question of how operators should be distributed on avail

able resources to meet the near real-time requirements of many stream 
processing applications, also known as the stream operator placement 
problem [6].

So far, various notable advancements have been proposed to perform 
efficient stream processing. The optimization of operator placement 
has been explored considering network usage aspects and by applying 
spring-based force models to estimate the latency between distributed 
nodes [7]. Also, novel approaches have shown improved operator place

ment decisions by leveraging fog computing resources and by consider

ing resource availability [8,9].

Overall, many approaches to optimize the placement of stream pro

cessing operators have been introduced (this is also discussed in detail 
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in Section 7). Nevertheless, most of them do not consider the network 
latency between the operators. In addition, many existing approaches 
may not take full advantage of all the compute continuum which can in

clude a variety of distributed computational resources. To address such 
limitations, this work aims to design a latency-aware stream operator 
placement approach tailored to the compute continuum. To this end, 
we formulate the placement of the operators on compute continuum 
resources as an optimization problem. Since the operator placement 
problem is typically NP-hard [10], we also focus on designing appro

priate heuristics that approximate the optimal solution efficiently. Fur

thermore, we build a prototype based on Apache Storm and we perform 
an evaluation that shows great potential due to providing latency- and 
throughput-related benfits compared to alternatives.

In summary, this work provides the following contributions:

• We formulate an optimization problem for the placement of stream 
processing operators considering the latency between the dis

tributed nodes of the compute continuum.

• We propose two heuristics for solving the proposed optimization 
problem, namely, Hill Climbing and Ant System, and we introduce 
a novel Hybrid heuristic.

• We implement the proposed heuristics using Apache Storm as the 
basis, and we provide thorough implementation details.

• We also implement custom mechanisms for resource monitoring 
and latency measurements in Apache Storm to provide the proposed 
heuristics with valuable input for the optimizations.

• Finally, we perform an extensive evaluation of the proposed ap

proaches using numerous static and randomly generated stream 
processing scenarios, highlighting the benfits of the hybrid heuris

tic over existing alternatives.

The remainder of this paper is structured as follows: Section 2 dis

cusses the prerequisites of our work. Afterward, Section 3 offers infor

mation regarding the utilized system model, and Section 4 presents the 
design of our latency-aware placement heuristics. Then, we provide im

plementation details in Section 5 and evaluate the proposed solution in 
Section 6. In Section 7, we provide an overview of related work and 
conclude this paper in Section 8.

2. Background

This section establishes the key concepts and terminology to de

fine the stream operator placement problem. To this end, we provide 
an overview of data stream processing as a paradigm for structuring 
computations and applications out of independently executed opera

tions (Section 2.1). Afterward, we dfine a system model for the com

pute continuum (Section 2.2). Finally, we formulate the stream operator 
placement problem (Section 2.3).

2.1. Data stream processing

Stream processing is a software engineering pattern for performing 
highly scalable computations with low latency [2]. In stream processing, 
calculations are made by performing transformations on input data. A 
stream processing application is built from a network of transformation 
operations, i.e., the operators, which can be executed concurrently. In

puts to the application are assumed to receive new data items to process 
continuously, and as such, the application also continuously calculates 
new outputs [11]. Any data to be processed is then streamed through 
this network of operations, with a stream of computational results ex

iting it. As such, this pattern allows for highly scalable software due 
to the inherent concurrency and provides near real-time computations. 
Any input must only be routed through and transformed by the network. 
Furthermore, the operations can be distributed by executing them on 
separate computational resources [2].

Stream processing applications are connected in a graph-based topol

ogy commonly represented as Directed Acyclic Graphs (DAGs). In such 
a graph, data items are transferred along the directed edges between 
nodes, representing the stream processing operators. The edges are, 
therefore, called data streams, which are considered unbounded se

quences of data items continuously received to be processed. Nodes 
in the graph without incoming edges represent the data sources. These 
nodes provide the inputs for stream processing applications. Nodes with

out outgoing edges are the data sinks. In a typical scenario, most nodes 
in a stream processing DAG are operations that both receive and out

put data items. Each node may have multiple incoming and outgoing 
edges [2].

The execution of a stream processing application requires mapping 
data sources, data sinks, and operators onto computational resources. 
Multiple instances of the same operator can be deployed on different 
computational resources to allow for a high degree of scalability. While 
this is usually unproblematic for stateless operators, stateful operators 
require splitting the associated state into independent sets to allow con

current operations. Apart from spawning new operators, scalable data 
stream processing also requires stopping existing ones that are no longer 
required. Hence, the means to split, merge, or synchronize the state of 
operators need to be provided [12].

Operators are not directly placed on computational resources but 
are managed by a stream processing engine [13]. Several engines ex

ist, with Apache Flink [14],1 Apache Spark Structured Streaming2 and 
Apache Storm3 [15] being well-known examples of open-source stream 
processing engines.

The processes (or threads) of a stream processing engine that execute 
the operators are referred to as workers. Workers manage the transfer of 
data, the data streams, to other workers or potentially between local op

erators. Additionally, they handle functionalities such as fault tolerance 
and state transfer [13].

2.2. The compute continuum

As discussed above, using compute resources from the cloud is of

ten insufficient in scenarios where data items from distributed sources 
must be processed in near real-time. Accordingly, integrating compu

tational resources at the edge of the network has become increasingly 
important in data stream processing in recent years [16]. Performing 
computations at the edge instead of the cloud reduces the limitations of 
network bandwidth and latency for applications running on end devices 
at the edge of the network [17].

In general, the idea of integrating computational resources at the 
edge and in the cloud as well as end devices is also known as the com

pute continuum. According computing models are known as, e.g., edge, 
fog, mist, or mobile cloud computing, covering different parts of the 
compute continuum [18]. For instance, the edge computing model [19] 
mainly omits compute resources from the cloud and aims at real-time 
data processing. In contrast, mobile cloud computing [20] uses the cloud 
to perform computation- and storage-intensive tasks, with the data com

ing from endpoints.

Within the paper at hand, we follow the SPEC-RG Reference Architec

ture on The Compute Continuum [18] to dfine which entities our system 
model (Section 3) addresses:

1. Data Source: We assume that endpoints like IoT devices generate 
data streams (in terms of single data items).

2. Offload Target: Computing operations (here: data stream operators) 
are offloaded to workers at the edge or in the cloud. Usually, the 

1 https://flink.apache.org/.
2 https://spark.apache.org/docs/latest/structured-streaming-programming-

guide.html.
3 https://storm.apache.org/.

https://flink.apache.org/
https://spark.apache.org/docs/latest/structured-streaming-programming-guide.html
https://spark.apache.org/docs/latest/structured-streaming-programming-guide.html
https://storm.apache.org/
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goal is to use edge resources since they allow low-latency compu

tations. However, if the amount of resources at the edge is insuffi

cient, cloud resources might be a fallback solution.

3. Architecture: Our system model, as described in more detail in Sec

tion 3, makes use of a distributed architecture. The operators are 
distributed to multiple edge and cloud nodes. Further, network link 
latency estimation follows a decentralized approach.

4. Offload Service: Since data stream processing relies on data fresh

ness, we aim to offload compute services (rather than storage ser

vices) to single nodes.

5. Compute Capacity: The overall compute capacity in a data stream 
processing topology can be moderate to very high. Usually, edge 
devices provide smaller amounts of resources (in terms of CPU, 
memory, and storage) than powerful cloud resources.

6. Network Latency: The network latency can be low to moderate due 
to using computational resources at the edge and in the cloud.

7. Network Type: Nodes may be connected using wired and wireless 
networks.

2.3. Stream operator placement problem

The stream operator placement problem dfines the challenge of 
finding a solution for placing operators of a stream processing appli

cation on computational resources such that the solution fufills specific 
criteria. It is a combinatorial problem of 𝑀 operators and 𝑁 compu

tational resources with 𝑂(𝑁𝑀 ) potential solutions. Every resource has 
a set of capabilities or available capacities, which are used to identify 
valid placements. Depending on the problem definition, these resources 
may have identical capacities and capabilities. They are then considered 
homogeneous, while resources with different capacities and capabili

ties are heterogeneous. The definition of the placement problem and 
implementation decide what capacities and capabilities are used. For 
example, a resource’s capability could be the availability of a GPU and, 
therefore, the potential to perform GPU-accelerated computations [6]. 
Samples of common capacity limitations are available processing perfor

mance, RAM, or bandwidth. Operators to be placed can similarly require 
a set of capacities and capabilities [21].

Based on these, constraints that must be satified for a valid place

ment can be dfined, such as guaranteeing a minimum amount of re

source capacities an operator requires to perform its function. Similarly, 
it is possible to dfine an optimization function, which assigns a score 
for each solution. A solver would then aim to optimize the score by, e.g., 
maximizing the stream processing application’s throughput or minimiz

ing its resource usage [2].

Finding an optimal solution for such placement problems is relatively 
trivial for small instances and can usually be completed quickly [22]. 
However, it can become a significant issue for large problem instances, 
such as with many workers or operators, because it is currently unknown 
if these problems are solvable in polynomial time. With the optimal 
operator placement problem being an instance of a more general NP

complete problem, its computation quickly becomes intractable with 
the size of the problem [21]. Variants have therefore been established 
around different trade-offs in guarantees on the quality of the solution 
and its computational cost, e.g., the usage of heuristics to solve the 
stream operator placement problem [6], which will also be the focus 
of the solution presented in the work at hand.

3. Design

This section presents the system model (in Section 3.1) and system 
design considerations (in Section 3.2). Additionally, we discuss dynamic 
resource utilization and adaptation (in Section 3.3) and the estimation 
of network latency (in Section 3.4), which play important roles in our 
heuristics.

3.1. System model

As outlined in Section 2.2, we follow the SPEC-RG Reference Archi

tecture for The Compute Continuum [18]. We allow computing oper

ations to be offloaded to edge and cloud nodes and assume that data 
is generated by distributed IoT devices. In addition, we assume a dis

tributed system architecture, which we present in more detail in the 
following.

