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Time-sensitive networking (TSN) has been recognized as one of the key enabling technologies for Industry 4.0
and has been deployed in many mission- and safety-critical applications e.g., industry automation, automo-
tive and aerospace systems. Given the stringent real-time requirements of these applications, the Time-Aware
Shaper (TAS) draws special attention among TSN’s many traffic shapers due to its ability to achieve deter-
ministic timing guarantees. Many scheduling methods for TAS shapers have been recently developed that
claim to improve system schedulability. However, these scheduling methods have not yet been thoroughly
evaluated, especially through experimental comparisons, to provide a systematical understanding of their
performance using different evaluation metrics in diverse application scenarios. In this article, we fill this
gap by presenting a systematic review and experimental study on existing TAS-based scheduling methods
for TSN. We first review and categorize the system models employed in these works along with the spe-
cific problems they aim to solve, and outline the fundamental and additional considerations in the designs
of TAS-based scheduling methods. We then perform an extensive evaluation on 17 representative solutions
using both high-fidelity simulations and a real-life 16-node TSN testbed, and comparing their performance in
terms of schedulability, scalability, and schedule quality. Through these experimental studies, we identify the
limitations of individual scheduling methods and highlight important findings. We also summarize the open
issues and future research directions in this area. We expect this work will provide foundational knowledge
and performance benchmarks for future studies on real-time TSN scheduling and beyond.
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1 Introduction

Time-sensitive networking (TSN), as an enhancement of Ethernet, has quickly become the
local area network (LAN) technology of choice to enable the co-existence of information
technology (IT) and operation technology (OT) in the industrial Internet-of-Things (IIoT)
paradigm. TSN aims to provide deterministic Layer-2 communications, which are highly desirable
for many real-time industrial applications, such as process automation and factory automation
[51, 88, 98]. To enable such communication capabilities, the TSN Task Group (TG) has developed
a suite of traffic shapers in the TSN standards, including the Credit-Based Shaper (CBS) [2],
Asynchronous Traffic Shaper (ATS) [5], and Time-Aware Shaper (TAS) [3], to handle
different traffic types and satisfy communication requirements at different levels. In terms of
providing strict real-time performance guarantees, TAS stands out by leveraging network-wide
synchronization and time-triggered scheduling mechanisms, making it a critical technology to
support deterministic traffic.

Although the scheduling mechanism of TAS is clearly defined in the IEEE 802.1Qbv standard,
the configuration of TAS has no clear-cut best practice. Specifically, the fundamental question for
TAS-based real-time scheduling in TSN is how to generate a network-wide schedule to guarantee
the timing requirements of all time-triggered (TT) traffic [91]. Given that applications that
employ TSN as the communication fabric can be diverse from different perspectives (e.g., traffic
patterns, topology, deployment environments, and QoS requirements), the specific scheduling
problem to be studied may vary significantly. This results in a large amount of effort from
both researchers and practitioners to study various system models and develop corresponding
algorithms to address specific TAS-based TSN scheduling problem. These studies considerably
enrich the literature, paving the way for improving TSN network performance.

There have been several recent survey works on real-time scheduling in TSN networks (e.g.,
[24, 39, 63, 68, 86, 91, 103]). These studies provided a broad overview of the TSN standards, identi-
fied the limitations of existing TSN scheduling methods, and outlined future research directions. In
addition, [67, 91] provided comparisons among various TSN scheduling approaches, with [91] pri-
marily focusing on TAS-based studies and [67] extending the comparisons to all TSN shapers. How-
ever, all the aforementioned works suffer from the following two significant limitations. First, they
do not provide a thorough model-based categorization for the TSN scheduling methods consider-
ing the used network models, traffic models, and scheduling models. Second, for the few existing
works conducting comparisons of TSN scheduling methods, their comparisons are all conceptual
in nature, which are far from sufficient for determining the effectiveness of individual methods
under diverse scenarios.

To address the above limitations, this article summarizes the network models, traffic models,
and scheduling models used in the literature for real-time scheduling in TSN. Based on the
summarized models, we categorize 17 representative TAS-based scheduling methods proposed
since 2016 (i.e., [10, 16, 22, 27, 29, 30, 41, 46, 47, 69, 70, 83, 85, 95, 97, 110]). To perform realistic
experimental comparisons among these methods, we establish an 8-bridge TSN testbed to obtain
quantitative measurement results of several key parameters commonly used in TSN models (e.g.,
propagation delay, processing delay, and synchronization error). Relying on the TSN testbed,
we further conduct performance validation for all the scheduling methods to ensure the consis-
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Fig. 1. High-level outline of the article.

tency between testbed results and analytic results derived from simulations. Based on all these
preliminary outcomes, we perform extensive experimental studies for the 17 TSN scheduling
methods under various stream sets and network settings covering a broad range of industrial
application scenarios. Benefiting from our model-based categorization, we are able to perform
experimental comparisons not only among individual scheduling methods but also across different
system models.

Based on these experimental results, we are able to highlight a set of interesting observations.
In general, our study shows that there is no one-size-fits-all solution that can achieve dominating
performance in all scenarios while individual scheduling method/model may demonstrate supe-
riority under certain setting(s). We also demonstrate that diverse experiment settings complicate
the fair evaluation of scheduling methods without introducing bias. This makes conclusions from
previous studies only valid under specific settings. We expect that our findings will help the
community better understand the benefits and drawbacks of existing TSN scheduling methods and
provide valuable insights for the development of future TSN scheduling methods. In summary, this
work makes the following contributions, and the high-level outline of the article is summarized
in Figure 1.

(1) We provide a comprehensive, up-to-date review of various TAS-based TSN system models
and categorize 17 representative TAS-based TSN scheduling methods accordingly.

(2) We establish a 16-node real-world TSN testbed and perform quantitative parameter mea-
surement and performance validation for the studied TSN scheduling methods.

(3) We perform extensive experimental evaluations on the 17 TSN scheduling methods under a
wide range of industrial scenarios.

(4) We summarize the findings obtained from the evaluation and provide takeaway lessons for
future research and development on TSN real-time scheduling method design and beyond.

(5) We provide an open-source repository that not only ensures the reproducibility of our re-
sults but also offers a tool for the community to extend the experimental research on TSN
scheduling.
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2 Related Surveys on TSN
2.1 Time-Sensitive Networking (TSN) in General

Existing survey articles have broadly introduced the fundamental concepts, protocols, and
applications of TSN. Refs. [59, 68, 86] provided a comprehensive overview of TSN standards,
usages, and related research, serving as the foundation for subsequent studies. Refs. [13, 31, 103]
focused on the applications of TSN’s applications in industrial automation and distributed sys-
tems, emphasizing on how TSN is used to ensure real-time communications in those application
scenarios. Beyond the above general overviews, some works studied specific topics in TSN. For
example, [48, 81, 82, 89] discussed the integration of TSN in 5G networks, identifying open
challenges and research opportunities. Adame et al. [7] reviewed TSN’s capabilities to support
low latency and ultra-reliable services and discussed how to implement those functions in WiFi-7.
Peng et al. [76] provided a comprehensive review of in-vehicle TSN, highlighting its role in
meeting the demands of autonomous driving and connected vehicle applications. Ergenc et al.
[28] reviewed TSN security, detailing potential vulnerabilities and mitigation strategies. Kehrer
et al. [50] discussed TSN fault-tolerance, focusing on improving the reliability of these networks.
Silva et al. [87] investigated Software-Defined Networking (SDN)-enabled TSN, highlighting
its potential in industrial applications given the programmability of SDN.

2.2 Real-Time Scheduling in TSN

Real-time scheduling is one of the most important topics in TSN since it enables the network to
meet stringent real-time requirements. Several surveys have explored TSN scheduling, focusing
on individual TSN traffic shapers. Chahed et al. [18] provided an overview of TSN scheduling,
covering key topics such as traffic types, shapers, scheduling approaches, problem formulations,
and performance metrics. Zhao et al. [107] focused on the performance comparison among vari-
ous traffic shapers, offering a comprehensive review and quantitative comparison of their perfor-
mance through experiments, highlighting tradeoffs in latency, jitter, and throughput. Maile et al.
[58] dived into network calculus-based response analysis used in CBS, Priority Shaper, and TAS,
providing a unified perspective on their dependencies and common assumptions. Wang et al. [99]
conducted a systematic literature review, identifying research trends and emphasizing on future
challenges in TSN schedulability analysis. Finally, Nasrallah et al. [67] concentrated on CQF-based
scheduling, detailing related protocols and approaches.

Among the various TSN traffic shapers, TAS is commonly used in various applications.
Several surveys have focused on TAS scheduling, providing a comprehensive overview of the
scheduling mechanisms and individual scheduling methods. Hellmanns et al. [39] discussed
different TAS scheduling approaches, classifying them into stream-based, class-based, and frame
preemption-enabled methods. It proposed a method to formulate and solve the class-based
TAS scheduling problem, and discussed the selection of the three approaches. Kist et al. [52]
conceptually compared two TAS-based scheduling approaches: one leverages the hierarchical
structure of factory automation networks to simplify the creation of schedules; the other aims
to improve the performance of BE traffic. Stiber et al. [91] provided a comprehensive survey of
TSN scheduling, with a focus on TAS-based scheduling. It classified the TAS-based scheduling
methods into joint-routing, fixed-routing, and their subclasses. It also provided suggestions and
pointed out the open issues in TSN scheduling. Nevertheless, these existing works are constrained
by two notable limitations. Firstly, a comprehensive categorization of TSN scheduling methods
based on their underlying network, traffic, and scheduling models is missing. Secondly, the
comparisons drawn between TSN scheduling methods in the literature are largely conceptual,
failing to provide sufficient insight into their practical effectiveness under varied conditions.
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Recently, two surveys have attempted to bridge the gap between conceptual comparisons
and experimental studies in TAS scheduling. Schweissguth et al. [84] benchmarked several TAS
scheduling approaches through experimental comparisons. However, their study is limited to
six configurations (e.g., cut-through capability, differing optimization objectives) and does not
cover individual scheduling methods. Stiiber et al. [90] provided an experimental evaluation
of TAS scheduling algorithms by comparing their schedule quality and runtime under various
network conditions. However, this study does not consider several critical models and scheduling
methods, including the preemption model, fragmentation model, and constraint programming
(CP) methods, which have a significant impact on the performance of TAS-based scheduling. In
addition, several modeling elements, e.g., queuing delay, scheduling entities, and queue isolation
(QI), have also been overlooked. Our work, instead, takes a more comprehensive approach, incor-
porating these potentially influential factors into the evaluation. We also construct a real-world
testbed to validate our findings, providing a robust foundation for generating a series of insights,
open issues, and takeaway lessons. In addition, we provide an open-source repository that not
only ensures the reproducibility of our results but also offers a comprehensive tool to facilitate
the community in designing and evaluating new TSN scheduling methods and beyond.

3 TSN System Modeling

This section presents an overview of the network models, traffic models, and scheduling models
for real-time scheduling in TSN. It provides the foundation for the categorization of TAS-based
scheduling methods in Section 4.

3.1 Network Models

A TSN network consists of two types of devices: bridges and end stations (ESs). A bridge can
forward Ethernet frames for one or multiple TSN streams according to a schedule constructed
based on the IEEE 802.1Q standard [45]. Each ES can be a talker, acting as the source of TSN
stream(s), a listener, acting as the destination of TSN stream(s), or both.