Related approaches often dfine a strict separation of resources into a 
multi- or often three-layer system model, including endpoint-, edge-, and 
cloud-based compute nodes. In contrast, in the work at hand, the sys

tem is viewed as a compute continuum in which the resource type is not 
considered relevant in the context of the operator placement decisions. 
Instead, a resource is characterized by the computational capabilities 
it can provide. This way, all available resources at the edge or in the 
cloud are considered, whether network devices, single-board comput

ers, or powerful servers. In addition, all the network links between the 
system’s resources are taken into account, which is essential to achieve 
an efficient distribution of operators, e.g., with reduced latency and in

creased throughput [23].

Resource-constrained IoT devices such as wireless sensor nodes are 
not considered ful-fledged resources in our system. The reason for this 
decision is that such resources may be highly unreliable due to lossy 
wireless transmissions or limited battery lifespans. Nevertheless, since 
such devices are omnipresent in the compute continuum, we consider 
them through their connection to a supervisor, i.e., in a nearby full

fledged resource [24].

In general, the approach presented in the work at hand aims to 
apply to arbitrary modern-day data stream processing frameworks. Nev

ertheless, the implemented system is partially ifluenced by the selected 
framework. We have selected Apache Storm [15] since it provides sub

millisecond latencies [25] and offers interfaces to integrate new place

ment heuristics easily. This has made Apache Storm a popular choice 
for evaluating operator placement approaches, e.g., in [26--31].

Interestingly, the aforementioned supervisors are a concept provided 
natively by Apache Storm, although similar entities also exist in other 
data stream processing engines. In short, a supervisor is a component in

tegrated into a resource (i.e., a host) responsible for local task allocation. 
If resource-constrained devices that can offer computational capabilities 
are connected to a host, the supervisor is responsible for assigning tasks 
to them.

One drawback of Apache Storm is that it does not provide exten

sive information on the latency from data transfers between operators. 
Therefore, in Section 3.4, we present an approach to estimating the la

tency of network links in Apache Storm.

3.2. Design considerations

Within the work at hand, we focus on the stream operator placement 
problem (Section 2.3) for the above-defined system model considering 
the following:

• Scheduling Units: In our work, scheduling is done for a complete 
set of operators dfined within a DAG. The alternative would have 
been to do the scheduling for each operator. While this would be 
way easier from the perspective of the computational difficulty of 
finding an optimal solution, taking only one operator into account 
at a time may also lead to local maxima instead of the envisioned 
global maximum.

• Adaptivity: Placement techniques can be classfied as either static or 
adaptive (also referred to as offline and online techniques). Static 
or offline schedulers perform operator placement once, typically 
at deployment time, and do not adjust these placements during 
runtime. This approach is more straightforward but can lead to sub

optimal performance if the system conditions change, for example, 
due to variations in the number of available workers. On the other 
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hand, adaptive or online schedulers continuously monitor the sys

tem’s state and dynamically adjust operator placements in response 
to changing conditions, such as fluctuating workloads or resource 
availability. Given that static approaches may result in outdated 
placements as the system evolves, we focus on adaptive scheduling 
to maintain optimal performance under dynamic conditions in this 
work.

• Quality of Service Constraints: In addition to optimizing some metrics 
with the scoring function, Quality of Service (QoS) constraints can 
be dfined to guarantee a minimum standard in all solutions. These 
are commonly focused on limiting the cost or ensuring most of the 
available computational resources are utilized instead of idling. In 
our work, we optimize the latency and throughput of stream pro

cessing applications.

• Heterogeneity: Heterogeneity considers the support of computing 
resources with varying properties or capabilities, such as their com

puting performance or available storage [21]. Since nodes at the 
edge of the network could be very heterogeneous, the hybrid heuris

tic supports this.

• Heuristics: As mentioned in Section 2.3, the stream operator place

ment problem is NP-hard. Accordingly, we aim to provide heuristics 
for solving it.

We reuse these aspects when comparing our work to the related work 
in Section 7.

3.3. Resource monitoring and adaptation

An important aspect that needs to be considered in the design phase 
of stream processing optimization approaches is the dynamic varia

tion of computational and network loads that might impact perfor

mance [32]. This variation can be an outcome of, e.g., newly discovered 
available computational resources that alter the system’s computational 
capacity or unexpected network bottlenecks. To account for such varia

tions, monitoring the computational and network resources of the sys

tem is crucial. Especially in environments characterized by fluctuating 
workloads and resource availability [33], considering varying computa

tional resource capacity and utilization can be essential for maintaining 
optimal system performance. In our work, we consider computational 
resource utilization-related metrics (such as CPU and memory) in the 
problem formulation, as mentioned in Section 4.2, and also in the system 
implementation, as discussed later on in Section 5. Such considerations 
are taken into account at runtime during every iteration of the scheduler, 
leading to scheduling decisions tailored to the available computational 
resources of the system.

In addition to monitoring and adapting to computational resource 
utilization, we also consider network-related metrics. Assuming a 
general-purpose stream processing deployment, e.g., over a local net

work and the Internet, we have no control over the underlying network 
infrastructure. Therefore, we cannot assume knowledge of concrete net

work capacities and variation, as the target network (including the 
Internet) can be unpredictable [34]. Nevertheless, basic network es

timations are considered to aid in dynamic network adaptations. Since 
latency between operators is crucial, as also discussed in Section 1, 
we devise an elaborate approach to take latency measurements, as dis

cussed in Section 3.4, which is integrated with the problem formulation 
(in Section 4.2), and implemented, as explained in Section 5. Further

more, network metrics such as latency and the number of emitted events 
are explicitly considered in the problem formulation. Regarding mon

itoring such metrics in practice, we discuss appropriate techniques in 
Section 5.2.

Therefore, dynamic resource monitoring (considering various met

rics and resources) and adaptations are performed frequently since the 
proposed online scheduler runs periodically. This guarantees that com

putational and network resource changes are taken into account, lead

ing to optimized scheduling, which is the focus of our work. To target 

Algorithm 1: Process to update a supervisor’s position in the 
latency cost space.

Input: 𝐩𝑒𝑠𝑡 = 𝐩𝑐𝑢𝑟𝑟 (current coordinate), 𝜖𝑚𝑖𝑛 (minimum required 
movement)

Output: updated estimated position 𝐩𝑒𝑠𝑡
1  ← selectPeers()
2 updatePositions()
3 measureLatencies()
4 Δ𝑚𝑎𝑥 ←∞
5 𝑘← 0
6 while Δ𝑚𝑎𝑥 > 𝜖𝑚𝑖𝑛 and 𝑘 < 100 do

7 𝐦← 𝟎
8 foreach 𝑝 ∈  do

9 𝐟 ← force(𝑝,𝐩𝑒𝑠𝑡)
10 𝐦←𝐦+ 𝐟
11 end

12 𝐩𝑒𝑠𝑡 ← 𝐩𝑒𝑠𝑡 +𝐦
13 Δ𝑚𝑎𝑥 ← ‖𝐦‖
14 𝑘← 𝑘+ 1
15 end

16 return 𝐩𝑒𝑠𝑡

unreliable and lossy networks with highly fluctuating resources, addi

tional mechanisms for dynamic adaptations can be additionally imple

mented [35,36].

3.4. Network link latency estimation

To collect latency estimations, we apply spring relaxation. A spring

based estimation rather than a matrix completion is preferred because a 
spring-based estimation naturally leads to a highly decentralized design 
without the need for coordination. This design is inspired by the work 
of Pietzuch et al. [7] (see Section 7).

In the introduced hybrid heuristic, each supervisor independently es

timates its coordinates in a three-dimensional cost space. In this space, 
the distance between two coordinates correlates to the estimated latency 
between the supervisors. Initially, each supervisor’s coordinates are ran

domized and adjusted based on periodic latency measurements [7].

Algorithm 1 shows the process of executing a periodic latency mea

surement. When a supervisor can communicate with other supervisors, 
these are referred to as peers  .  is assumed to be known in the begin

ning to bootstrap the algorithm. First, a supervisor adjusts its position 
by assuming the coordinates of other peers 𝑝 ∈  are fixed (Lines 1-3). 
Spring relaxation is then applied between the supervisor and its peers 
to pull the supervisor into a position closer to the measured latencies 
(Lines 8-12). This is repeated iteratively until the total movement across 
all peers Δ𝑚𝑎𝑥 falls below the minimum required movement 𝜖𝑚𝑖𝑛 or a 
maximum number of iterations 𝑘 is reached (Line 6) [7]. The estimated 
position 𝐩𝑒𝑠𝑡 is then returned (Line 16). After this process, the supervi

sor saves 𝐩𝑒𝑠𝑡 in a key-value store and waits until the periodic latency 
estimation starts again to rfine the coordinates based on new mea

surements or updated positions of peers. The interval of the periodic 
estimation is slightly randomized to prevent peers from potentially be

ing synchronized, which can lead to cyclic updating based on outdated 
measurements.

To calculate the spring force in Line 9 of Algorithm 1, we present 
Algorithm 2. First, a unit vector 𝐝 of the distance between the supervi

sors is calculated (Lines 1, 3). The force is dfined as 𝑘 ∗ 𝑙𝑜𝑔(‖𝐝‖∕𝓁𝑝), 
with 𝑘 being a constant, 𝓁𝑝 the distance using the network ping, and 𝐝
the distance in the latency space (Line 2). This force is then applied in 
the correct direction by multiplying it with 𝐝 (Line 4). The logarithmic 
scale is used to prevent the forces between very distant positions from 
becoming too large compared to smaller forces [37,38].

Similar to Google’s landmarking implementation, not all supervisors 
but only a small subset are used as peers [39]. In contrast, 𝑛 random 
peers are used rather than selecting specific peers. After an estimation, 
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Algorithm 2: Process to calculate the force based on spring re

laxation.

Input: 𝑝 (peer), 𝐩𝑒𝑠𝑡 (estimated position)

Output: 𝐝 = movement update vector

1 𝐝← 𝐩𝑝 − 𝐩𝑒𝑠𝑡
2 𝑓 ← 𝑘 ⋅ log

( ‖𝐝‖
𝓁𝑝

)
3 𝐝← 𝐝 ‖𝐝‖
4 return 𝐝← 𝐝 ⋅ 𝑓
5 return 𝐝;

only the 𝑖 peers with the lowest latency are kept, and 𝑗 new random 
peers are selected, so the full selection of 𝑛 peers exists again. This 
specific selection with a bias for more local resources is made as the ac

curacy of latency estimation for the closest resources matters the most 
for the operator placement. This is because these resources are far more 
likely to interact with each other once a placement occurs. After all, they 
offer low latencies. A network-aware operator placement heuristic that 
aims to reduce latencies then aims to use these resources. In contrast, 
the accuracy of the global latency estimation is less critical because hav

ing more distant resources interact hinders the aim of achieving lower 
latencies. Still, the 𝑗 random peers ensure that the global estimation is 
somewhat accurate, even if ideally less relevant.

The implementation details of the network latency estimation are 
presented in Section 5.

4. Optimization problem

In this section, we present our latency-aware stream operator place

ment approach. First, we dfine a simplfication of the system model in 
Section 4.1. Afterward, Section 4.2 formulates an optimization problem 
tailored to the system model discussed in Section 3. Then, Section 4.3

presents heuristics for solving this problem efficiently.

4.1. Simplfication

The first step in efficiently solving the placement problem is simpli

fication. The separation of workers on a supervisor in Apache Storms 
architecture is primarily logical. Each worker has access to all the re

sources of a supervisor. Similarly, multiple workers are unnecessary to 
achieve concurrency because workers run multiple threads. The docu

mentation of Apache Storm even recommends only using one worker 
per topology on a supervisor, as multiple workers would introduce ad

ditional overhead for the communication between processes [40]. With 
this performance consideration in mind and without any requirement 
to distinguish between workers, there is no need to model each worker 
in the stream operator placement. Instead, operators can be assigned 
to a supervisor if one of its workers is already occupied by the same 
topology or at least one worker is still free. This greatly simplfies find

ing assignments and co-locating operators. Following this simplfication, 
the actual optimization problem can be dfined starting with the scoring 
function.

4.2. Formulation

The placement problem is formulated as a cost-minimization prob

lem. The cost function is shown in Equation (1). This equation consists 
of four parameters with weights 𝑤1 to 𝑤4, which regulate the amount 
of ifluence of each parameter.

𝑠(𝑥) =𝑤1 ∗ 𝑠𝑙𝑎𝑡(𝑥) +𝑤2 ∗ 𝑠𝑠𝑢𝑝(𝑥) +𝑤3 ∗ 𝑠𝑐𝑜(𝑥) +𝑤4 ∗ 𝑠𝑒𝑣𝑒𝑛𝑡(𝑥) (1)

𝑠𝑙𝑎𝑡(𝑥) is the highest estimated network latency accumulated during 
the processing of an event in the topology 𝑇 . 𝑇𝑠𝑜𝑢𝑟𝑐𝑒𝑠 and 𝑇𝑠𝑖𝑛𝑘𝑠 denote all 
data sources and sinks of 𝑇 , respectively. For any operator 𝑠 ∈ 𝑇𝑠𝑜𝑢𝑟𝑐𝑒𝑠, 
we dfine that 𝑠𝑙𝑎𝑡(𝑠) = 0. For the other operators in the topology, ap

plies that ∀𝑜 ∈ 𝑇 ∶ 𝑠𝑙𝑎𝑡(𝑜) = 𝑚𝑎𝑥(𝑠𝑙𝑎𝑡(𝑝) + 𝑙𝑝,𝑜 ∶ 𝑝 ∈ 𝑜𝑝𝑟𝑒𝑑𝑒𝑐𝑐𝑒𝑠𝑜𝑟𝑠) with 

𝑙𝑎,𝑏 being the estimated network link latency from the operator a to 
b. The latency score of the topology is the maximum among all sinks: 
𝑠𝑙𝑎𝑡(𝑇 ) =𝑚𝑎𝑥(𝑠𝑙𝑎𝑡(𝑠) ∶ 𝑠 ∈ 𝑇𝑠𝑖𝑛𝑘𝑠).

𝑠𝑠𝑢𝑝(𝑥) is used to condense the placement of operators and is de

fined as 𝑠𝑠𝑢𝑝(𝑥) =
|𝑠𝑢𝑝𝑒𝑟𝑣𝑖𝑠𝑜𝑟𝑠∈𝑥||𝑠𝑢𝑝𝑒𝑟𝑣𝑖𝑠𝑜𝑟𝑠| . This parameter aims to reduce the total 

number of employed supervisors, allowing the temporary shutdown of 
redundant supervisors. This reduces unused resources.

𝑠𝑐𝑜(𝑥) is a measure of the co-location of operators. If 𝑝(𝑜) is the place

ment of an operator 𝑜 then 𝑠𝑐𝑜(𝑥) =
|𝑒𝑜1 ,𝑜2∈𝑇 ∶𝑝(𝑜1)≠𝑝(𝑜2)||𝑒𝑜1 ,𝑜2∈𝑇 | .

Finally, 𝑠𝑒𝑣𝑒𝑛𝑡(𝑥) counts the events emitted over not co-located edges. 
With 𝑡(𝑒) being the events emitted on an edge 𝑒, 𝑠𝑒𝑣𝑒𝑛𝑡(𝑥) can be de

fined as 𝑠𝑒𝑣𝑒𝑛𝑡(𝑥) =
∑

𝑒𝑜1 ,𝑜2 ∈𝑇 ∶𝑝(𝑜1)≠𝑝(𝑜2)
𝑡(𝑒𝑜1 ,𝑜2 )∑

𝑒𝑜1 ,𝑜2 ∈𝑇
𝑡(𝑒𝑜1 ,𝑜2 ) 

. In practice, 𝑡(𝑒) might not 

be measured exactly because most stream processing frameworks (incl. 
Apache Storm) only have a metric about the emitted events for each op

erator. Nevertheless, 𝑡(𝑒) can be approximated by dividing the operator

based statistic by the count of outgoing edges. Thus, 𝑠𝑐𝑜(𝑥) relates to the 
general performance while 𝑠𝑒𝑣𝑒𝑛𝑡(𝑥) focuses on important operators be

ing co-located.

All parameters have a range of [0,1] except for the latency 𝑠𝑙𝑎𝑡(𝑥)
that has a range of [0,∞]. To account for this range, 𝑤1 is set to 1 

1000000
so that it becomes insignificant and acts mostly as a deciding factor 
between similarly scored solutions. All the other weights, 𝑤2 to 𝑤4, are 
set to 1.

Regarding constraints, every operator is assigned to one supervisor, 
while each supervisor can have operators of one topology. Furthermore, 
the memory and CPU usage of the supervisors cannot exceed the pro

vided capacities. Overall, the cost function favors co-located placements, 
while the constraints ensure the efficient use of the available compu

tational resources. Hence, the utilization of a supervisor is allowed to 
reach up to 95% before it is considered a constraint violation.

4.3. Heuristics

We design three heuristics to solve the previously dfined optimiza

tion problem: hill-climbing, ant system, and hybrid. All heuristics aim 
at using computational resources sparingly so that they can be executed 
iteratively for online scheduling. Thus, instead of striving to find an opti

mal solution (that may be too computationally intensive), our heuristics 
aim at approximating the optimal solution, which is preferred for real

time stream processing. To further reduce the computational overhead 
of the heuristics, a topology is rescheduled periodically, e.g., every 30 
seconds, and only if there have been system updates.

4.3.1. Hill-climbing

Local search is based on performing small modfications on an ex

isting solution iteratively to find better placements [41]. The initial 
solution for the search is either the current placement or a potentially 
highly inefficient placement from a greedy heuristic that mainly aims to 
satisfy the memory and slot availability constraints. In this local search 
implementation, for a modfication to be accepted as a better solution, 
the amount of constraint violations has to be reduced or at least kept 
equal while improving the score. This is also often referred to as hill

climbing [41]. This means that a suboptimal placement will never be 
selected. Consequently, this heuristic might get stuck in local optima. 
Hill-climbing uses the following three operations to modify a placement:

1. Moving one operator to a different supervisor.

2. Swapping the placement of two operators which are not co-located.

3. Moving all operators of a supervisor to a different supervisor.

In theory, swapping and moving all operators is unnecessary because 
they can be expressed through multiple individual move operations. Due 
to co-location being highly relevant in multiple metrics of the scoring 
mechanisms, it is also often the cause of local optima. Swapping the 
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placements is highly effective at reducing the application’s latency while 
moving all operators, which allows for the contraction of placements 
when a topology is experiencing a low load. In both cases, the loss of co

location would result in significantly worse scores if these modfications 
were to be executed in multiple steps instead, resulting in significant 
and undesirable local optima, which this form of local search would not 
overcome.

4.3.2. Ant system

This heuristic is based on the real-world collaborative pathfinding of 
ants [42]. A placement is represented by a path (in a graph) that starts 
at an operator, ends at a supervisor, and alternates between supervisors 
and operators until all operators are included in the path exactly once. 
Edges from the operators to the supervisors represent individual opera

tor assignments. When the same edges are frequently chosen, they are 
given priority in future assignments based on a calculated pheromone. 
Notably, the order of the operators can affect the placement since the 
first operators are preferred. This can lead to local optima. To avoid 
these, the operator order is randomized for every placement, introduc

ing a stochastic element that allows the algorithm to explore diverse 
solutions and avoid premature convergence.

Initially, the pheromone of each edge (𝑖, 𝑗) is initialized with a con

figurable parameter 𝑝𝑖. A previous placement can also affect the initial 
pheromones by executing the pheromone placement 𝑝𝑐 times for a path 
equivalent to the current placement. Then, 𝑚 ants are generated, each 
with a random path. The best ant is updated, and the pheromones on the 
graph edges are modfied accordingly. The iteration count and the num

ber of iterations since the last score are used as exit conditions. When 
the algorithm ends, the best placement is returned.

The probability of an ant 𝑘 at time 𝑡 to move from a node 𝑖 in the 
graph to 𝑗 is shown in Equation (2). It consists of an a priori heuristic, 
for which a custom one is dfined in Equation (3), and an a posteriori 
heuristic, i.e., the pheromone. 𝛼 and 𝛽 are used as parameters to weigh 
the importance of both elements [42].