Each full-duplex physical link connecting two TSN devices (either bridge or ES) is modeled as
two directed logical links. Each logical link is associated with the following attributes:

e Propagation delay refers to the time duration of a signal transmitting on the physical link
(i.e., Ethernet cable). This delay is solely dependent on the length of the cable and the type
of physical media used.

e Processing delay refers to the time a frame takes from the moment it reaches the ingress
port to the moment it is fully stored in the egress queue. The delay is determined by the
bridge’s processing capability. In the literature, it is typically modeled as a constant or a
boundable value.

e Line rate refers to the data rate that frames can be transmitted over a logical link within
a given time interval. There are three line rates commonly employed for TSN (10/100/1000
Mbps), while higher-speed TSN bridges with 10/100 Gbps line rates have also been developed
recently.

e Number of egress queues refers to the available egress queues dedicated to TT traffic. The
IEEE 802.1Q standard sets a max of eight queues per egress port for a TSN bridge [45].

e Maximum GCL length indicates the maximum allowed number of entries in the GCL of
a logical link, and this is determined by the specific bridge implementation (e.g., typically
between 8 and 1024 [69]).

e Synchronization error is typically defined as the maximum time offset between any two
non-faulty logical clocks in the network and is shared across all nodes and links. However,
the recent IEEE 802.1AS-rev standard introduces a more precise synchronization error,
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enabling individual error for each node based on specific network configurations, roles of
nodes, and hop distance to the grandmaster [6].

3.2 Traffic Models

In TSN networks, a traffic stream refers to a unidirectional flow of data transmitted from a single
talker to one or multiple listeners, passing through bridges over multiple logical links. In addition
to TT traffic, TSN can also accommodate lower-criticality asynchronous traffic, such as standard
Ethernet and audio and video (AVB) traffic. Driven by the determinism requirements posed by real-
time industrial applications, the literature mainly focuses on the TT traffic scheduling problem,
which is also the emphasis of this article.

Each TSN stream can be characterized by five parameters: release time, period, payload size,
deadline, and jitter. Each of these parameters can be modeled individually in order to capture the
specific characteristics of the targeted traffic type, based on the application scenario under study.

e Release time: The release time of a stream is defined as the time when its first frame is
dispatched on the physical link by the talker. Depending on whether the talker can determine
the release time of its stream(s), the traffic model can be classified into fully schedulable traffic
and partially schedulable traffic. The fully schedulable traffic model allows the scheduler to
configure the release time of each stream and thus yield higher schedulability, while the
latter assumes that the release time of each stream is given by the application.

e Period: The period of a stream defines the inter-arrival pattern of its frames. It can be clas-
sified into strictly periodic model and non-strictly periodic model based on the determinism
of their arrival times. In a strictly periodic model, each frame must follow the same release
offset. By contrast, in the non-strictly periodic model, frames from the same stream can be
released with varied but bounded offsets.

e Payload size: Payload size refers to the size of the application data to be transmitted within
a stream. When the payload size is larger than 1500 bytes, a stream may contain multiple
frames in the same period.! There are two main strategies for transmitting multiple frames
from the same stream in the same period. The first approach schedules each frame individ-
ually while preserving the frame order by introducing additional constraints. Alternatively,
the second approach schedules all frames from the same stream successively within an ex-
tended time duration on each link.

e Deadline: The deadline of a stream defines the time by which the released frame(s) must be
received by the listener, such that the release time from the talker plus the end-to-end delay
does not exceed this deadline. The deadline of a stream can be modeled as implicit (equal
to the period), constrained (less than the period), or arbitrary, according to the application
scenario. Note that, under the arbitrary deadline model, a frame released in its period can
be scheduled into the next period interval and such cases should be carefully handled in the
scheduling to avoid potential conflicts.

e Jitter: The jitter captures the variation of end-to-end stream delay (i.e., the difference be-
tween the minimum and maximum delays of frames transmitted from the same stream),
following the definition in IEC/IEEE 60802 TSN Profile [26]. The zero-jitter model enforces
fully deterministic traffic behavior for each frame, whereas the jitter-allowed model permits
limited conflicts from other traffic on delay, subject to a user-defined jitter upper bound.
Figure 2(a) illustrates a jitter-allowed scheduling example for stream S1, with a delay of 6
for the first instance and 12 for the second. Figure 2(b) demonstrates how jitter arises from

! According to the IEEE 802.1Q standard, the maximum frame size is 1522 bytes, including a frame payload and a 22-byte
frame header containing the VLAN Tag, Ethernet header, and Frame Check Sequence.
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Fig. 2. An illustration of various scheduling models. f; i , 5 indicates the kth frame of stream-i scheduled
on link (a,b), f, , , indicates the rth fragment if fragmentation or preemption is applied. To simplify the
notations, we use t to denote the talker and  to denote the listener associated with each path. The up arrow
indicates the frame release time at the talker, and the down arrow indicates the frame reception time at the
listener. The solid area indicates the actual transmission pattern and the shallow area indicates the traffic
planning result. The dash line indicates the border of a GCL entry.

interference when both S1 and S2 share a GCL entry along the path, resulting in a bounded
delay between 10 and 12.

3.3 Scheduling Models

Based on the network and traffic models described above, the TAS-based real-time scheduling prob-
lem in TSN aims to construct feasible communication schedules to satisfy the temporal constraints
imposed by the streams deployed in the TSN network. For this aim, a range of scheduling models
have been proposed to define the constraints made on end-to-end delay, jitter, queuing assignment,
routing path, fragmentation, and preemption. We summarize these scheduling models below and
categorize them according to their unique features.

* Models based on Queuing Delay: Queuing delay (i.e., the amount of time that a frame spends
waiting in the egress queue) is decided by the constructed communication schedule and has the
most impact on the end-to-end (e2e) delay of a stream. Based on the assumptions on queuing delay,
the scheduling models can be classified into no-wait and wait-allowed models. The no-wait model
requires consecutive frame transmissions along the path, i.e., frames should be forwarded without
queuing delay. As a result, the no-wait scheduling model focuses on planning the release times
of the streams on the talkers, which typically results in reduced scheduling effort but a smaller
solution space. On the other hand, the wait-allowed model is more general. It allows frames to be
stored in the queue and forwarded at a later time on bridges, therefore having a larger solution
space. For example, Figure 2(a) follows the wait-allowed model as the second frame from stream
S1 waits 2 time units on link (d, ) and 4 time units on link (e, [). The no-wait model cannot find a
feasible solution in this case.

« Models based on Scheduling Entity: Depending on the objects used for the allocation of GCL
entry [39], the scheduling models can be classified into frame-based model, window-based model,
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and class-based model. The frame-based model schedules the transmission time of each frame in a
per-stream fashion and directly maps it to a dedicated GCL entry. By constraining that no overlap
exists for any two frames’ transmission time, the frame-based model guarantees that there is no
interference between any two streams. The window-based model partitions frames into different
groups and jointly schedules the transmission time of the frames in each group. As each GCL
entry is shared by a group of frames, the transmission order of each frame can be interfered with
by other frames within the same group, resulting in jitter. For example, in Figure 2(b), streams
S1 and S2 are assigned to the same egress queue and share the same GCL entry according to a
window-based model. Their transmission orders in two consecutive periods are different within
the window, which causes jitter. In general, the window-based model can be further classified as
assigned, partially assigned or non-assigned based on different frame-to-window allocations [11].
The class-based model allocates resources for each traffic class and guarantees the same deadline
and jitter requirements for a whole class. Each traffic class is mapped to a dedicated egress queue.
Because the class-based model is mainly employed for asynchronous traffic classes (e.g., AVB and
BE traffic), it is out of the scope and not discussed in this article.

« Models based on Queue isolation (QI): Scheduling models based on queue assignment can
be categorized into unrestricted QI models and explicit QI models. Unrestricted QI models, derived
from TTEthernet scheduling, assume a global schedule that defines the temporal behavior of all
frames without considering QI [21]. However, applying this to TSN may violate FIFO properties,
leading to deviations from the intended transmission schedule. For example, in Figure 2(c), the
unrestricted QI model allows S4 to be scheduled before S3 on link (c, [) without conflict. However,
if both streams share a queue, S3 may occupy S4’s slot at runtime, causing S4 to be delayed and
miss its deadline. This inconsistency occurs only under the wait-allowed model, as the no-wait
model forwards frames immediately.

To avoid such schedule inconsistency, explicit QI models isolate streams into different queues
by jointly computing the queue assignment along with the schedule. For this aim, several isolation
constraints are proposed which can be categorized into three levels: FIFO, frame-based, and stream-
based isolation. The basic idea of FIFO isolation is to prevent reordering the forwarding sequence
of frames when they are assigned to the same queue. For instance, the schedule on the right side
of Figure 2(c) enforces stream S4 to arrive earlier than S3, so that the forwarding order matches
the predefined schedule, even if they are within the same queue.

Frame-based isolation and stream-based isolation are comparatively more realistic as they take
into account frame loss, unbounded processing jitter, and interleaving caused by fragmentation
when the payload size is larger than the MTU. For example, as shown on the right of Figure 2(c),
under the FIFO isolation model, stream S3 will forward earlier than expected by using the slot
allocated for S4 on link (c, [) if the frame of S4 is lost. Frame-based isolation ensures that at one time,
only one frame can exist in the queue so that it is not interfered by other frames’ fault conditions.
For example, as illustrated on the right side of Figure 2(d), the frame of stream S3 can only arrive
at link (c, 1) after the first fragment of stream S4 is dispatched. The second fragment of S4 can
only arrive at link (c,[) after the frame of S3 is dispatched. Compared to frame-based isolation,
stream-based isolation is more stringent. It requires that the frame of the current stream can only
be enqueued after all frames of the previous stream(s) have been fully dispatched, as shown on the
left side of Figure 2(d). The frame of S3 must wait until all the fragments of S4 are dispatched.

« Models based on Routing and Scheduling Co-Design: Depending on whether the routing
path of each stream is given or needs to be determined, the scheduling models can be categorized
as fixed routing (FR) model and joint routing and scheduling (JRS) model. The JRS model
allows the co-design of route selection and schedule construction, while the FR model focuses
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on schedule construction only, assuming that the routes are pre-determined. By optimizing the
routing and scheduling decisions in a joint fashion, the JRS model could offer better resource
utilization and schedulability in general when compared to the FR model. However, the JRS model
may also incur much higher computational overheads and may not be able to find feasible solutions
if the computing resource is constrained.

« Models based on Fragmentation: In the network layer, fragmentation occurs when a packet
is split into smaller fragments to fit the maximum transmission unit (MTU) size of the network.
However, default fragmentation may result in high latency due to the large size. To address this
issue, the fragmentation (FRAG) model is proposed to determine the number and size of fragments
along with the schedule construction. The FRAG model, to some extent, can improve schedulability,
especially in cases when the deadline is exceeded due to the large frame size. For example, consider
stream S2 in Figure 2(e) with a transmission duration of 6 time units, the minimum end-to-end
delay for an S2 frame to travel through the three hops is 18 time units. However, the FRAG model
fragments the original frame into three small fragments and starts forwarding immediately after
the first fragment is received on each hop. In this case, if the deadline is set to 12, S2 can only be
scheduled for transmission under the FRAG model. It is worth noting that fragmentation comes
with extra header overhead, which may negatively impact link utilization.