𝑝𝑘
𝑖𝑗
=
⎧⎪⎨⎪⎩

|𝑖𝑗 (𝑡)𝛼 |⋅|𝜂𝑖𝑗 (𝑡)𝛽 | ∑
𝑘∈allowed movements |𝑖𝑘(𝑡)𝛼 |⋅|𝜂𝑖𝑘(𝑡)𝛽 | 𝑗 ∈ allowed movements

0 otherwise
(2)

The a priori heuristic in Equation (3) is used to find solutions with 
more co-locations of operators. To achieve co-location, the output value 
of this heuristic is multiplied by 2 if another operator of the topology 
is placed on the supervisor or if a predecessor or successor operator is 
placed on the supervisor. If the placement overloads the resources, the 
value is divided by 2. This way, the pheromone encourages or discour

ages certain decisions, guiding the exploration.

𝜂𝑖𝑗 = 1 ⋅ 2pre or suc on 𝑗 ⋅ 2𝑗 already used ⋅
1 

2overloads 𝑗’s CPU
⋅

1 
2overloads 𝑗’s mem

(3)

Equation (4) shows the decay of the pheromone, which is based on 
the parameter 𝜌 and the newly placed pheromone of all ants for an edge 
(𝑖, 𝑗) [42]. In this ant system variant, a minimum pheromone amount 
𝑝𝑚 on each edge is enforced to ensure that the random exploration of 
alternate paths never stops [43].

𝑖𝑗 (𝑡) = max(𝜌 ⋅ 𝑖𝑗 (𝑡− 1) +
𝑚 ∑

𝑘=1
Δ 𝑘

𝑖𝑗
, 𝑝𝑚) (4)

The pheromone placed on an edge (𝑖, 𝑗) by the ant 𝑘 is dfined 
in Equation (5). This equation uses a constant 𝑄 to scale the placed 
pheromone and 𝑆𝑘 as the score of the ant 𝑘’s solution. This ensures that 
a lower score results in more pheromones placed, attracting more ants 
to better solutions [42].

Δ 𝑘
𝑖𝑗
=

{
𝑄 
𝑆𝑘

𝑘𝑡ℎ ant uses edge (i,j) in path

0 otherwise
(5)

To ensure that constraint violations are reduced, 𝑆𝑘 is dfined using 
a combined score, i.e., 𝑆𝑘 = 𝑠𝑐𝑜𝑟𝑒(𝑘) + 10000 ∗ 𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑡𝑉 𝑖𝑜𝑙𝑎𝑡𝑖𝑜𝑛𝑠(𝑘).

4.3.3. Hybrid

The hybrid heuristic combines the benfits of hill-climbing and the 
ant system. The random solution construction of the ant system is more 
effective at exploring the solution space by avoiding getting stuck in 
local minima but also does not identify and exploit the smaller opti

mizations as greedily as hill-climbing. Hence, after the ant system finds 
a good solution, there may still be some small adaptions that can be 
made to improve the score greedily. For this reason, the hybrid search 
consists of running the ant system for its effective exploration, followed 
by hill-climbing to find and make those small adjustments. The execu

tion time is halved for each heuristic to ensure that the execution of both 
heuristics in succession still fufills the same design constraints. The idea 
of combining local search and ant systems is well known. However, it is 
usually directly applied within the ant system by optimizing each ant’s 
path again before the pheromone is placed [41].

5. Implementation

This section discusses the details of the implementation of our 
Apache Storm-based prototype. In Section 5.1, we give an overview of 
the architecture. Afterward, Section 5.2 discusses the implementation 
of the metrics consumer, and Section 5.3 elaborates on the realization 
of the network latency estimation.

5.1. Architecture

As discussed, the presented approach is, per se, applicable to differ

ent data stream processing frameworks. Naturally, to integrate it into 
specific frameworks, some adaptations are necessary. In the following 
subsections, we describe how this has been done in the work at hand 
for Apache Storm. More precisely, the implementation has been done 
for Apache Storm 2.4.0 since this was the most recent version of the 
framework at the time of development. An overview of the general archi

tecture can be found in Fig. 1. Our prototype is available at BitBucket4

under the Apache 2.0 open-source license.

Naturally, we allow different hosts in the compute continuum to 
be used to deploy workers in Apache Storm. Each host runs a supervi

sor (Section 3), which controls the worker processes. The Storm Metrics 
Consumer is used to forward the metrics of a topology.

To access the necessary metrics for our placement heuristic, they 
have to be made accessible to Nimbus. Nimbus is a daemon running on 
the Apache Storm master node that distributes code in a Storm cluster, 
assigns tasks to worker nodes, and provides monitoring capabilities. To 
achieve this, the necessary metrics are sent to ZooKeeper, where they 
are accessible to the placement heuristic running in Nimbus.

In addition, we add a latency estimation component. It is installed 
and executed along with any supervisor but operates independently of 
them. To transfer this data to Nimbus and exchange data to compute 
the estimations, Redis, an in-memory key-value store, is used [44].

Apache Storm provides two Java interfaces to implement a place

ment logic. The IStrategy interface allows the creation of a new place

ment logic for Storm’s standard Resource Aware Scheduler [28]. Still, it 
is limited to applying the placement at topology deployment time or 
if other external changes occur. Hence, we selected the IScheduler in

terface, which is called periodic and allows the implementation of an 
online scheduler.

As shown in Fig. 1, in addition to Storm’s regular communication 
between Nimbus, ZooKeeper, and the supervisors, there are three addi

tional flows of data related to the operator placement heuristic executed 
on Nimbus. When the Storm Metrics Consumer receives metric data from 

4 https://bitbucket.org/RaphaelEcker/dsgexposeoperatorplacement.

https://bitbucket.org/RaphaelEcker/dsgexposeoperatorplacement
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Fig. 1. Extended Architecture of Apache Storm. 

operators, it is written to ZooKeeper. Additionally, the latency estima

tors running on each host retrieve the list of potential peers and their 
positions from Redis. They use this data to adjust their position estima

tion and store it on Redis. Finally, the placement heuristic on Nimbus 
only retrieves the data from ZooKeeper and Redis when a placement 
occurs, resulting in one-directional data flows. These three data flows, 
therefore, do not require synchronization, and the components do not 
directly interact with each other since Redis and ZooKeeper store the 
data until it is used.

One advantage of this architecture is that it allows for the implemen

tation of the placement heuristic without requiring any modfication of 
Apache Storm. All the necessary functionality already exists in Storm 
and can be extended by well-defined interfaces and cofigured or added 
externally as another component.

5.2. Metrics consumer

This section describes how to acquire access to resource metrics 
of Apache Storm operators, which is critical for facilitating dynamic 
monitoring and adaptation, as discussed in Section 3.3. For example, 
computational resource metrics, such as CPU utilization, can provide in

sights into the computational load of each node, allowing the detection 
of nodes nearing their processing capacity and enabling operator place

ment adaptation. Similar network metrics, such as bandwidth measure

ments, are essential to understanding the data transfer rate, affecting 
the overall system throughput and the efficiency of the communication 
links between operators. Therefore, such metrics can aid in optimized 
scheduling decisions and maintain performance in the face of fluctuat

ing workloads and resource demands.

Interestingly, Apache Storm does not directly provide access to the 
metrics of a topology, which is why the MetricsConsumer is used to 
forward that data. Alternatively, Storm UI exposes the metrics with a 
Representational State Transfer (REST) API, but it would have to be 
repeatedly queried for potential metric updates rather than them being 
pushed [45]. In the end, the MetricsConsumer-based implementation also 
relies on Nimbus polling the data because the actual metrics are stored 
in ZooKeeper as described in the architecture. As a result, both imple

mentation variants of accessing the metrics are highly similar, as they 
require the use of optional Storm components in their deployment, be 
it Storm UI or the MetricsConsumer.

The metrics collections interval has been recofigured for online 
scheduling to ten seconds to match Storm’s scheduling interval. Once 
the bandwidth usage of an operator has been measured, it can be used 
to calculate an average event size, such that the bandwidth usage can 
then be estimated even if the operator is co-located. Because of the dif

ficulty of reliably acquiring up-to-date bandwidth information and the 
need for an initially bad placement, the decision was made to approx

imate bandwidth usage purely by considering the number of emitted 
events, as presented in the design.

Another limitation of Apache Storm is that, by default, the CPU usage 
is not monitored. Instead, Apache Storm provides the capacity metric, 
which is the percentage of time an operator is not idle. Considering that 
best practices avoid implementing operators with blocking functions, 
this directly means that capacity can signify some resource bottleneck. 
The cause of this bottleneck could be another resource, such as the stor

age or network, but in the most general case, it describes the CPU usage 
or its idle time. For this reason, the scoring function and constraints from 
the optimization problem definition are implemented using the capac

ity metric rather than the actual CPU usage. Capacity is, of course, a 
metric that is only relevant to the current computational resource. It 
is, therefore, transformed into a general CPU cost to support heteroge

neous resources. The operator’s capacity is multiplied by the supervisor’s 
CPU capacity to compute the operator’s CPU cost. This achieves point 
costs that can be considered in conjunction with the manually dfined 
point-based capacities of supervisors using the existing functionality of 
Storm’s Resource Aware Scheduler [28,46]. The manual supervisor CPU 
capacity cofiguration could be avoided by executing a benchmark on 
the start-up of the service to measure it directly instead.

5.3. Network latency estimation

The network latency estimation implementation follows the design 
and architecture considerations already made. Redis acts as a store for 
each supervisor’s estimated positions and as a lookup table to find peers. 
The component is implemented using Java and uses the natively in

stalled ping utility, if available, for increased accuracy in collecting 
latencies. To ensure the latencies of the estimation can be mapped to the 
supervisors, the same method to generate the supervisor’s ID in Apache 
Storm is essentially reused. With both the latency estimation and Apache 
Storm identifying supervisors by their hostname, matching the data be

comes trivial.

A simple method to estimate the latency of a stream processing ap

plication would be to sum or average all the individual latencies. While 
this can help identify better placements, it completely ignores how the 
latency is distributed across the application. As such, some paths could 
have very short or excessively long latency. For this reason, the latency 
of an application has been previously dfined as the highest latency of 
any path through the DAG, i.e., the stream processing application.

An efficient method to calculate this is to set the latency to reach an 
operator to the maximum of all its predecessors and the network link la

tency to the current operator. By applying this iteratively to all operators 
once their predecessors have been calculated, the latency experienced at 
the sinks can be calculated and, therefore, be used to estimate a complete 
application’s latency. The order in which the latency of the operators can 
be iteratively calculated stays identical unless the DAG is changed. As 
such, this order can be calculated once rather than being recomputed 
for every latency estimation. Furthermore, this order is a topological 
order for which well-known sorting algorithms exist, e.g., Kahn’s algo

rithm [48]. Unfortunately, this only works for DAGs, but Apache Storm 
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Algorithm 3: Modfication of the Eades, Lin, and Smyth heuris

tic to create topological orderings of cyclic graphs [47].