« Models based on Preemption: The IEEE 802.1Qbu standard defines frame preemption allow-
ing an express frame to interrupt the transmission of a preemptable frame, and subsequently re-
sume the preempted frame at the earliest available opportunity [44]. In the preemption (PRE) model,
frames may be assigned with varied preemption classes at different hops, with only express frames
being able to interrupt preemptable frames. The preemptable frame can thus be broken into two
or more fragments. For instance, in Figure 2(f), the frame of stream S2 on link (d, ) is designated
as a preemptable class and is consequently preempted by the frame of S1, classified as an express
class, at time 12 during the transmission. Following the completion of stream S1’s transmission,
the second fragment of S2 resumes its transmission. It is worth noting that the preemption (PRE)
model does not reduce the transmission delay compared to FRAG, as frames can only be forwarded
after all fragments are fully received and reassembled. For example, in Figure 2(f), link (e, [) cannot
forward at time 12 when the first fragment is received but has to wait until time 16 when both
fragments have been received. Nonetheless, if preemption is disabled, S1 fails to meet its deadline,
resulting in an unschedulable stream set. In addition, as fragmentation only occurs when neces-
sary, the PRE model offers better bandwidth conservation when compared to the FRAG model due
to the reduced number of generated headers. For example, there is only one additional header cre-
ated for the second fragment of the frame of S2 along its path in Figure 2(f). By contrast, a total
number of six headers are generated under the FRAG model in Figure 2(e).

4 Real-Time Scheduling Methods for TSN

Based on the system models discussed above, we now delve into a detailed review of 17 TAS-based
real-time scheduling methods published since 2016. Following the standard protocol of systematic
review outlined in [53], we select these methods based on two main criteria. (1) Breadth: to
give a comprehensive review and experimental study, we aim to include as diverse a set of
models and algorithms as possible; (2) Relevance: to focus on real-time scheduling of TT traffic
in TSN, approaches aiming at enhancing AVB or BE traffic in mixed-criticality scenarios or
improving reliability are not included. We also exclude learning-based methods that cannot
provide deterministic results.

In the following, we categorize the 17 scheduling methods and highlight their specific optimiza-
tion objectives in addition to generating feasible schedules. We first classify all the methods into
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Fig. 3. Classification of the TSN real-time scheduling methods based on the employed system models. The
first layer categorizes routing models, the second layer categorizes queuing delay models, and the final layer
categorizes algorithms. We tag each leaf category by {a7, a2, b1, b2, c1, 2, d1} for cross-referencing.

two categories, FR-based methods or JRS-based methods, depending on whether the routing path
of each stream is given or to be determined. The methods in each category are further divided
into no-wait-based methods and wait-allowed-based methods according to their employed delay
models. Finally, each method is classified as either an exact solution or a heuristic solution
based on whether the method can yield an optimal schedule or not.? Figure 3 summarizes the
categorization.

4.1 Fixed Routing (FR) Methods

FR-based methods assume that the routing paths of individual streams are pre-determined and
provided as input for the scheduling algorithms. Based on the IEEE 802.1Qca standard, the default
routing paths generated by the Shortest Path Bridging Protocol ensure that all streams are routed
along their shortest paths between the talkers and listeners [4].

4.1.1  No-wait. The no-wait model requires all frames to be forwarded along their routing paths
without any queuing delay. The following methods employ a combination of the FR model and no-
wait model to minimize the e2e latency.

o SMT-NW (a1l): Durr et al.[27] addressed the crucial problem of reducing the end-to-end latency
of TT traffic and increasing the available bandwidth for BE traffic. The key idea is to adapt this
problem to the no-wait job-shop scheduling problem [60]. The authors proposed an exact solution
using the CPLEX Integer Linear Programming (ILP) solver with Big-M logical expressions and
a compression algorithm in post-processing to minimize the guard bands. To tackle the scalability
issue, a heuristic approach based on Tabu search was also proposed.

o SMT-FRAG (al): Jin et al. [47] proposed a no-wait-based approach to improving schedulability
by introducing a joint scheduling with fragmentation framework. The key idea is to jointly deter-
mine the number and size of fragments for individual streams during the schedule construction.
The scheduling problem was formalized using a Satisfiability Modulo Theories (SMT) formu-
lation and solved using the Z3 solver. To address the scalability issue, the authors also proposed a
heuristic solution based on fixed-priority scheduling.

o DT (a2): Zhang et al. [105] addressed the high computational overhead issue associated with the
non-overlap constraint checking during the scheduling process. The authors proposed a stream-
aware model conversion algorithm that accelerates the scheduling process for the zero-jitter model.
It employed the divisibility theory to detect collision and speeded up this process by only compar-
ing the first instances of two streams. In addition, this work introduced an efficient incremental
searching strategy without traceback, further reducing the runtime overhead.

4.1.2  Wait-allowed. In the wait-allowed model, frames can be stored in the egress queue and
forwarded at a later time. It thus has a larger solution space compared with that of the no-wait

2Some selected works proposed both exact and heuristic solutions. In this article, we only evaluate one of them based on
their key contributions to make the review and performance comparison more concise and informative.
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scheduling model. We evaluate the following seven works that employ a combination of the FR
and wait-allowed model to solve the real-time scheduling problem in TSN.

o SMT-WA (b1): Craciunas et al. [22] focused on providing accurate modeling for the behavior
of TAS-based scheduling mechanisms in wait-allowed scenarios. They first formalized the con-
straints for constructing valid schedules using SMT formulation based on the wait-allowed model.
To ensure correctness, a key contribution of their work is to first introduce the queuing isolation
model such as frame- and stream-based isolation in the TSN field.

o AT (b1): Oliver et al. [69] addressed the challenge that GCLs only support a limited number of
entries in practical implementations. Their study introduced a window-based scheduling method
that applied array theory to an SMT solver, taking the maximum number of GCL entries as the
algorithm input. In addition, this work incorporated the queue assignment and isolation model
into the solution.

o CP-WA (b1): VIk et al.[97] focused on modeling deterministic TT traffic through CP. CP pro-
vides a more efficient solution to the TSN real-time scheduling problem with an All-different Con-
straint compared to other formalizations such as SMT and ILP. This work also proposed a decom-
position optimization to enhance the scalability, which alternated between routing and scheduling
searches.

o SMT-PRE (b1): Zhou et al. [110] aimed to increase schedulability by integrating the preemption
feature. An SMT-based approach was proposed to assign streams to express class and preemptable
class while jointly determining the schedule. The allowed maximum number of preempted frag-
ments was taken as the algorithm input.

o I-OMT (b2): Jin et al. [46] also addressed the practical limitation of GCL length. Instead of
setting a hard constraint on the GCL length, this work minimized the GCL length by proposing
an iterative-Optimization Modulo Theories (OMT)-based approach to scheduling streams by
group. The queue assignment is calculated for each stream based on its payload size, shortest
routing path, and deadline. Then it is taken as the input of the iterative OMT solver. The stream-
based isolation is formulated as a constraint to guarantee the correctness of the queue assignment.

o LS-TB (b2): Vlk et al. [95] addressed the challenge of poor scalability in scheduling large-scale
TT traffic in TSN, an inherent problem when using general third-party solvers. Their proposed
scheduler can revert to a previous search stage and modify the timing and queue assignment if the
current frame conflicts with any other scheduled frames.

o LS-PL (b2): Bujosa et al. [16] focused on improving scalability in scheduling large-scale TT
traffic in TSN. The authors proposed a heuristic algorithm that allocates links into phases based
on their dependency and then schedules these links phase by phase. The algorithm also determines
the queue assignment during the heuristic search. This work covered both the no-wait and wait-
allowed model, offering flexible jitter control under different scenarios.

4.2 Joint Routing and Scheduling (JRS) Methods

A feasible schedule may not be found when the routing paths of the streams are pre-determined
under the FR model. By contrast, the JRS-based methods allow the scheduler to jointly determine
the routes and schedules for each stream, thus providing opportunities to offer better network
resource utilization and schedulability.

4.2.1 No-wait. The following five methods employ a combination of the JRS model and the
no-wait model.

o JRS-NW-L (c1): Falk et al. [29] proposed an ILP-based approach to determine the routing path
of each stream and the schedule of the stream set. Different from using the Big-M formulation
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commonly employed by other ILP-based models (e.g., [27, 29, 83, 85]), the authors used the
indicator constraints to address the logical constraints.

o JRS-NW (c1) : Hellmanns et al. [41] tackled the high computational complexity of the JRS-based
scheduling problem. The authors first evaluated the impact of stream set scale and network scale on
the schedulability performance and then provided an optimization framework to reduce computa-
tional overhead. The framework includes three components: input optimization, model generation
optimization, and solver parameter tuning.

« LS (c2) : Pahlevan et al. [70] proposed a heuristic-based list scheduling algorithm to address the
scalability issue in JRS-based scheduling methods. The proposed heuristic-based list scheduling
algorithm searches all potential release times on a route and only moves to the next route when
no available release time remains on the current route. The search order is governed by the hops
of each stream’s shortest path. Notably, this algorithm has no backtracking mechanism, thereby it
returns infeasible once the algorithm traverses all paths of one flow without finding a solution.

o I-ILP (c2) : Atallah et al. [10] aimed to design an efficient framework to compute no-wait sched-
ules and multicast routing in large-scale TSN. Their solution has three key techniques: iterative
ILP-based scheduling for enhanced scalability, Degree of Conflict (DoC)-aware partitioning for
stream grouping, and DoC-aware multicast routing (DAMR).

o CG (c2): Falk et al. [30] tackled the critical issue of computational overhead in existing FR and
no-wait based methods. Their approach constructs a conflict graph to capture the collision between
individual stream’s transmission time, and thus accelerate the solving process. The key idea is to
identify an independent set within this graph and gradually expand it to obtain a valid schedule.
Based on the search state, the solution automatically selects between a quick algorithm or ILP
solver, strategically combining heuristic and exact methods.

4.2.2  Wait-allowed. The following two methods use a combination of JRS and wait-allowed
models.

o JRS-WA (d1) : Schweifiguth et al. [83] first proposed the JRS framework and addressed the issue
that FR-based methods may exclude feasible solutions without considering routing in the design
space. The authors introduced an ILP-based approach that simultaneously decides the routing path
and schedule. In addition, the authors improved the search speed by excluding infeasible routing
paths during pre-processing, without hurting the schedulability.

o JRS-MC (d1) : In this work, Schweiflguth et al. [85] further extended the above ILP-based JRS
scheduling approach to support multicast traffic streams. The authors argued that including mul-
ticast features requires more than a trivial extension from the unicast model, necessitating ad-
ditional scheduling constraints to prevent loops and negative latency. The authors investigated
various objectives, examining the improvement of schedule quality and tradeoffs between sched-
ule quality and runtime overhead. The authors also introduced optimization techniques for pre-
processing and model generation while demonstrating that these enhancements significantly re-
duce the solver’s runtime.

Table 1 summarizes the 17 scheduling methods in chronological order. A (v) symbol indicates
that the method was presented in the original paper but we do not implement it.

4.3 Extended Constraints and Alternative Approaches in TSN Scheduling

In addition to the fundamental feasibility requirement, practical deployments of TSN systems
must often satisfy several other system-level constraints. Moreover, beyond traditional central-
ized scheduling approaches, several alternative scheduling mechanisms have been proposed. This
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Table 1. A Summary of the System Models and Scheduling Approaches in the Studied TSN Scheduling

Methods
Article Year “hf:l"'_ll‘; o ::_:::3’2 No-wait “_’;:f;w Queueing | Routing | Multicast | Heuristic | Exact | Algorithms Enhancements | Main focus
Dirr et al. SMINW) [27] _(al) | 2016 | /. 7 7 %) 7| ILP (Tabu) Scalability
Craciunas et al (SMT-WA) [22] (b]) | 2016 | /. 7 7 7 [SMT Schedulability
Schweissguth et al. JRS-WA) [83](d1) | 2017 | /. 7 7 7P Paths reduce___| Schedulability
Gliver ctal (AT) [69] (b)) 2018 | /. 7 7 7 [SMT Array-theory | GCL length
Falk etal (RSNWL)[20] (cl) | 2018 | / 7 7 7 7 |[IP Logic indicator i
Pahlevan etal (L5 [70] __(c2) 2000 | / 7 7 7 7 List scheduler Scalability
Schwelssguth et al. JRS-MC) [85](d1) | 2020 | V. 7 7 7 7 __|wp Paths reduce | Multicast
Atallah et al_(LILP) [10]__(c2) 2020 | /. 7 7 7 7 7 Tterative-ILP Scalability, multicast
Jin et al. (FOMT) [46] (b2) 2020 7 7 7 (/) | Tterative-OMT Scalability, GCL length
Falk et al. (CG) [30] (c2) 2020 [/ v v v v ) Conflict-graph Scalability
Hellmanns et al. JRS-NW) [41] (c)) | 2021 |/ 7 7 7 7 |[uP Path cut-off Scalability
Jin ctal GMTFRAG) [47]_(al)__| 2021 | /. 7 %) 7| SMT (WCRT) i ility
VIK et al. CPWA) [97] __(0]) 2021 | / 7 7 %) 7| CP (Decompose) Scalability
VIK ctal (LSTB) [05] __(62) 2022 7 7 7 (/) | List scheduler | Traceback Scalability
Bujosa et al (LS-PL) [16] _ (b2) 2022 7 7 List scheduler | Per-link scarch _| Scalability.
Zhou et al. GMTPRE) [110] (b)) | 2022 | /. 7 [SMT p i
Zhang etal. (DT) [105] __ (a2) 2022 | /. 7 7 7 (/)_| Divisibility Scalability

body of work is not included in our experimental evaluation, but is summarized in this section for
the completeness of the systematic review.

Delay and jitter minimization. Minimizing the end-to-end delay of the streams is one of the
most critical design objectives of TSN schedulers. Scheduling methods based on the no-wait model
(e.g., [10, 27, 29, 30, 41, 47, 70]) aimed to reduce the end-to-end delay by eliminating the queuing
delay at each TSN bridge. On the other hand, [83, 85] achieved this objective by incorporating
additional objective functions (e.g., minimize the average delay among streams), and [47] leveraged
stream fragmentation to reduce the transmission delay by allowing more parallel transmissions.
The experienced maximum jitter is another critical metric to evaluate the performance of TSN-
based applications [12]. In [69], the authors minimized the maximum jitter of TSN streams by
controlling the window size. Zhang et al. [104] conducted a case study in an underground mining
scenario and proposed a heuristic solution to meet the designated delay and jitter requirements.

Number of queues minimization. Minimizing the number of queues used per hop is another
important design objective. Since TT traffic must have exclusive queue access to ensure deter-
minism, it is crucial to limit the number of utilized queues, reserving the remaining ones for
asynchronous traffic. As discussed in Section 3.3, no-wait based scheduling methods such as
[10, 27, 29, 30, 41, 47, 70] utilized only one queue. Furthermore, scheduling methods based on
the wait-allowed model could incorporate an additional objective function to minimize the queue
usage [22, 97].

Heterogeneous traffic. Several studies [9, 27, 37, 43, 78, 101] investigate how to enhance the
performance of non-TT traffic (e.g., AVB and BE) while guaranteeing the timing constraints of
TT traffic. For instance, Reusch et al. [78] proposed a scheduling framework to support the co-
existence of asynchronous traffic and TT traffic using a network calculus-based approach. Yao
et al. [101] aimed to optimize the network utilization for other traffic by introducing network
remaining time as the objective. Han et al. [37] proposed a traffic scheduling algorithm combined
with ingress shaping to reduce the e2e delay of BE messages.

Reliability. Ensuring reliable frame transmissions in TSN networks is another crucial research
topic and has been extensively studied, e.g., [20, 25, 32, 56, 61, 79, 93, 96, 109]. For example,
Mahfouzi et al. [56] introduced an SMT-based scheduling framework that incorporates a stability
condition derived from the jitter and delay of control traffic. Reusch et al. [79] proposed a
dependability-aware JRS framework that uses redundant disjoint routes to tolerate link failures.
Craciunas et al. [20] proposed a robust out-of-sync scheduling approach for TSNs that can
accommodate synchronization failures. Min et al. [61] proposed a JRS-based scheduling method
to incorporate in-frame replication and elimination for reliability (FRER). Vlk et al. [96] proposed
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a hardware enhancement that eliminates the need for a guard band to protect TT traffic, thereby
improving the bandwidth utilization for other types of traffic.

Online reconfiguration. A range of studies (e.g., [8, 33, 35, 55, 71, 74, 77, 102]) have been con-
ducted to address the online reconfiguration problem in TSN networks. For example, Raagaard
et al. [77] proposed a heuristic algorithm for schedule reconfiguration in fog computing platforms,
handling newly added and removed streams. Yu et al. [102] proposed an online scheduling ap-
proach to deal with dynamic virtual machine migrations in multicast TSN networks, including
offline schedule construction and online rescheduling. Pang et al. [71] identified a deadlock issue
during schedule updates, and an online algorithm is proposed to generate conflict-free schedules
for the update. Patti et al. [74] proposed an online EDF-based scheduling algorithm in TSN to pro-
vide support for event-driven real-time traffic by dynamically updating the priority mapping on
TSN switches. Gartner et al. [35] developed a flexibility-aware heuristic scheduling algorithm to
enhance the probability of successful reconfiguration.

Distributed scheduling. While distributed scheduling algorithms are commonly associated with
asynchronous shapers, e.g., ATS and CQF, without relying on network-wide synchronization,
several studies have explored distributed approaches specifically for the TAS shaper. These
efforts often aim to enhance scalability, efficiently handle dynamic traffic changes, or improve
fault tolerance compared to centralized methods. For instance, Hellmanns et al. [40] proposed a
hierarchical scheduling method to locally compute schedules within sub-networks and handle
inter-sub-network traffic scheduling using simulation traces, significantly reducing complexity.
Bush et al. [17] focused on efficient dynamic reconfiguration by pre-computing and storing partial
schedules on local switches to allow faster generation of valid schedules upon changes. Zhou et al.
[108] introduced TSN-VM, a distributed framework designed to mitigate scheduling violations
stemming from synchronization errors or jitter. Besides, it is worth noting that some reinforce-
ment learning-based scheduling approaches [62, 80, 100] inherently operate in a distributed
manner, making local configuration decisions based on the observed state at individual switches.

Learning-based methods. In recent years, an increasing number of learning-based methods
[38, 42, 57, 62, 80, 92, 100, 106] have been proposed to solve the TSN scheduling problem. For
instance, Yang et al. [100] proposed a graph convolutional network-based deep reinforcement
learning solution for the joint optimization of TT and other traffic types. He et al. [38] introduced
a method based on deep reinforcement learning to enhance the scalability of TSN scheduling.
Roberty et al. [80] focused on a case study that explores the application of deep reinforcement
learning to reduce the scheduling time in IEEE 802.1Qbv networks. Min et al. [62] proposed a
JRS-based scheduling method using deep reinforcement learning that improves schedulability and
reduces maximum link utilization. Zhao et al. [106] utilized a Q-learning approach to optimize
average e2e delay, addressing the time overhead and adaptivity issues of traditional methods. Sun
et al. [92] employed a deep reinforcement learning framework based on the Proximal Policy
Optimization (PPO) algorithm to minimize TT traffic delay. Hong et al. [42] introduced an on-
line deep reinforcement learning framework using a Convolutional Neural Network for adaptive
scheduling and resource allocation by optimizing the allocation of sending time slots.

5 Testbed Validation

To validate the correctness and effectiveness of the studied TSN scheduling methods on Com-
mercial Off-the-Shelf (COTS) TSN hardware, we set up a TSN testbed and implemented all the
scheduling algorithms. The testbed consists of 8 bridges and 8 ESs organized in a ring topology
as shown in Figure 4(a). Each bridge is an FPGA hardware-based TTTech TSN evaluation board,
and each ES is implemented using the Linux Ethernet stack with an external Network Interface
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Fig. 4. Overview of the TSN testbed with 8 bridges and 8 ESs.

Controller (NIC) Intel i210 as shown in Figure 4(b). The network is set up following the ring
topology as shown in Figure 4(c), which is commonly applied in industrial scenarios [73]. We use
the Linux PTP stack [19] with the gPTP profile for synchronization on ESs, and the bridge imple-
ments its own synchronization stack. The synchronization traffic is set with a priority higher than
the best-effort traffic and lower than the critical traffic.

There are two main objectives of this testbed: (i) to validate and calibrate the parameters com-
monly used in the literature’s model assumptions, and (ii) to validate if the performance of the
scheduling methods on the testbed is consistent with that derived through analysis. Given the lim-
ited scale of our testbed, we focus on functional validation rather than performance comparison
using the testbed.

5.1 Measurements of Delays and Synchronization Error

As mentioned in Section 3, most existing TAS-based scheduling methods assume that the pro-
cessing delay, propagation delay, synchronization error, and clock offset on ESs are constant or
can be bounded. To the best of our knowledge, however, there is no existing study validating these
assumptions through experimental measurements in real-world TSN testbeds. While some studies
have conducted testbed measurements, they typically focus on end-to-end performance instead of
measuring each delay component [64, 65, 94]. Others, such as [54], only focus on measuring the
delay of the synchronization function without considering general frame forwarding. We argue
that such validation is critical as it provides the foundation for both existing and future TAS-based
scheduling method designs.

— Propagation Delay: To measure the propagation delay, we directly connected one talker
and one listener with a CAT7 cable while measuring the round-trip time (RTT) of a stream
using the hardware timestamping function supported by the NIC. As shown in Figure 5(a),
the propagation delay in this one-hop setting is bounded between 2 ns and 6 ns, with a 4 ns
jitter due to the measurement inaccuracy.

— Processing Delay: Since we cannot measure the processing delay on the TTTech evaluation
board directly, we infer its upper bound by observing the e2e delay of a stream. Specifically,
we gradually increased the potential upper bound of the processing delay in the TAS con-
figuration until all frames’ e2e delay can be statistically bounded within the test duration.
Figure 5(b) shows that the one-hop processing delay can be bounded within 1.9 us in our
testbed.

— Synchronization Error: Figure 5(c) shows the synchronization error measured on the
testbed, which is reported by the logs of the Linux PTP stack. It can be observed that the
synchronization error becomes stable after 5 seconds. The large values observed in the first
5 seconds are mainly due to the grand master clock election process [6]. After that, the syn-
chronization error can be bounded within 10 ns.
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Fig. 5. Testbed measures on the propagation delay, processing delay, synchronization error, and system clock
to physical clock offset.