Input: 𝐺 = (𝑉 ,𝐸) (directed, potentially cyclic graph)

Output: sets of vertices in topological order after removing minimal 
edges to break cycles

1 ,← empty stack

2 𝑠𝑟𝑐 ,𝑠𝑖𝑛𝑘,𝑡𝑚𝑝 ← empty queue

3 enqueue(sources(𝐺), 𝑠𝑟𝑐 )

4 enqueue(sinks(𝐺), 𝑠𝑖𝑛𝑘)

5 while 𝐺 ≠ ∅ do

6  ← ∅
7 while 𝑠𝑟𝑐 ≠ ∅ do

8 𝑣← dequeue(𝑠𝑟𝑐 )
9  ←  ∪ {𝑣}

10 𝐺←𝐺 ⧵ {𝑣, edges of 𝑣}
11 foreach 𝑣′ ∈ sources(𝐺) do

12 enqueue(𝑣′, 𝑡𝑚𝑝)

13 end

14 if 𝑠𝑟𝑐 = ∅ then

15 swap(𝑡𝑚𝑝,𝑠𝑟𝑐 )

16 if  ≠ ∅ then

17 push(, )

18  ← ∅
19 end

20 end

21 end

22 while 𝑠𝑖𝑛𝑘 ≠ ∅ do

23 𝑣← dequeue(𝑠𝑖𝑛𝑘)
24  ←  ∪ {𝑣}
25 𝐺←𝐺 ⧵ {𝑣, edges of 𝑣}
26 foreach 𝑣′ ∈ sinks(𝐺) do

27 enqueue(𝑣′, 𝑡𝑚𝑝)

28 end

29 if 𝑠𝑖𝑛𝑘 = ∅ then

30 swap(𝑡𝑚𝑝,𝑠𝑖𝑛𝑘)

31 if  ≠ ∅ then

32 push(, )

33  ← ∅
34 end

35 end

36 end

37 if 𝐺 ≠ ∅ then

38 𝑐𝑜𝑚𝑝 ← tarjan(𝐺)
39 𝑣← maxVertexWithRemovedNeighbor(𝑐𝑜𝑚𝑝)

40 𝐺←𝐺 ⧵ {𝑣, edges of 𝑣}
41  ← {𝑣}
42 push(, )

43 end

44 end

45 while ≠ ∅ do

46  ← pop()
47 push(, )

48 end

49 return 

theoretically allows for the definition of cycles in a topology. Hence, our 
implementation needs to transform a cyclic directed graph into a DAG.

Removing the minimal number of edges from a cyclic directed graph 
to transform it into a DAG is known as the minimum feedback arc set 
problem. The heuristic by Eades, Lin, and Smyth was implemented to 
accomplish this aim because of its speed, simplicity, and capability to 
directly output a resulting topological ordering [47]. Unfortunately, the 
minimal feedback arc set problem only considers removing the mini

mum number of edges and not how this affects the pattern or structure 
of the graph. This does not match the goal of calculating metrics such 
as latency, for which the impact on these calculations should be mini

mized. Therefore, the selection of the node and, in turn, edges must be 
adapted when cycles are being resolved.

We also need to account for multiple cycles in a topology. Primarily, 
the heuristic should only remove necessary edges to eliminate cycles. 
Removing some cycles may allow additional vertices to be iteratively 
processed rather than requiring their out-of-order removal. This means 
an optimal order of which cycle to remove first needs to be found. So 
far, only cycles have been considered for their simplicity, but any more 
complex structure consisting of multiple cyclic elements must also be 
simplfied. The important concept for such cyclic structures is that any 
vertex has a path to any other vertex, generally known as a strongly con

nected component [49]. This is also the problem for calculating latency 
because none of the structure’s vertices can be considered the first or 
last element. As such, a mechanism for detecting and resolving strongly 
connected components is necessary.

Strongly connected components are well studied, and as such, al

gorithms to find them efficiently exist. In this work, we use Tarjan’s 
algorithm [49] based on dept-first search and a runtime of 𝑂(|𝑉 |+ |𝐸|)
to not only identify all strongly connected components in a directed 
graph but also return them in inverse topological order. The strongly 
connected components can be returned in a topological order, even in 
a cyclic graph, because the strongly connected components can be used 
to transform the graph into a DAG.

The aforementioned algorithms provide the necessary prerequisites 
to create a heuristic for calculating a topological ordering for poten

tially cyclic graphs, which in turn allows calculating the latency of the 
stream processing application, although with only limited correctness. 
The complete pseudocode of the modfied heuristic can be seen in Algo

rithm 3. It consists of the Eades, Lyn, and Smith heuristic (Lines 1-37, 
40-49), modfied to remove all viable sources or sinks as a set rather 
than individually (Lines 7-21, 22-36). Additionally, the logic of selecting 
a vertex to resolve a cycle was modfied as described above. Tarjan’s al

gorithm (Line 38) is applied to identify the first cycle in the DAG, which 
is the last component in the algorithm’s output. Finally, a vertex in this 
cycle is selected for removal based on Eades, Lin, and Smyth’s heuris

tic, requiring it to neighbor a previously removed vertex categorized as 
a source (Line 39).

5.4. Topology adaptation

Some existing stream processing frameworks, such as Apache Flink, 
may allow the automatic adaptation of the topology, e.g., by merging 
and splitting operators and using dynamic scaling [50,51]. Such actions 
can affect the utilization of the available resources, especially in environ

ments with fluctuating workloads (this is also discussed in Section 3.3).

In this work, focusing on optimized scheduling, we consider vari

ous similar aspects, e.g., we prioritize the co-location of operators to 
optimize resource utilization, as discussed in Section 4.2, and we de

tect operators reaching the resource capacity limits and relocate them 
appropriately. Such conditions could also trigger topology adaptations, 
e.g., by merging co-locating operators performing the same processing 
tasks with a low processing rate or splitting operators reaching resource 
capacity. This may reduce the computational overhead.

However, although some stream processing frameworks like Apache 
Flink offer built-in support for topology adaptation, including merging 
and splitting, Apache Storm, the framework chosen for our implemen

tation, does not support these features. Nevertheless, Apache Storm of

fers appropriate APIs for implementing custom scheduling approaches, 
which makes it a compelling candidate for our implementation. In this 
work, focusing on making optimized scheduling decisions, we do not 
consider topology adaptations, as this could be potentially handled na

tively by additional mechanisms offered by the host stream processing 
framework. Notably, during the experiments of Section 6, aiming to 
compare the proposed scheduling with alternatives, none of the ex

amined approaches allows dynamic topology adaptations at runtime, 
thereby ensuring comparable evaluation results highlighting the bene
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Fig. 2. Emulated network topology for the evaluation. 

fits of the optimized scheduling decisions, which is the focus of the work 
at hand.

6. Evaluation

For the evaluation, we build a system for stream operator placement 
and run various experiments to compare the single heuristics and the 
hybrid heuristic with existing alternatives. We describe all the imple

mented approaches in the experimental setup in Section 6.1 and an 
elaborate description of the results of our experiments in Section 6.2.

6.1. Experimental setup

We experimented with various implemented approaches for this 
evaluation, which we integrated into Apache Storm. In total, we im

plement five scheduling approaches, namely, hill-climbing, ant system, 
the proposed hybrid, the default scheduler of Apache Storm, and the 
resource-aware scheduler [28,46,52]. These five specific approaches are 
motivated by their diverse strengths and trade-offs, offering a compre

hensive view of the performance of stream operator placement strate

gies. Specifically, hill-climbing is chosen for its simplicity and efficiency 
in exploring local optimizations, providing a baseline for understanding 
how simple iterative improvements impact performance. The ant sys

tem is implemented due to its ability to explore a broader search space 
through collaborative pathfinding, offering insights into how stochastic 
optimization techniques can handle operator placement. The proposed 
hybrid approach, combining hill climbing and the ant system, is imple

mented to evaluate whether local and global search strategies together 
can yield better results than either alone, especially in the context of 
stream processing topologies.

Including the default and resource-aware schedulers is essential for 
benchmarking against existing, well-established methods. The default 
scheduler represents a basic, round-robin placement, and by compar

ing its results with heuristic-based approaches, we aim to highlight the 
potential performance benfits. On the other hand, the resource-aware 
scheduler incorporates resource constraints and is designed to optimize 
resource usage and reduce latency, making it an important benchmark 
for evaluating how our heuristic-based solutions compare to a more 
sophisticated baseline. Thus, by comparing these two approaches, we 
aim to evaluate the performance of our custom approaches compared 
to widely used alternatives. Overall, we consider that these five opti

mization alternatives are sufficient for investigating the behavior of the 
implemented approaches when making operator placement decisions. 
Additional aspects of the evaluation setup, including network cofigu

rations, test data, and data sources, are discussed below.

6.1.1. Network emulation

Since the compute continuum is a novel computing model, relevant 
environments using end devices, network, edge, and cloud resources are 
not readily available. For this reason, we have to rely on emulations to 
create a realistic network topology for this evaluation.

Fig. 2 shows our emulated network topology, including the link 
latencies. We use a switch-based network topology, usually used for 
smaller to medium-sized networks, such as a single factory or office 
building, which could have a private deployment of a compute contin

uum including cloud and edge resources. This topology includes workers 
𝑤1 to 𝑤11, which are the Apache Storm supervisors running in Docker 
containers. The symbol other services in Fig. 2 represents ancillary ser

vices required for running the experiments (such as Nimbus, Zookeeper, 
and Redis). The resource capacities that are available for each supervisor 
are as follows: 𝑤1 has 1.5 logical cores of CPU and 2048 Megabytes (MB) 
of memory, 𝑤2,𝑤6 and 𝑤7 have 1 logical core of CPU and 1024 MB of 
memory, and 𝑤3 to 𝑤5, as well as 𝑤8 to 𝑤11, have 0.3 logical cores of 
CPU and 768 MB of memory.