— Clock Offset on System: Figure 5(d) shows the clock offset from the system clock in the
application to the physical clock in the network card, which is also reported by the Linux
PTP stack. Similar to the synchronization error, the clock offset is also large at the beginning,
then it is bounded within 50 ns.

The above measurement results provide the calibration values of the propagation delay, process-
ing delay, and synchronization errors from the real-world testbed. Thus, we use these empirical
bounds in the subsequent simulation-based evaluation to ensure the robustness of the simulation
model. Specifically, we set the propagation delay, processing delay, synchronization error, and
clock offset as 6 ns, 1.9 ps, 10 ns, and 50 ns, respectively.

5.2 Performance Validation

To confirm the theoretical performance and ensure the correctness of our implementations, we im-
plement 16 out of the 17 scheduling methods on the testbed where SMT-FRAG is not implemented
because its required fragmentation size for each stream is even smaller than the lower bound of
the window size on the hardware device.

We conduct the performance validation using a small-scale stream set consisting of 8 streams
to simplify the hardware configuration. The stream set includes four streams with a payload size
of 100 bytes, two streams of 200 bytes, and two streams of 400 bytes. Each stream has a common
period and deadline of 1 ms. Each stream has a unique talker but may have shared listeners. The
streams are routed on the same ring topology, with their routing paths determined by the evaluated
methods. After deploying the release times, queue assignments, and GCL configurations that are
generated from each of the 16 methods on the testbed, we record the e2e delay of 10000 frames for
each stream.

Figure 6 compares the measured e2e delays of individual methods on the testbed (yellow line)
and the analyzed worst-case delay from the simulation (red line). We present three representative
results for conciseness, as other results exhibit similar patterns. Overall, our testbed results
validate the correctness of all the methods since the corresponding measurement results of
each method are always bounded by the analyzed worst-case e2e delays.

Beyond that, we have two important observations. First, most streams experience a relatively
stable delay (<100 ns variation), but some streams are observed to have varied delays under certain
methods. For example, the delay of Stream SO under LS-PL gradually increases to around 12 ps.
Then it drops to 9.8 us suddenly. We believe that these drifts are mainly caused by the collisions
between synchronization traffic and TT traffic, which increases the clock drift between the talker
and listener over time. Subsequent synchronization recovery procedures eliminate such clock drift,
restoring the delay to its normal state. Secondly, a large gap can be observed between the testbed
measurements and the simulation results across different methods, with a maximum gap of about
5 us recorded from S2 with [-ILP. This gap primarily stems from two factors: (1) an enforced error
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Fig. 6. Performance validation on the e2e delays of eight TT traffic on the real-world TSN testbed.

margin of up to 3.2 us by the TTTech bridge to accommodate timing errors, and (2) an up to 1.9
us processing delay on the bridge identified during our measurements.

In addition to the schedulability of stream set under a scheduling method, we are also interested
in evaluating the associated schedule quality, including GCL length, delay, jitter, link utilization,
and queue utilization, as summarized in Table 3. Since GCL length, link utilization, and queue
utilization are determined directly by the schedule, they can be measured from the schedule gen-
erated by the simulation. We validate e2e delay and jitter using our testbed here. For e2e delay, we
observe that three methods, AT (292.1 ps), JRS-WA (264.3 ps), and JRS-MS (527.1 ps), exhibit signif-
icantly higher e2e delays compared to other methods with an average e2e delay of 20.7 us. These
results are consistent with the corresponding simulation outcomes, as discussed in Section 7.3. For
jitter, the maximum values observed for JRS-WA at 3.4 ys and LS-PS at 3 us are slightly higher than
the sub-microsecond jitter observed for other methods. However, we believe this is not related to
any specific scheduling method but rather caused by variations in processing delay and measure-
ment inaccuracies during the testbed experiments. In addition, unlike the larger maximum jitter
predicted by simulations, we did not observe significantly high jitter for window-based methods
during the testbed experiments. This can be attributed to the fact that frames were consistently
transmitted at specific times within their allocated windows, leaving a substantial portion of the
window unused on the real testbed in our test case.

6 Simulation-Based Experimental Setup
6.1 Parameter Settings

To ensure a fair evaluation among the selected TSN scheduling algorithms, we followed the pa-
rameter settings below in the experiments, which are summarized in Table 2.

6.1.1 Stream Set Settings. We control the randomly generated TSN stream set by tuning the
following parameters: (i) number of streams, (ii) stream period, (iii) number of frames, (iv) stream
payload, and (v) stream deadline.

Number of streams. In each randomly generated stream set, the number of streams follows a
uniform distribution within the range of [10, 220] with a step size of 30. The maximum number
of streams is set to 220 to encompass the settings employed in both simulation-based studies and
real-world applications. In our experiments, when the number of streams reaches 220, the average
system utilization surpasses the recommended upper bound for industrial applications’ critical
traffic [1], resulting in a very low schedulability ratio and impractical runtime for most methods.
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Table 2. Parameter Settings for the Performance Evaluation

Parameter Type Value
Parameter Type Value
Sparse single {2}
Number of frames - {8, 16, 32, ..., 2048, 4096}
Dense single {0.4}
Implicit deadline Equal to period
Sparse harmonic {0.5, 1,2, 4}

Relaxed deadline NW +{0.1,0.2, 0.4, 0.8, 1.6}
Stream deadline (7725) | Normal deadline | NW +{0.01, 0.025, 0.05, 0.1, 0.2, 0.4}
Strict deadline NW + {0, 0.01, 0.02, 0.025, 0.05}

Stream period (ms)

Dense harmonic {0.1,0.2,0.4, 0.8}

Stream set

Sparse inharmonic | {0.25, 0.5, 1.25, 2.5, 4}
Dense inharmonic | {0.05, 0.1, 0.25, 0.5, 0.8}

Stream set

No-wait deadline NwW
Tiny size 50
Linear, Ring,
Small size 50 - 500 Topology
] Tree, Mesh
Stream payload (bytes) Medium size 200 - 1500 8
2| Number of bridges - {8,18,28,..., 78}
Large size 500 - 4500 2
Number of links - {30, 32, 36, ..., 386}
Huge size 1500 - 4500
Number of queues - 8
Number of streams - {10, 40, 70, ..., 190, 220}

Stream period. Following the TSN profile for industrial automation use cases in [EC/IEEE 60802
[26], we set the range of the stream periods as [50us, 4ms]. However, randomly generated stream
periods are less meaningful as the stream periods in real-world TSN applications typically follow
specific patterns in corresponding industrial sectors [66]. Thus, we define 6 stream period types,
as shown in Table 2, to include all the commonly employed periodicity settings.

Number of frames. Within a network cycle (i.e., the period that GCL repeats itself), the number
of frames is determined by the combination of the number of streams and their periods. In our
experiments, considering the network cycle as the least common multiple of stream periods, the
number of frames can range from 10 to 7842. Given its exponential and continuous distribution,
we sort these values into bins > 8, > 16, ..., > 4096 as shown in Table 2.

Stream payload. The stream payload size is the amount of data payload (in bytes) carried by one
instance of the stream. According to the IEEE 802.1Q standard [45], if the payload size exceeds the
MTU size (typically 1500 bytes), the stream instance can be fragmented into multiple fragments,
each of which is transported by one frame. In the experiments, we define 5 payload size types (see
Table 2) based on the typical configurations in industrial applications.

Stream deadline. Theoretically, the minimum e2e delay experienced by a stream equals the sum
of propagation delay, processing delay, and transmission delay along the shortest routing path
(i.e., the e2e delay under both FR and no-wait model). Thus, we set the minimum deadline of each
stream to its delay under the no-wait model (denoted as NW), which can be calculated according
to our hardware-based measurement results in Section 5. We define 5 stream deadline types (see
Table 2) to aid the generation of random stream sets in our experiments.

6.1.2  Network Settings. The generation of a TSN network in our experiments is controlled by
the following parameters:

Network topology. We employ four commonly used topologies, i.e., linear, ring, tree, and mesh.

Number of bridges and links. The number of bridges in the network ranges from 8 to 78 (with
a step size of 10), where the network diameter reaches the synchronization accuracy limitation
in IEEE 802.1AS [6] under our topology settings. The number of links is determined accordingly
under different network topologies, as detailed in Table 2.

Link rate and number of queues. In our experiments, unless specified otherwise, we employ
gigabit bridges with a line rate of 1 Gbps, which is offered by most vendors [15]. The number of
queues on each egress port is fixed to 8, also a common setting in TSN bridges. We also assume
that all 8 queues are exclusively dedicated to handling TT traffic.
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6.2 Algorithm Implementation

We implement all 17 TAS-based scheduling methods in Python3, as some works rely on third-party
software, which all provide an interface in Python3. Specifically, for SMT/OMT-based methods,
we use the Z3 solver to support the required theories and logical formulas such as array and arith-
metic theory [23]. For ILP-based methods, we use the Gurobi optimizer, one of the most advanced
ILP solvers [36].> For methods without relying on third-party software, we implement them from
scratch using native Python. Please note that some works proposed multiple scheduling methods,
including both heuristic and exact solutions. For the evaluation efficiency, we only implement the
proposed solution claimed to be the main contribution of the article. The specific implementation
of each work is described below.

SMT-WA. This work studied both the frame-based model and stream-based isolation model, show-
ing that the frame-based approach can enhance schedulability with only a marginal runtime over-
head (up to 13%). Thus, we only implement the proposed frame-based approach in our study.

JRS-NW-L/JRS-MC. Because the model generation optimization techniques proposed in JRS-NW-
L and JRS-MC were found to be counter-effective [41], we omit such optimizations in our simula-
tion to reduce the execution time.

SMT-NW. The exact solution in SMT-NW is selected and implemented as it shows better overall
performance in our evaluation compared with the proposed heuristic solution.

LS-TB. We omit the “global conflict set” data structure used in the article as it is rarely called (only
0.96%) in the problem-solving process.

LS. The FINDIT function is not described in detail, and thus we implement it using a binary search-
based strategy.

SMT-FRAG. We only implement the exact solution in SMT-FRAG, as the proposed heuristic-based
fixed-priority scheduling method involves complex worst-case delay analysis, which is challenging
to implement and verify for correctness.

CP-WA/LS-TB. We omit the “presence” decision variable used to select streams in CP-WA and LS-
TB to optimize the number of scheduled streams. We consider a set of streams to be schedulable
only when all streams are scheduled.

I-OMT. In OMT-based methods, we introduce an indicator variable to map each frame to only one
window. This is to simplify the time validity constraint to make the original formulation practical
without sacrificing schedulability.

For methods that require additional parameters, we directly follow their default settings in the
original papers. For example, we set the maximum number of windows to 5 for AT, the maximum
fragment count to 5 for SMT-FRAG, the maximum iteration number to 100 for I-ILP, the maximum
preemption count to 5 for SMT-PRE, and assume a release point at 0 for all streams in LS-TB.
In addition, as suggested in the IEEE 802.1Qcc standard [4], we apply the shortest path routing
algorithm to construct the routing path for each stream in FR-based methods.

6.3 Evaluation Environment

Our experiments are conducted on Chameleon Cloud, an NSF-sponsored public cloud computing
platform [49]. We utilized 8 nodes equipped with 2x AMD EPYC® CPUs, 64 cores per CPU with
a clock speed of 2.45 GHz, and 256 GB DDR4 memory. The operating system used was Ubuntu

3Following the original papers, we use the CPLEX ILP solver for JRS-NW-L for the logical indicator, and the IBM CP
Optimizer for CP-WA, and the Sklearn library [75] to implement the spectral clustering based stream set partition algorithm
for I-ILP.
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Table 3. A Summary of the Evaluation Metrics in the Study

Evaluation Metric Definition
. Schedulable ratio The ratio of schedulable stream sets
Schedulability — — -
Schedulability advantage The pair-wise comparison on same stream sets
Scalability Running time Total running time of an algorl.thm
Memory usage Peak memory usage of an algorithm
GCL length Maximum GCL length across all links
Schedule qualit Overall delay & jitter Average end-to-end delay and jitter across all streams
d Y Link utilization Maximum bandwidth utilized on links across all links
Queue utilization Maximum number of utilized queues across all links
Reliability™* Robustness to meet traffic characters when faults occur
Fault tolerance —= : : .
Integrity Correctness of payload information protected during faults

20.04 LTS. To make the benchmark robust and representative, we ran a total of 38400 problem
instances covering all combinations of our parameter settings in Table 2, with 64 experiments
running simultaneously on a single node at any given time. To avoid any interference among
experiments and enable concurrency, a single process with a maximum of 4 GB RAM and 4 threads
was dedicated to each experiment. We set a 2-hour runtime limit for all the methods where most of
them took less than 2 hours according to our evaluation. If any thread of the algorithm exceeded
the time threshold, the algorithm was terminated and returned “unknown”. We fixed the random
seed to 1024.

6.4 Evaluation Metrics

Based on the research objectives and application scenarios discussed in Sections 3 and 4, we sum-
marize the commonly used evaluation metrics in Table 3. As we do not consider network faults in
this work, we mainly focus on the first eight metrics in our performance evaluation.

7 Experimental Evaluation

In this section, we perform a comprehensive simulation-based evaluation for the 17 TAS-based
scheduling methods by comparing their schedulability, scalability, and schedule quality using the
evaluation metrics presented in Table 3.

7.1 Schedulability

7.1.1 Setup. As discussed in Section 6.3, we set a 2-hour timeout and 4 GB RAM limit for each
method. Therefore, each method in our evaluation outputs one of the three results for each ran-
domly generated stream set: schedulable, unschedulable, and unknown. Due to the presence of
unknown results, we cannot precisely quantify the schedulability performance of each method.
To overcome this issue, we devise two evaluation scenarios to ensure a fair comparison.

Evaluation Scenario 1 (ES1). In ES1, we conduct a comprehensive cross-evaluation of all 17
methods by employing a conservative statistical strategy to calculate schedulable ratio (SR).
Specifically, the SR of each method is defined as the ratio of schedulable stream sets to all the
generated stream sets. Such SR plays as the schedulability lower bound because all the unknown
results are deemed as unschedulable.

Although SR can to some extent reflect the schedulability of the studied methods, it can be
unfair to those methods requiring higher resource consumption where a considerable portion of
the stream sets with unknown results might be schedulable. To mitigate the influence of unknown
results on the performance comparison, a straightforward solution is to only consider the ex-
perimental settings where all methods produce known results, i.e., schedulable or unschedulable.
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Fig. 7. SR comparison under different stream set and network settings by varying the parameter values.

However, the experimental settings that yield known results for all methods could be very small,
making the performance comparison statistically insignificant.

Evaluation Scenario 2 (ES2). To tackle this issue, in ES2, we conduct a pairwise performance
comparison between any two methods by developing a novel metric, called schedulability ad-
vantage (SA), which is calculated only based on the known results for both methods. SA of A to B,
denoted as ®(A, B), quantifies the degree to which method A outperforms method B. Specifically,
®(A, B) represents the ratio of the number of stream sets where method A returns schedulable
while method B returns unschedulable to the number of stream sets where both methods A and
B return known results. Therefore, if ®(A, B) > ®(B,A) = 0, we say that method A dominates
method B as there does not exist any stream set where method B can find a schedulable solution
but method A cannot.

7.1.2  Results. We conduct extensive experiments based on the above two evaluation scenarios.

In the first set of experiments, we evaluate the SRs of all the methods by varying the parameter
settings summarized in Table 2. Specifically, Figure 7 shows the SR as functions of the number of
streams, number of frames, number of bridges, and number of links, respectively. In each subfig-
ure, only one parameter is varied with all other parameters being fixed. We use dashed lines to
denote data points comprising over 90% unknown results. Figure 9 shows the SR of each method
under different stream period types, stream payload types, stream deadline types, and topologies,
respectively.

The second set of experiments performs the pairwise comparison using the SA metric and the
results are shown in a heatmap in Figure 8. Specifically, each cell represents the ®(A, B) value,
where the row-index represents method A and the column-index represents method B. Darker
cells signify higher SA values, while light yellow represents a zero SA value. We use X to indicate
that the method in a given row dominates the method in the corresponding column. Moreover, on
the vertical axis, methods are sorted from high to low based on their average SA values.

7.1.3  Discussion. Based on the obtained experimental results, we now present our discussion
across two dimensions of granularity. First, we perform evaluation comparisons among different
scheduling models discussed in Section 3.3 to show their pros and cons. Next, we delve into
the performance evaluation of individual scheduling algorithms to discuss their advantages and
limitations.

Model comparisons. We discuss the model comparison by categorizing two sets of different
scheduling models: (a) models with varied performance, and (b) models with stable performance be-
tween SR and SA. This classification is based on their observed trends in our experiments. The first
set of comparisons include: (1) JRS model and FR model, (2) FRAG/PRE model and non-FRAG/non-
PRE model, and (3) no-wait model and wait-allowed model. The second set of comparisons
includes: (1) fully and partially schedulable models, (2) frame-based model and window-based
model.
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Fig. 9. SR comparison under different stream set and network settings by varying the parameter types.

(a) Models with inconsistent performance on SR and SA. The results show that a complex model
can achieve higher SA. However, it also incurs higher computation overhead, which may signifi-
cantly limit its performance on SR.

« JRS vs. FR model. JRS model dominates FR model on SA, but it may cause lower performance
on SR. For example, comparing in Figure 8, JRS-WA and JRS-MC dominate their counterparts under
the FR model (SMT-WA and CP-WA), and JRS-NW, JRS-NW-L dominates its counterpart SMT-NW.
However, the JRS model usually leads to lower SR compared to the FR model due to their incurred
computation overhead. For example, as shown in Figure 7(c)-(d), along with the increase of the
network scale, the methods with exact solutions under the JRS model (JRS-NW, JRS-NW-L, JRS-
WA, JRS-MC) suffer larger performance degradation by 41.8% on average compared to that of the
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methods under FR model (SMT-WA, SMT-NW, CP-WA) by 10.9%. The side effects of JRS model
on SR can also be validated by comparing its performance under different topologies as shown in
Figure 9(a). All JRS-based methods with exact solutions (JRS-WA, JRS-MC, JRS-NW, and JRS-NW-
L) show significantly degraded SR under ring and mesh topologies than line and tree topologies,
while most FR-based methods have improved SR on mesh topology.

« FRAG/PRE vs. non-FRAG/non-PRE model. In Figure 8, SMT-FRAG and SMT-PRE show the
average SA values of 14.7% and 14.0%, respectively, outperforming the average of other methods at
10.4%. However, these methods experience significantly reduced schedulability due to their larger
computational overhead. For example, in Figure 7(a)(b), although SMT-FRAG and SMT-PRE start
with very high SR (70.1% and 76.4% respectively), their SR degrades sharply to below 10.0% after the
number of streams and frames are increased to 70 and 128, respectively. This poor SR performance
can be consistently observed by varying other parameters in Figures 7(c)(d) and 9.

o No-wait vs. wait-allowed model. The initial comparison between two FR-based methods
(SMT-NW and SMT-WA) suggests that the wait-allowed method dominates the no-wait method
on SA as expected due to its more flexible delay model from Figure 8. However, on the SR
performance, SWT-NW surpasses SWT-WA when the workload is increased to 70 streams or
64 frames in Figure 7(a)(b), and SWT-NW consistently outperforms SWT-WA in Figure 7(c)(d).
A similar pattern can be observed under JRS methods (e.g., JRS-NW and JRS-WA) that JRS-WA
dominates JRS-NW on SA, but their difference in SR is negligible.

(b) Models with consistent performance on SR and SA. We find that for some methods, the schedu-
lability improvement introduced by applying a complex model outweighs the correspondingly in-
creased computational overhead, which leads to consistent performance improvement on both SA
and SR. Such a trend can be found in the comparisons among fully schedulable model vs. partially
schedulable model, and frame-based model vs. window-based model.

 Fully vs. partially schedulable model. We compare LS with LS-PL and LS-TB methods, all
rooted in the LS-based heuristic approach. As shown in Figure 8, the fully schedulable model LS
shows higher SA (7.24%) than the partially schedulable model LS-PL (2.8%) and LS-TB (4.29%). The
comparison results are retained when evaluating the SR performance. As shown in Figure 7, the
fully schedulable model LS also consistently outperforms the partially schedulable model LS-TB
and LS-TL under varied workload and network parameters. Combined with the comparison results
of no-wait/wait-allowed model, these results imply that enlarging the search space on the ES side
(fully schedulable/partially schedulable) is more effective than enlarging the search space on the
bridge side (no-wait/wait-allowed).
o Frame-based vs. window-based model. We compare AT with SMT-NW and SMT-WA which
are all SMT-based exact approaches. As shown in Figure 8, the frame-based methods SMT-NW and
SMT-WA dominate the window-based method AT on SA. Consistently, as shown in Figure 7, both
SMT-NW and SMT-WA also consistently outperform AT in terms of SR by increasing either the
workload or network scale. These results imply that the constraints applied on GCL length may
significantly limit the schedulability.

Based on the above results and discussions on different scheduling models, we conclude with
the following finding.

Finding 1. Although complex TSN scheduling models (e.g., JRS, FRAG, PRE, and wait-allowed)
can enhance the schedulability in theory, their incurred high computational overhead reduces the
performance improvement in practice. They may even have counterproductive effects in resource-
constrained systems.
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Algorithm comparisons. We now present the schedulability performance comparison among
individual scheduling methods. We first perform comparisons between heuristic approaches and
exact solutions. We then delve into heuristic approaches to examine the properties derived by
individual heuristic designs.

(a) Heuristic vs. exact solutions. Apparently, although heuristic approaches may not match the
performance of exact solutions, they show higher efficiency, especially under heavy workloads and
restricted computational resources. Our results align with this expectation. For example in Figure 7,
the exact solution SMT-WA outperforms heuristic LS-TB in SR when the number of streams is
less than 100. However, when the number of streams keeps increasing, LS-TB remains stable, but
SMT-WA rapidly declines to zero. Both methods are under the FR model and wait-allowed model.
Similar trends can also be found by comparing other pairs of heuristic and exact solutions, such
as SMT-NW vs. DT.

Due to their inherent efficiency, heuristic approaches can also benefit more from complex mod-
els compared to exact solutions. For example, comparing SR for the no-wait scheduling methods
in Figure 7(a), heuristic CG and exact solution JRS-NW exhibit similar SR when the number of
streams is less than 80. However, when the stream set size increases, CG outperforms JRS-NW with
a widening gap. Both methods are under JRS model and no-wait model. Similar trends can also be
found as the heuristic method I-OMT outperforms the exact method I-ILP consistently in Figure 7.