Notably, the resource capacities of the supervisors vary to represent 
different devices used in the compute continuum. The link latencies also 
vary to represent the distance of distributed computational resources. 
We use link latencies in the low single-digit milliseconds range since 
users of edge servers usually experience latencies below 10 millisec

onds [53]. The network emulation is executed on a machine equipped 
with an Intel i7-4770k 3.5Ghz, four CPU cores, and eight threads using 
16 GB DDR3 memory with 1600MHz. The machine uses Ubuntu 20.04.4 
LTS as the operating system with version 2.4.0 of Apache Storm. Finally, 
we use Containernet to run the containers as hosts in the topology and 
the Quagga routing suite for routing [54].

6.1.2. Test data

Twelve different topologies are used for the evaluation and are listed 
in Table 1 for an overview. The topologies consist of three manually de

fined topologies (see Fig. 3) to test edge cases, seven randomly generated 
topologies (see Fig. 4) to evaluate the general cases, and two additional 
random topologies containing a cycle (see Fig. 5) to account for this 
special case. Further, each topology has only a single source and sink 
operation to allow for an easier comparison during benchmarking. Oth

erwise, multiple input and output rates would have to be considered for 
each topology. This is a common approach to test operator placement 
heuristics [22,10,55,56].

The topology M1 is merely a sequence of operations. M2 is a single 
operation for which ten instances exist and thereby tests a fan out of 
data and the load balancing of the individual instances. M3 represents 
the minimal possible topology with a single operation as a workload 
with only one instance.
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Table 1
Overview of the main properties of the topologies being tested. The operations 
and operators include the data source and sink in their count.

Topology Randomly Generated Contains a Cycle Operations Operators 
T-M1 ✗ ✗ 6 6 
T-M2 ✗ ✗ 3 12 
T-M3 ✗ ✗ 3 3 
T-R1 ✓ ✗ 16 30 
T-R2 ✓ ✗ 7 12 
T-R3 ✓ ✗ 12 22 
T-R4 ✓ ✗ 15 28 
T-R5 ✓ ✗ 11 20 
T-R6 ✓ ✗ 11 20 
T-R7 ✓ ✗ 22 42 
T-R8 ✓ ✓ 8 14 
T-R9 ✓ ✓ 10 18 

Fig. 3. Visualisations of manually dfined topologies’ operations or its instances 
in the special case of T-M2.

For the random topologies, Java’s pseudorandom number generator 
Random has been seeded with the first 19 digits of 𝜋. Further, an addi

tional (𝑛−1) ∗ 1000 random numbers are generated for the 𝑛𝑡ℎ topology 
to ensure a different random state for each topology.

The first step of generating a random topology is to select a random 
operation count between three and 24 with a discrete uniform distribu

tion. The DAG generation starts with a single source and sink operation 
connected by an edge. Afterward, one of the edges is randomly selected, 
and either one operation or two, in the case of the diamond pattern, are 
inserted and replaced with the original edge. The single operation inser

tion is generated with a 60% probability and the diamond pattern with 
a 40% probability because equal probabilities tend to create too wide 
graphs.

Additionally, Apache Storm sends emitted events to all following op

erations, and, as such, a split is always a duplication of the output rate. 
Hence, we consider the selectivity of the individual operations to ensure 
that some random topologies are generated where some output more 
and others receive fewer events than they receive as input, representing 
both kinds in the evaluation. Additionally, the selectivity of the individ

ual operations is essential to ensure the generation of applications that 
output more or fewer events than they receive as input. The topology is 
then iteratively grown until it reaches the exact operation count.

6.1.3. Test driver

The test driver is a separate component that generates input data for 
the stream processing application. Each input event, including gener

ated data, contains a timestamp, which is used to track latency. During 
the processing of the topology, this timestamp is copied unchanged 
throughout the topology, and is included in the output. When the test 
driver receives an output tuple, it compares the timestamp of the output 
with the current time to compute the latency. In addition to latency, the 
test driver records metrics such as throughput, computational resource 
utilization, and scheduling information acquired from Redis.

The test driver operates with four threads: one for generating data, 
two separate threads for sending and receiving events to and from the 

Fig. 4. Visualisations of the randomly generated topologies’ operations. 

Fig. 5. Visualisations of the randomly generated topologies’ operations (Cntd.).
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Table 2
Average throughput factor increase over the default scheduler at the same CPU reserva

tion for each topology without a cycle and their operator count.

Topology Ops Hill-Climbing Ant System Hybrid 
Resource 
Aware 
Scheduler 

T-M1 6 3.35 (𝜎=1.37) 4.10 (𝜎=0.29) 4.15 (𝜎=0.18) 3.45 (𝜎=0.00) 
T-M2 12 4.32 (𝜎=4.08) 2.68 (𝜎=3.28) 3.19 (𝜎=2.03) 1.94 (𝜎=0.00) 
T-M3 3 7.24 (𝜎=2.55) 5.28 (𝜎=4.36) 8.46 (𝜎=0.00) 10.44 (𝜎=0.00) 
T-R1 30 1.79 (𝜎=0.62) 1.70 (𝜎=0.67) 1.68 (𝜎=0.64) 1.81 (𝜎=0.55) 
T-R2 12 2.19 (𝜎=1.03) 2.19 (𝜎=0.95) 2.08 (𝜎=0.97) 2.91 (𝜎=0.00) 
T-R3 22 2.04 (𝜎=0.58) 1.90 (𝜎=0.50) 2.24 (𝜎=0.60) 2.37 (𝜎=0.60) 
T-R4 28 2.60 (𝜎=1.01) 2.07 (𝜎=1.24) 2.06 (𝜎=0.59) 1.80 (𝜎=0.91) 
T-R5 20 2.10 (𝜎=1.02) 1.51 (𝜎=0.97) 2.15 (𝜎=0.90) 2.13 (𝜎=1.30) 
T-R6 20 1.80 (𝜎=0.46) 1.71 (𝜎=0.71) 1.95 (𝜎=0.70) 2.09 (𝜎=0.32) 
T-R7 42 2.08 (𝜎=0.72) 1.75 (𝜎=0.57) 1.92 (𝜎=1.00) 1.63 (𝜎=0.79) 

stream processing application via sockets, and one dedicated thread to 
aggregate and output the recorded metrics.

Each experiment generates a constant throughput rate, followed by 
measuring the latency and throughput of the processing. This is suffi

cient to ensure the application has processed all events and supplied a 
constant rate of input events for measuring latency and throughput. For 
the static schedulers, such as the default scheduler and the Resource

Aware Scheduler, operators are placed once at topology submission. In 
contrast, for the adaptive schedulers, such as hill-climbing, ant system, 
and hybrid, the placement of operators is repeated three times to ac

count for their ability to adjust during runtime. The evaluation begins 
with a low constant input rate by generating a queue of 5,000 tuples, 
followed by an increased input rate with a queue of 10,000 tuples to test 
the scale-out behavior, and finally, a return to the initial input rate to ob

serve the scale-in performance. The adaptive schedulers are given two 
minutes to adjust the operator placement for every input, except dur

ing the scale-out phase, where an extended ten-minute period is used 
to test the stability of the placements. It is critical to ensure that Storm 
has completed all placement modfications and that the application is 
fully functional to acquire accurate measurements of the performance 
metrics. For the same reason, the test driver waits until all events are 
processed before measuring throughput, ensuring no queued events are 
pending before transitioning to the following constant input rate stage.

6.2. Experimental results

In this section, we examine the results of our experiments. Initially, 
we discuss the observed throughput and examine the runtime of com

puting single placements. Finally, we select some topologies to discuss 
throughput and latency in detail.

6.2.1. Throughput

In our experiments, we measure the maximum throughput using 
the test topologies. Additionally, we examine the maximum sustainable 
throughput, which describes the highest possible throughput at which 
the service can offer consistently low latency.

Table 2 provides a brief overview of the observed general through

put. We calculate the average throughput of all placements created by 
one of the heuristics at a specific resource usage. We then put it into 
relation to the default scheduler to calculate the factor by which the 
throughput has been improved. If a direct reference throughput does 
not exist, linear interpolation or the closest value is used if it is outside 
the range of results. By averaging all these throughput improvement 
factors, an overview of the performance of a scheduler on a specific 
topology can be provided.

First, there is a stark difference between the manually dfined topolo

gies (T-M1--T-M3) and the randomly generated ones (T-R1--T-R9). In 
general, the manually dfined topologies are much smaller, and, as such, 
the Resource Aware Scheduler places them in all cofigurations on the 

largest computational resource, resulting in effectively a single place

ment. In contrast, the adaptive placement heuristics are more varied, as 
they also consider scaling down to a less capable resource. Additionally, 
larger throughput increases relative to the default scheduler are gener

ally measured because all other schedulers optimize for co-location and 
are aware of the heterogeneous operator requirements and resource ca

pabilities.

When comparing the solutions on the random topologies, a trend can 
be observed in which the Resource Aware Scheduler (average 𝜇 = 2.11) 
generally outperforms hill-climbing (average 𝜇 = 2.09), followed by the 
hybrid approach (average 𝜇 = 2.01), and finally the ant system (average 
𝜇 = 1.83). These values represent the average of the throughput im

provement factors shown in Table 2, specifically for the random topolo

gies (i.e., T-R1 to T-R7). Additionally, the average standard deviations of 
our proposed heuristics are quite similar overall, indicating consistency 
across the experiments. Another observable trend is that our heuristics 
perform better on topologies with a larger number of operators, such 
as T-R4 and T-R7 while showing comparable performance on T-R1 and 
T-R5. Conversely, the Resource Aware Scheduler achieves some signifi

cant gains on smaller topologies. This is because, on smaller topologies, 
fewer operators compete for resources, which increases the potential for 
co-location and results in higher throughput.

A potential explanation for this is the optimizations of Apache Stor

m’s ackers, which are a part of the optional guaranteed message process

ing mechanism. The proposed solutions handle them like all the other 
operators, while the Resource Aware Scheduler and default scheduler 
spread them evenly. This behavior can lead to not all operators being 
co-located with ackers. In higher throughput situations, this could then 
create additional messaging overhead.

Table 3 shows a head-to-head comparison of placements in relation 
to the Resource Aware Scheduler, where identical amounts of resources 
are allocated. The results show a similar pattern, with the proposed so

lutions performing better on larger topologies and highlighting some 
placements in T-R7 where the Resource Aware Scheduler performed 
unexpectedly worse, with even the default scheduler achieving higher 
throughput. Additionally, it shows a more consistent performance for 
the ant system and hybrid approach relative to the Resource Aware 
Scheduler’s placements. On average, hill-climbing (𝜇 = 1.11) and hy

brid search (𝜇 = 1.03) outperform the Resource Aware Scheduler in this 
comparison, and the ant system achieves a lower average relative per

formance of 0.89.

If similar comparisons are made with the maximum sustainable 
throughput, then hybrid search (𝜇 = 8.46) outperforms the Resource 
Aware Scheduler (𝜇 = 7.76), followed by hill-climbing (𝜇 = 7.64) and 
the ant system (𝜇 = 7.56). In this comparison, the average standard devi

ations are particularly high, close to the actual averages for all solutions, 
indicating inconsistent maximum sustainable throughput for the default 
scheduler that forms the basis of this comparison. In the head-to-head 
comparison to the Resource Aware Scheduler, this throughput ordering 
repeats, but with much closer results: hybrid search (𝜇 = 1.01) outper
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Table 3
Average throughput factor increase over the Resource Aware Scheduler at the same CPU 
reservation for each topology without a cycle and their operator count. Some entries are 
empty because no direct equivalent placement to compare is available.

Topology Ops Hill-Climbing Ant System Hybrid Default 
Scheduler 

T-M1 6 1.45 (𝜎=0.00) 1.15 (𝜎=0.00) 0.29 (𝜎=0.00) 
T-M2 12 0.89 (𝜎=0.00) 0.73 (𝜎=0.00) 
T-M3 3 0.89 (𝜎=0.00) 0.10 (𝜎=0.00) 
T-R1 30 0.98 (𝜎=0.24) 1.08 (𝜎=0.02) 1.14 (𝜎=0.00) 0.70 (𝜎=0.00) 
T-R2 12 0.61 (𝜎=0.00) 0.97 (𝜎=0.00) 0.89 (𝜎=0.00) 0.34 (𝜎=0.00) 
T-R3 22 0.94 (𝜎=0.04) 0.92 (𝜎=0.11) 0.96 (𝜎=0.08) 0.42 (𝜎=0.13) 
T-R4 28 1.11 (𝜎=0.03) 0.84 (𝜎=0.28) 1.03 (𝜎=0.32) 0.83 (𝜎=0.70) 
T-R5 20 0.68 (𝜎=0.14) 0.72 (𝜎=0.07) 0.95 (𝜎=0.19) 0.98 (𝜎=0.89) 
T-R6 20 0.87 (𝜎=0.19) 0.75 (𝜎=0.23) 0.96 (𝜎=0.09) 0.42 (𝜎=0.00) 
T-R7 42 2.61 (𝜎=2.67) 0.96 (𝜎=0.45) 1.27 (𝜎=0.46) 2.31 (𝜎=2.61) 

Table 4
Average runtimes of the proposed heuristics (in milliseconds).

Topology Ops Hill-Climbing Ant System Hybrid 
Resource 
Aware 
cheduler 

T-M1 6 9 (𝜎=2.25) 75 (𝜎=7.88) 78 (𝜎=4.67) 16 (𝜎=2.08) 
T-M2 12 45 (𝜎=5.94) 99 (𝜎=18.35) 130 (𝜎=19.84) 21 (𝜎=3.39) 
T-M3 3 4 (𝜎=0.55) 35 (𝜎=1.82) 38 (𝜎=2.83) 16 (𝜎=2.70) 
T-R1 30 558 (𝜎=125.68) 450 (𝜎=38.86) 841 (𝜎=31.95) 25 (𝜎=4.34) 
T-R2 12 65 (𝜎=14.52) 131 (𝜎=21.14) 197 (𝜎=26.40) 20 (𝜎=3.16) 
T-R3 22 231 (𝜎=49.60) 285 (𝜎=36.29) 534 (𝜎=60.07) 23 (𝜎=3.32) 
T-R4 28 179 (𝜎=59.91) 447 (𝜎=80.54) 717 (𝜎=80.49) 24 (𝜎=3.59) 
T-R5 20 138 (𝜎=46.62) 306 (𝜎=56.16) 428 (𝜎=32.54) 22 (𝜎=3.03) 
T-R6 20 198 (𝜎=75.98) 274 (𝜎=67.17) 472 (𝜎=40.59) 21 (𝜎=3.47) 
T-R7 42 1029 (𝜎=28.00) 661 (𝜎=84.76) 1020 (𝜎=26.41) 26 (𝜎=9.38) 
T-R8 14 185 (𝜎=61.83) 377 (𝜎=41.18) 355 (𝜎=63.65) 19 (𝜎=2.60) 
T-R9 18 263 (𝜎=77.06) 408 (𝜎=125.23) 480 (𝜎=140.60) 21 (𝜎=3.00) 

forms the Resource Aware Scheduler followed by hill-climbing (𝜇 =
0.92) and the ant system (𝜇 = 0.87).

To summarise the considerations on the throughput, hybrid search 
tends to outperform Apache Storm’s build-in Resource Aware Scheduler 
on average across the random topologies by 1-3% on the median max

imum throughput and maximum sustainable throughput. Hill-climbing 
performs better on the median max throughput by 11% and worse on 
the maximum sustainable throughput by 8%, and the ant system has 11

13% less. More generally, the proposed solutions achieve slightly higher 
throughput metrics on larger topologies and less on smaller ones, and 
T-R7 is a topology on which the Resource Aware Scheduler did not per

form well.

6.2.2. Runtime

Table 4 compares the average runtime in milliseconds to compute 
a single placement. Unfortunately, the default scheduler does not re

port such a statistic. Still, its runtime is likely lower than that of the 
Resource Aware Scheduler since the functionality of the default sched

uler is naturally less complex. The Resource Aware Scheduler provides 
the lowest runtimes, except on the smallest topologies. This result is ex

pected because the proposed heuristics perform iterative adjustments 
and consider latency and data exchange in the placement problem. On 
most topologies, the hybrid solution requires the time of hill-climbing 
in addition to the ant system, which is also expected because it con

sists of running both solutions after each other. The ant system has a 
higher constant cost because it has a high minimum iteration count to 
counteract the probabilistic solution construction.

In contrast, it scales better than the other proposed solutions be

cause a constant number of ants or solutions is computed rather than the 
quadratically growing neighborhood in hill-climbing. The pheromone 
can also focus the search on a smaller search space over time. Hill

climbing and the hybrid search were limited by the cofigured runtime 
limit of one second only on one random topology. The imposed design 

Fig. 6. Scatter plot of the median maximum throughput of individual placements 
for all placement heuristics with trend lines for T-R3. A vCPU capacity of 100 
corresponds to the consumption of an entire core.

requirement on the runtime limit is very strict. However, it did not have 
a particularly noticeable effect on the quality of the placements. In com

parison, the Resource Aware Scheduler uses a cofigurable timeout of 
60 seconds by default. Ultimately, hill-climbing works well for smaller 
to medium topologies, while the ant system performs well on larger 
topologies.

6.2.3. Individual results

In the following, we discuss some individual use cases to provide a 
better understanding of the average case and some special cases. Fig. 6
shows the median maximum throughput for T-R3, representing the av

erage case. As can be seen in the figure, the default scheduler clearly 
shows the worst results and forms a cluster of its own. The other sched

ulers form a cluster near the center. Additionally, clusters on the same 
vertical line from individual schedulers are recognizable. These are es
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Fig. 7. Scatter plot of the minimum latency of individual placements for the 
placement heuristics with trend lines for T-R3. A vCPU capacity of 100 corre

sponds to the consumption of an entire core.

sentially similar or identical placements and show that the measured 
performance has a large variance even with identical placements. They 
are most notable for the Resource Aware Scheduler, which only pro

duces a few placement variations, and the default scheduler, which has a 
line in the bottom right that utilizes all eleven computational resources.

It can be seen that the round-robin placement of the default sched

uler results in relatively consistent but worse performance. A large part 
of this is that at practically any resource utilization, co-location of oper

ators is unlikely. Most placements are, therefore, highly inefficient but 
more consistent. The Resource Aware Scheduler shows the contrast of 
similarly dense groupings of placements, but ones that largely benfit 
from co-location and avoid resource bottlenecks because of its aware

ness of heterogeneity. While the Resource Aware Scheduler usually 
does not produce the best-performing placements, they are consistently 
among the best performing, resulting in its generally above-average per

formance. The most varied performance is showcased by the proposed 
heuristics.

The least resource-consuming placements outside the default sched

uler are generally created by hill-climbing and, in turn, the hybrid ap

proach. In contrast, the ant system that does not perform a greedy search 
is far more widespread in performance and resource utilization.

In Fig. 7, the minimum measured latency is shown for the same 
topology. Again, it is straightforward to tell that the default scheduler 
performs significantly worse than the other approaches. This is because 
most operators are not co-located and use more network links. The fig

ure shows many similarities to the throughput.

After discussing the general case, we examine the results of some spe

cial cases. In T-M3, only three operators are in the topology. Therefore, 
when accounting for co-locality, their placements are identical. Still, the 
Resource Aware Scheduler achieves higher throughput. The reason for 
this is the additional metrics consumer deployed with the proposed so

lutions to collect the topologies’ metrics and indirectly forward them 
to the placement heuristic. While the workload should be minor, it is 
still an extra operator compared to the static heuristics, where Storm 
has not been cofigured to include the extra operator in the topologies. 
The actual performance difference shows an 11% throughput loss. In 
the larger topologies, this difference is less noticeable and is mainly lost 
in the high variance the metric usually has.

T-R7 is interesting because as the heuristics scale out, the Resource 
Aware Scheduler’s throughput tends to drop, as can be seen in Fig. 8. 
Unfortunately, no exceptional cause could be identfied with certainty 
as the source of this behavior. Similar throughput reductions, but far less 
significant, occur for the Resource Aware Scheduler on T-R4, T-R5, and 
potentially T-R1. These throughput reductions occur when the smaller 
resources are starting to be utilized, which indicates a problem with 
communication overhead, but at the same time, this is not observed on 
T-R6. Only the ant system has consistent reductions in the throughput 
as it scales out, which are less severe and affect fewer topologies. Fur

Fig. 8. Scatter plot of the median maximum throughput of individual placements 
for all placement heuristics with trend lines for T-R7. A vCPU capacity of 100 
corresponds to the consumption of an entire core.

ther, these are the largest topologies and highlight the limitations of the 
greedy heuristic.