(b) Comparison among heuristic algorithms. Our experiment results show that the performance of
four heuristic algorithms significantly degrades under certain specific scenarios. (1) For networks
with routable topologies (i.e., ring and mesh), I-ILP demonstrates lower schedulability due to the
inefficiency of its DAMR routing algorithm. For example, as shown in Figure 9(d), SRs of I-ILP drop
from 41.6% under line topology and 54.6% under tree topology to 9.6% under ring topology and 7.4%
under mesh topology. (2) LS-PL suffers from a notably low SR (7.0%) in networks with ring topology
as shown in Figure 9(d). This is mainly due to the high likelihood of cyclic dependencies, causing
frequent failures in its phase division algorithm. (3) Under strict deadline settings, both LS-TB
and LS-PL show low schedulability due to their partially schedulable traffic model. This deficiency
results in a drop in SR from implicit deadline setting (51.9%) to no-wait deadline setting (1.0%)
as shown in Figure 9(c). (4) In the presence of inharmonic periodicity, I-OMT exhibits a reduced
SR (10.4%), a consequence of its restricted number of GCL entries compared to the single sparse
method (66.4%) as shown in Figure 9(a). This decrease is primarily due to scheduling conflicts,
where a high volume of frames rapidly exhausts the limited GCL entries.

Based on the above results and discussions, we have the following findings on schedulability
optimization.

Finding 2. Schedulability optimization is highly context-dependent. There doesn’t exist a globally
optimal scheduling algorithm (neither exact nor heuristic algorithm). In general,

o Heuristic algorithms demonstrate higher efficiency in large-scale systems, especially under
complex models (e.g., with JRS and window-based model); exact solutions show better schedula-
bility in small-scale systems.

o Heuristic algorithms may suffer from low schedulability under certain scenarios, e.g., with
tight deadline (LS-TB and LS-PL), inharmonic periodicity (I-OMT), and traffic with cyclic depen-
dencies (LS-PL).

7.2 Scalability

In this section, we compare the scalability of 17 scheduling methods in terms of runtime and
memory consumption under different settings. Runtime and memory consumption are both critical
performance metrics that evaluate how well the scheduling algorithm will scale in practice [72].
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Fig. 10. Runtime and memory consumption comparisons under varied stream set and network settings.
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Fig. 11. Runtime and memory consumption correlation in diverse scenarios.

7.2.1  Setup. In our experiments, the runtime of a scheduling algorithm consists of the pre-
processing time (filtering the invalid solution space), the constraint adding time, and the problem
solving time. If a scheduling method follows an objective function, we only measure its runtime
of determining a feasible solution, rather than the optimal one to avoid any unfair comparison.
For the memory consumption, we track the maximum memory usage for each approach, setting a
4GB threshold to allocate enough RAM and avoid swap space use.

7.2.2  Results. Figure 10 displays how runtime and memory consumption vary with the increase
in the number of streams and bridges. Figure 11 presents two separate analyses focusing on the
correlation between algorithm runtime and various settings, as well as the correlation between
memory consumption and various settings, respectively. The Pearson correlation coefficient is
utilized to quantify the correlation in both analyses, indicating a positive correlation through red
color and a negative correlation through blue color. A high absolute correlation for a method
signifies its sensitivity to that particular factor, implying that targeted scalability enhancements
can be explored for that factor.

7.2.3  Discussion. Based on the above experimental results, we have two key findings on how
experimental settings and algorithm design affect the runtime and memory usage.

Overall trend. From Figure 10(a)-(b), as the number of streams increases, we observe a significant
rise in both the runtime and memory consumption for most methods. Specifically, the average
runtime of all methods increases from 9.3 minutes under 10 streams to 48.6 minutes under 220
streams. Likewise, the average memory consumption increases from 476 MB under 10 streams to
1800 MB under 220 streams. Interestingly, adding more bridges to the network has a limited effect
on the runtime. Overall, as shown in Figure 10(c), the runtime of most methods slightly increases
from 23.6 minutes with 8 bridges to 34.1 minutes with 88 bridges. Among them, FR-based methods
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only show a modest increase from 25.4 to 29.2 minutes, but JRS-based methods show a more
substantial rise from 19.2 minutes to 41.8 minutes.

Regarding the memory consumption as shown in Figure 10(d), it remains relatively steady for FR-
based methods with a slightly average increase of 183 MB when the number of bridges is increased
from 8 to 88. As an exception, JRS-based methods peak at an average of 2070 MB with 48 bridges
before dropping. These complex trends of memory and runtime along with the increased network
scale may be due to compound factors. For example, a larger network can extend routing paths,
thereby requiring more scheduling effort, but simultaneously reducing traffic density to lower the
chance of collisions. These observations suggest that a larger network size does not necessarily
result in a proportionally increased problem size, such as an increase in the number of decision
variables or constraints.

Finding 3. The increased workload poses a significant challenge to TSN scheduling, whereas the
increased network scale does not show proportional impact on the scalability.

Individual algorithms. We also explore potential scalability patterns and bottlenecks for indi-
vidual methods by analyzing their runtime and memory consumption correlation. As shown in
Figure 11, a common trend observed in all methods is a positive correlation between runtime and
memory consumption with the number of flows, frames, and utilization. However, distinct patterns
can also be observed for individual methods. For instance, the runtime of I-OMT exhibits higher
sensitivity to changes in the number of flows (correlation coefficient of 0.48) than its memory con-
sumption (correlation coefficient of 0.10). In contrast, SMT-FRAG demonstrates a more significant
increase in memory consumption when the number of flows is increased (correlation coefficient
of 0.90) compared to its runtime (correlation coefficient of 0.24).

7.3 Schedule Quality

In addition to the schedulability and scalability metrics, in this section, we also evaluate the solu-
tion quality of the 17 methods in terms of GCL length, end-to-end delay and jitter, link utilization,
and queue utilization. The delay and jitter are calculated from the packet-level TSN simulator we
implemented in Python.

7.3.1 Setup. In our experiment, we define the GCL length as the peak value, i.e., the number
of GCL entries for the port with the maximum value across the entire network. The average end-
to-end delay is calculated for all streams, denoted from the moment when its first bit leaves the
talker until the last bit is received at the listener. Similarly, we define the jitter as the difference
between the maximum and minimum delays for each frame in individual streams, then average
these values across all streams. Moreover, the link utilization is computed as the highest observed
ratio between the allocated window size and the network cycle across all links. Lastly, we analyze
the queue utilization, identifying the maximum required queues across all links.

Because individual methods can yield different feasible solutions due to their inherent schedu-
lability characteristics, it is challenging to compare the schedule quality without any bias. In our
evaluation results, we find that the GCL length and link utilization are highly sensitive to the
schedulability of the method. To tackle this problem, we define a rank-based metric that aims
to generate a more representative comparison utilizing all feasible solutions. The key idea is to
leverage the obtained performance of each method and the generality of each problem instance
to reduce the bias. Let M be the set of all methods, and for any given problem instance, S be
the subset of methods that produce feasible results. The rank, R(M), for a method M € S is
defined as R(M) = (|[M| — |S]) + r(M), where r(M) is the relative rank of method M within S
based on its performance, |M| — S| is the number of methods that fail to produce a feasible result.
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Fig. 13. (a) Rank distribution of the maximum GCL length among all the problem instances. Lower rank
indicates better performance (i.e., shorter GCL length); (b) Rank distribution of the maximum link utilization
among all the solvable problem instances for each method. Lower rank indicates better performance (i.e.,
lower link utilization).

Methods with identical performance will receive the same rank. The lower rank value indicates
better performance.

7.3.2  Results. Figure 13(a) illustrates the rank distribution of the maximum GCL length for
each method. The x-axis represents R(M), and the y-axis denotes the frequency of each rank oc-
curring in their feasible results. Figure 12 shows the average end-to-end delay and jitter values
across each method, which vary based on the stream set and network size. Figure 13(b) displays
the rank distribution of the peak link utilization of each method.

7.3.3  Discussion. Based on these results, we now discuss the schedule quality of each method.
GCL length. First of all, we find that methods based on the window-based model require fewer
GCL entries, resulting in shorter GCL lengths. For instance, as shown in Figure 13(a), the window-
based method AT mostly produces solutions with a low rank (< 5), reflecting its strict constraint
on the maximum number of windows per link. Another window-based method I-OMT aims to
minimize the number of GCL entries, and also shows a relatively low rank compared with oth-
ers. Secondly, we also observe that the JRS-based methods tend to have a lower rank, especially
compared to FRS-based methods, which rarely have instances with a rank of < 8. This is because
the routing decisions help balance the workload across the network, avoiding having high-volume
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traffic on a single link, which could lead to a large number of windows. In addition, beyond rank
distribution, our raw data shows that many frame-based methods, without optimizing GCL length,
result in over 2000 entries in some instances. This exceeds the usual maximum GCL length allowed
for TSN bridges, which is between 8 and 1024 [69].

End-to-end delay and jitter. For the overall trend, Figure 12(b) shows that the growing network
scale significantly increases the e2e delay from an average value of 92 us to 192 us when the
number of bridges is increased from 10 to 80, but the stream set scale, as shown in Figure 12(a),
has limited impact. Additionally, our results also confirm that the no-wait model can significantly
reduce the delay as expected compared with the window-based model, whereas the JRS model
incurs a higher delay than the FR model as expected. For the jitter, interestingly, Figure 12(c)(d)
shows a decreasing jitter when more streams or bridges are added to the network. We believe this
is due to the fact that a larger workload and network scale require tighter window size to ensure
schedulability, leading to a more deterministic schedule.

Link utilization. We find that the JRS model outperforms the FR model in managing link utiliza-
tion. In Figure 13(b), JRS-based methods (e.g., JRS-NW, JRS-WA, JRS-MC, and CG) exhibit lower
link utilization compared to FR methods due to their inherent load-balancing capacity. In addition,
the window-based method I-OMT tends to overcommit resources, as it frequently performs the
highest rank in link utilization compared to other methods.

Queue utilization. We also compare the queue utilization of each method. Our results find that
methods like JRS-WA, JRS-MC, and SMT-PRE, which are based on the unrestricted queuing model,
often require a large number of allocated queues to ensure schedule correctness.* This often sur-
passes the maximum number of available queues in our experimental settings. On the other hand,
the explicit queuing model and no-wait model have lower queue utilization because of their ex-
plicit queuing constraints.

Finding 4. Selecting an appropriate scheduling method is crucial for achieving the desired schedule
quality, as performance varies across methods. In general,

o Minimizing GCL length: Window-based methods (e.g., AT, I-OMT) tend to produce fewer
GCL entries due to their strict window constraints. However, they may use more resources in
some cases, which can cause higher link or queue utilization.

o Minimizing e2e delay: The no-wait model generally leads to shorter delays but may not be
as good at keeping the GCL length small. Besides, the JRS model may increase delay but balances
traffic load across multiple paths.

o Maximizing link utilization: Methods using JRS (e.g., JRS-WA, JRS-MC, CG) achieve lower
link utilization benefiting from load balancing. Using the shortest path routing might allocate
more unused bandwidth, leading to higher utilization.

o Minimizing queue usage: Methods with unrestricted queuing (e.g., JRS-WA, JRS-MC, SMT-
PRE) require more queues when map to TAS queuing model. If queue availability is limited, using
the explicit queuing or no-wait model is often more suitable.