Finally, concerning the cyclic topologies T-R8 and T-R9, it is diffi

cult to directly compare them because the placement heuristics operated 
at different scales. As such, only the functionality itself could be as

serted for all placement heuristics, with the caveat that Apache Storm 
can deadlock any processing if a cyclic topology is overloaded, turning 
this into a relatively insignificant feature.

The evaluation shows the benfits and feasibility of an adaptive 
placement heuristic based on latency estimations. The default scheduler 
was significantly outperformed in any metric except for the increased 
computational cost of scheduling. Further, the hybrid approach and hill

climbing perform close to or better in every metric except the runtime 
than the Resource Aware Scheduler without the risk of miscofigura

tion of the scheduler. While the Resource Aware Scheduler generally 
achieves better throughput, it cannot do so consistently. If these cases 
are considered, hill-climbing achieves 11% higher maximum through

put, while the hybrid approach has 1-3% better maximum sustainable 
and median maximum throughput.

Similarly, average latency improved by 2% for hill-climbing and 
worsened by 4% for the hybrid search. The largest difference is the 
minimum latency, where all proposed solutions achieve reductions of 
at least 22% on average, at the cost of increasing the maximum latency. 
Hill-climbing has a 5% larger maximum latency, with hybrid search 
at 7%. The performance generalizes to all tested topologies reasonably 
well, and no problematic cases can be identfied. Both the hill-climbing 
and hybrid heuristics perform particularly well, but hill-climbing seems 
preferable because of a far simpler implementation with fewer parame

ters to tune and offers better runtime performance. Additionally, while 
the ant system generally performs worse in most experiments, it does 
offer better scalability.

7. Related work

While several approaches to solve the stream operator placement 
problem have been proposed, to the best of our knowledge, no related 
approach delivers all of the features presented in the work at hand.

An important prerequisite for the presented placement approach is 
to be able to estimate latency values between nodes. This is used to favor 
co-locations, as discussed in the problem formulation in Section 4.2. To 
estimate these values, position-based methods and techniques for filling 
out suitable latency matrices have been presented [59]. Typically, ap

proaches that rely on positions in a dfined space are also referred to as 
embeddings, which aim to estimate the current coordinates of any com

putational resource in the network [60]. Spring-based forces can push 
resources apart or pull resources together in the dfined space based on 
estimated latency measurements to estimate positions efficiently. The 
computations leading to these estimations can be repeated iteratively to 
update the latency based on current measurements and integrate these 
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Table 5
Feature Comparison of Related Approaches.
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Online Scheduler � � � � � � � � □ □ � � □ � �

Heterogeneous Resources � � □ � � □ □ � � � � □ � �

Resource Optimization ⊠ □ ⊠ □ □ ⊠ ⊠ □ � �

Awareness: Latency � � � � � � � � � � � � � � □ � �

Optimization: Latency � � � � � � � � � � � � � � □ � �

Awareness: Bandwidth � � � � � � � � � � � � □ � � � �

Optimization: Bandwidth � � � � � � � � � � □ □ � � � �

new values to a matrix [61]. An alternative method, matrix comple

tion, aims to estimate only missing values of a matrix 𝑀 that includes 
the latency measurements [59]. While these works provide foundational 
work on estimating latency, our work adapts such latency estimations 
to stream processing for the compute continuum and provides critical 
implementation details and respective evaluation results.

The Stream-based Overlay Network (SBON) [7] is a seminal approach 
applying spring-based forces to estimate latency values in the three

dimensional Euclidean space. Interestingly, this work also presents an 
approach to optimize the placement of operators on computational re

sources by considering network usage in addition to latency. However, 
this paper presents early work without details regarding integration 
into cloud and edge computing environments. Also, since this solu

tion focuses on the network, heterogeneous resource demands are only 
indirectly optimized, i.e., if the resource constraints are fufilled, the 
nearest node will be selected. A similar approach is presented by Rizou 
et al. [55], where the goal is to minimize network utilization instead 
of latency. In contrast, the work at hand takes into account the dis

tributed nodes of the compute continuum as well as other heterogeneous 
computational resources that can be represented by the supervisors, as 
discussed in Section 3.3, and provides an evaluation based on experi

ments conducted over a network of various edge and cloud nodes. This 
evaluation showcases benfits applicable to the compute continuum that 
have not been explored to this extent in previous works.

The SBON approach has also been extended, e.g., by Cardellini et 
al. [8,9], which provide the most related approaches from the literature 
to the work at hand. Cardellini et al. extend SBON by implementing a 
distributed scheduler into Apache Storm to consider fog resources. In 
addition, a virtual placement is proposed, arranging resources in the la

tency space, which then aids in finding the closest physical node based 
on utilizing the available computational resources. Nevertheless, dur

ing these estimations, only the latency and data rate are considered 
for the spring-based force minimization, which means that the focus 
is on optimizing network metrics. Interestingly, the work investigates 
operator placement, aiming to maximize resource utilization by consol

idating placements on computational resources. This also increases the 
occurrence of operator co-locations, leading to improved communica

tion between operators 6.

MigCEP is a method for the placement and migration of operators 
intended to be used by infrastructure providers [57]. MigCEP places op

erators to satisfy latency constraints and creates a migration plan for 
each operator in advance to reduce network utilization. This migration 
plan consists of transfers of an operator to new computational resources 
that meet latency requirements while minimizing the total cost of mi

grations. Every transfer has a dfined start time and deadline that rely 
on predicted mobility patterns showing the movement of data sources 
and sinks. While this work offers valuable insights for placing operators, 
our work offers a more comprehensive approach to optimized schedul

ing and integration stream processing framework, extending the state 

of the art with implementation details and results from a widely used 
stream processing framework.

Prosperi et al. [23] present Planner. Planner can identify subgraphs 
in a processing topology to be deployed in the cloud or at the edge. This 
approach makes the assumption that data is created at the edge, and 
that data from the edge should be sent to the cloud. This assumption 
dfines where data sources and sinks need to be placed, i.e., at the edge 
and the cloud, respectively. Planner aims at transferring data from the 
edge to the cloud while maximizing the utilization of edge resources, 
rather than reducing resource utilization of all the available resources. 
A related approach is also presented by Veith et al. [56], who identify 
regions in the stream processor topology first and then apply strategies 
to place operators in the cloud or at the edge accordingly. In contrast, 
we formulate an optimization problem considering all the available re

sources, and we do not restrain the location of operators, allowing more 
flexibility that can be especially useful when deploying topologies on 
the various nodes of the compute continuum.

Hiessl et al. [3] propose an approach to minimize the latency be

tween operators by considering the highest response time of all paths 
in a topology based on network latency and processing delay. Interest

ingly, this approach limits the number of operators to one per compu

tational resource, which aids in finding optimized solutions. However, 
this constraint prevents optimized solutions that include co-locations 
of operators. In our work, we avoid this limitation by formulating an 
optimization problem that includes co-locations to target the various 
available nodes of the compute continuum.

Lambert et al. [58] assume that the data transfer rate is a bottleneck 
in stream processing topologies and present an optimization approach to 
maximize throughput sustainably. This approach effectively spreads the 
data and computations across the network to achieve higher throughput. 
Nevertheless, reducing latency is not a major goal of this work, an aspect 
we consider in the work at hand.

To further show how our work complements the state of the art, 
Table 5 provides an overview of the most important related works, fol

lowing the same order as the related studies discussed above. In this 
table, � � indicates that a feature is provided; □ indicates that a feature 
is not provided or not discussed; ⊠ is used to indicate that a feature is 
provided partially. The selected features include the following. Online 
Scheduler indicates that the scheduling optimization occurs repeatedly. 
Heterogeneous Resources indicates that various types of resources are 
considered, e.g., how our work also considers heterogeneous resource

constrained devices represented by the supervisor. Resource Optimiza

tion indicates that the optimization is done for heterogeneous resources. 
The sign ⊠ for Resource Optimization means that the resources are con

sidered constraints but not directly optimized. Finally, we differentiate 
between optimization targets and awareness of latency and bandwidth. 
Awareness indicates that a metric is seen as a constraint but not neces

sarily directly optimized, while Optimization indicates that this metric 
is optimized.
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Interestingly, Table 5 shows that many approaches take into account 
latency, although they typically focus on network-related metrics with

out also considering resource optimization. Only a limited number of 
approaches consider resource optimization. Notably, only the work at 
hand directly optimizes resource consumption instead of merely con

sidering resources as constraints. In addition, none of the discussed ap

proaches explores the proposed approaches of this work, i.e., ant-based 
and hill-climbing heuristics, to solve the problem.

Finally, since this is an extended version of our previous work [24], 
we highlight some key differences in the following. Compared to [24], 
the work at hand presents a prototype based on Apache Storm accom

panied with implementation details and extensively evaluates the pro

posed solution. This evaluation also includes a detailed explanation of 
the experimental setup and provides a throughput and runtime analy

sis of different test cases. Additionally, the evaluation discusses various 
specific results of notable test cases while [24] discusses only a single 
test case. Furthermore, we describe details regarding background infor

mation necessary to understand the applied concepts, and we provide a 
more extensive discussion of the related work distinguishing the work 
at hand from existing literature.

8. Conclusion

In this paper, we formulate an optimization problem for the place

ment of stream operators that is designed for processing IoT data in the 
compute continuum. This optimization problem takes into account the 
potentially distributed computational resources of the compute contin

uum and favors the co-location of operators, which can lead to lower 
processing latency. Furthermore, we design heuristics to solve this op

timization problem efficiently. To evaluate these heuristics, we conduct 
several experiments using an Apache Storm-based prototype comparing 
the proposed optimized scheduling with alternatives, and we show vari

ous benfits considering, e.g., throughput, latency, and resource utiliza

tion. In future work, we plan to decentralize the placement mechanism 
and extend our work by considering additional metrics and constraints. 
In addition, as fluctuating workloads and network capacities might oc

cur in the IoT, we plan to further model and evaluate such aspects, 
leading to a better understanding of the behavior of optimized schedul

ing during highly dynamic conditions.
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