8 Takeaway Lessons

We now highlight several key findings from our experiments and how they can guide real-world
TSN deployment.

Method Selection. Our experiments identified that selecting an optimal scheduling method in
a TSN network is challenging, and there is no single method that fits all scenarios. Based on our

“Here we assign each stream to a dedicated queue at each hop for unrestricted queuing, which follows a common practice.
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observations, we offer two suggestions: (1) If a specific optimization objective is in place, Finding
2 and Finding 4 can be used to guide algorithm and model selections. (2) If schedulability is the
only requirement without any specific optimization consideration, it is recommended to follow
a "simple-to-complex" principle when selecting a scheduling model to minimize the deployment
costs.

Traffic Adaptation. While selecting the appropriate scheduling method(s) can improve schedu-
lability, it remains difficult to ensure schedulability in all scenarios. For example, with more than
200 streams, all scheduling methods show low schedulability (less than 50%). When a valid sched-
ule cannot be found by any scheduling method, we recommend the following traffic adaptation
based on our observations: (1) Reducing the stream set size. This can be done by multiplexing
traffic streams into fewer higher rate traffic streams or changing some less critical streams from
TT-traffic to AVB or best-effort traffic. (2) Regulating the traffic period to be harmonic. This can
be achieved by rounding down the periods to the nearest common divisor. (3) Reducing the pay-
load size. This can be done by using more efficient encoding methods or changing the upper-layer
protocols.

Considering Hardware Restriction. Our experiment shows that certain scheduling methods
can produce GCLs with over 2,000 entries on a single bridge port, exceeding the typical hardware
limits of 1,024 entries [69]. Similarly, methods using unrestricted queuing (e.g., JRS-WA) may re-
quire more queues than are physically available. Overlooking these can lead to infeasible schedules
in real TSN devices.

9 Threats to Validity

To enhance the applicability of the outcomes in this study, we acknowledge several limitations in
the experiments.

9.1 Model/Algorithm Comparison

The primary goal of this study is to provide experimental evaluations for the existing 17 rep-
resentative TAS-based scheduling methods under various scenarios. The discussions on the
model/algorithm comparisons are based on the observations from the evaluation results of in-
dividual methods under practical experimental settings (e.g., timeout limit). Providing a thorough
independent model/algorithm comparison requires a completely different experiment design to
isolate model, algorithm, and implementation, which is beyond the scope of this study.

In addition, since TSN research has been explosive in recent years, we cannot include all the
methods in comparison. For example, only two window-based methods [46, 69] are considered,
and this is not sufficient to conclude the performance of the window-based model in general. Fur-
thermore, the experimental results of certain individual methods may not be sufficient to represent
the performance of the model/algorithm they employ. For example, AT and SMT-PREP are only de-
signed as proof-of-concept without the objective of improving the network performance. Similarly,
the efficiency of exact solutions may be improved using incremental scheduling or decomposition
approaches [34].

9.2 Individual Method Comparison

Although we employ well-designed experimental setups to ensure fairness, potential issues may
still exist.

Additional parameter settings. For the methods that require additional parameters (e.g., max
number of windows for AT), we set those parameters using the same settings as in the original
papers. However, the performance of individual methods may be further improved through
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fine-tuning the parameters, especially for the methods that are sensitive to certain parameter
settings, e.g., windows/fragmentations/preemptions setup in [47, 69, 110].

Implementation. For the implementation of each method, we employ the same tools (e.g., se-
lected solver) and follow the settings (e.g., constraints) in the original papers for fairness. How-
ever, we identify specific issues that could potentially limit the performance of certain methods:
(1) The solver selection and problem formulation significantly affect results. For example, the ob-
served low performance of JRS-NW-L may be attributed to the low efficiency of the Cplex ILP
solver in addressing logical constraints. Additionally, our analysis indicates that ILP formulations
are generally more efficient than SMT if multiple CPU cores are employed. (2) Some JRS methods
(e.g., JRS-WA and I-ILP) spend more time adding constraints on variables rather than searching for
solutions, especially with large problem instances.

9.3 Testbed Validation

There are also some potential issues on our testbed validation that may affect the practicality of
the results.

Customized Simulator. Our simulator is purpose-built to capture TAS gating mechanisms and
model scheduling behavior at a per-slot granularity. This approach ensures full control over imple-
mentation details and allows straightforward integration of testbed-derived delay measurements.
However, validating a custom simulator can be more challenging than relying on well-established
frameworks (e.g., OMNeT++ or NeSTiNg). To validate our simulator, we compared measured end-
to-end delays from our testbed to the worst-case delays generated by the simulator. While prelim-
inary results show consistency for the tested scenarios, some overlooked modeling nuances may
still remain.

Testbed Calibration. To obtain accurate delay calibration, we measure delays at the MAC layer
using hardware timestamping functions on both ESs and TSN switches. Recent studies [14] show
that additional system-level jitter (e.g., due to OS or driver activities) can cause sporadic delay
spikes. While we have eliminated many sources of jitter in our testbed environment, we acknowl-
edge that deeper system-level optimizations (e.g., low-latency kernels, CPU isolation) fall outside
the scope of this study.

Simulation/Testbed Cross-Validation. The delay results measured on the testbed did not exceed
the simulated worst-case delays. However, because our testbed scale (8 bridges, 8 ESs) is relatively
small, we acknowledge that larger-scale or more diverse scenarios may reveal additional insights,
which will be left as our future work.

10 Open Issues
10.1 Fair Performance Evaluation

Through our extensive studies on the 17 TSN scheduling methods, we find that the experimental
setting has a significant impact on the evaluation results. Thus we share the following takeaway
lessons on fair performance evaluation.

Parameter settings. For the sake of fair comparison, we propose two possible ways to avoid
bias. (1) Employ extensive experimental settings to include a broader range of stream set and
network settings, and resource constraints. In this way, we can better understand the overall
performance of a method and thus improve the fidelity and applicability of the evaluation. (2) If
the computational resources are limited for performing extensive experiments, an alternative way
is to select representative experiment settings based on real-world industrial scenarios or from
standards and profiles. For instance, [1, 26] offer realistic use cases that can serve as common
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evaluation scenarios. However, given the early stage of TSN-based research, the availability of
real-world industrial scenarios and standardized profiles is still limited.

Evaluation metrics. Another key takeaway is that evaluation metrics can introduce bias. For ex-
ample, we observed inconsistencies between the SR and SA metrics in our experiments. To reduce
bias, we provide the following two suggestions. (1) Use multi-dimensional metrics to assess the
algorithm performance, and ensure that these metrics are based on statistically significant data
rather than limited or skewed datasets. (2) Since different methods may not produce the same
known results (i.e., either schedulable or unschedulable) for the given problem instances, it is im-
portant to design metrics that are robust to these unknowns, leading to more accurate evaluation
results (e.g., using pairwise or rank-based comparisons metrics).

Experiment description. Another takeaway lesson is to provide a detailed description of the
experimental settings used in the evaluation. The absence of such information may lead to incon-
sistent results for researchers who would like to replicate the method. Below we summarize some
experimental settings that have a significant impact on the evaluation results and need to be ex-
plained in detail. (1) Model assumption. Instead of simply stating that “we compare with [22]",
it is better to clarify that “we adapt [22] to a partially schedulable model that incorporates frame-
isolation constraints. The Z3 solver is utilized with default configuration and without objective
function." (2) Stream set and network specification. It is crucial to present the detailed specifi-
cations, e.g., the stream period (deadline) range, stream payload, and how the problem instances
are sampled from specifications. (3) Evaluation metrics. It is important to specify how the eval-
uation metrics are measured. For example, is the delay measured starting from the time when the
frame leaves the ES or the time when it arrives at the first bridge? And, is the jitter calculated as
the standard variance in delay across all frames or the maximum difference in delay between any
two frames?

10.2 Algorithm Design

We also provide some insights and recommendations to guide future research on TAS-based
method scheduling design.

Real-world constraints. In our testbed validation, we identify several issues that prevent exist-
ing methods from ensuring e2e delay due to the ignorance of some practice constraints. (1) Co-
scheduling of data streams and synchronization messages. Collisions between TT traffic and PTP
messages can occur and cause synchronization error out of bound, resulting in network failure
or deadline miss of TT traffic. This is due to the fact that a max sync error is included in most
TSN network modeling. However, if synchronization cannot be achieved in the pre-defined period
due to collisions, a sync error will become larger than the max error during runtime. (2) ES may
impose stricter constraints than bridges due to their limited network processing capability. For
instance, we need to insert an inter-frame distance (around 50 ps) between TT frames to maintain
the packet order on the ESs, which is much larger than that on the bridges. This requirement on
ES is overlooked by most existing methods. (3) TSN bridge may be subject to a specific window
size bound in GCL; however, only a few methods consider this constraint by adding a granularity
variable to their models. If these factors are overlooked during the schedule generation, it may lead
to errors when directly deploying them to a real-world testbed. Hence, we suggest including these
real-world constraints in future studies to improve the practicality of the proposed scheduling
methods.

Performance optimization for specific scenarios. As we point out in the findings described
in Section 7, it is important to select the right model and scheduling method for performance
optimization under specific scenarios. Below, we summarize the pros and cons of certain models
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and methods observed from our experiments. First of all, simple models (e.g., no-wait model) or
heuristic approaches (e.g., the list scheduler) can achieve better performance for stream sets with
large workload. Second, methods based on the JRS model can be counter-effective in large-scale
network settings compared with the FR model due to its low efficiency. Third, enlarging the search
space on the ES side (fully schedulable/partially schedulable) could be more effective than on the
bridge side (no-wait/wait-allowed). Finally, the no-wait model is preferred if the number of queues
is restricted.

Automatic and intelligent model/method selection. Given all the challenges of performance
optimization in TSN scheduling as discussed above, it would be helpful to develop an easy-to-use
toolkit that is able to perform intelligent model/method selection and automatic schedule genera-
tion. Such a tool can significantly reduce the complexity of the scheduling method design for TSN
networks.

11 Conclusion and Future Work

The growing R&D interests in TSN aim to achieve ultra-low latency and deterministic commu-
nications over switched Ethernet networks. This article examines 17 state-of-the-art real-time
scheduling methods based on TAS and establishes a benchmark for performance evaluation using
various performance metrics. Comprehensive experiments are conducted using both high-fidelity
simulator and real-world testbed to compare these algorithms, highlighting their strengths and
weaknesses under various scenarios. This article aims to assist researchers in identifying the cur-
rent state and open problems in TSN scheduling algorithm design and implementation, offering
insights toward future TSN research and development.

For future work, we suggest the following research directions to further advance the field of
TSN real-time scheduling. First, the evaluation results suggest that combining heuristic and ex-
act algorithms offers a beneficial tradeoff between schedulability and scalability. This could be
a promising research direction, particularly if enhancements like a bounded schedulability ratio
or bounded runtime limits are incorporated in future studies. Second, most existing scheduling
methods focus on static scenarios, while dynamic scenarios are more common in real-world appli-
cations. Future research should investigate dynamic scheduling methods that can adapt to dynamic
network conditions and traffic patterns. Last but not least, there is an ever-growing need to incor-
porate fault tolerance requirements, mixed-criticality task sets, heterogeneous platforms as well
as high-level protocols like DDS and OPC-UA, into TSN-enabled applications and thus requires
new design methods for TSN real-time scheduling.
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