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Abstract

The notion of synchronization in logistics is distinct from that encountered in the natural sci-

ences and, in particular, in physics where synchronization rather means that the different

parts of the system operate in unison. In logistics, synchronization is often associated with a

‘just in time’ paradigm in supply and production systems. A perfect logistics synchronization

therefore is that the activity in a process triggers activity in a neighboring process without

delay or queuing. Globally, this type of synchronization can be envisioned as a wave of

activity running through the logistics chain. Our goal is a deeper theoretical understanding of

these two types of synchronization, i.e. physics synchronization and logistics synchroniza-

tion, as well as their interplay in the context of production systems where both types may

coexist. We employ a minimal model of propagating excitations (representing machine

activity) in a graph (representing a production network where each node is a machine). We

evidence a strong change in the relationship between the two types of synchronization as a

function of two parameters: the machine setup time and the random machine activation rep-

resenting scheduling conflicts. Comparison of numerical results with pair-approximation

mean-field predictions gives mechanistic insights into the synchronization behavior. Using

robustness against network connectivity failures as a performance indicator, we find that,

depending on the dynamical regime and network architecture, both logistics and physics

synchronization can serve as easy-to-measure indicators of systemic performance.

Author summary

Synchronization in production systems is seen as having either a positive effect, as it leads

to streamlined workflows, minimized variability, and optimized resource utilization, or a

negative effect, as it may render production systems more susceptible to disruption. We

address this debate by analyzing synchronization in a network of machines using a mini-

mal model of machine activity. We distinguish two types of synchronization, one relying

on sequential activation of machines and implementing a ‘just in time’ paradigm found in
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logistics, the other based on parallel activation of machines and closer to the notion of syn-

chronization found in physics. We study the coexistence of these two types of synchroni-

zation as a function of two parameters: the machine setup time and the conflicts with

other jobs running on the same machines, resulting in random activation. Our results

show both an antagonistic relationship between the two forms of synchronization at low

conflict rate and long setup times, and a correlated relationship at high conflict rate or

short setup times. Using the average activity change under edge removal as a key perfor-

mance indicator (KPI), we find a similarly rich dependence of this indicator as a function

of the system parameters.

Introduction

In natural sciences, the term ‘synchronization’ is understood in relation to the parts of a system

and their respective rhythms. It is one of the best investigated phenomena in the theory of

dynamical systems with prominent modern contributions by [1–3] and many others [see also

[4, 5]]. One of the most established definitions is given by [5] where it is stated that synchroni-

zation is “the adjustment of rhythms due to interaction”. [6] defined synchronization similarly

“as the capacity of objects of different nature to form a common operation regime due to inter-

action or forcing”. These definitions are used to describe synchronization phenomena in vari-

ous disciplines with the common feature that different types of objects or systems exhibit a

harmonious ensemble behavior triggered by some interaction. For instance, synchronization

of a system of coupled nonlinear oscillators is defined as all oscillators operating in unison. It

emerges when the coupling strength is higher than a critical value. Using the vocabulary from

the theory of self-organization (see, e.g., [7]) and from synergetics (see, e.g., [8]), the amount

of synchronization can be seen as the order parameter of the system. Under the change of a

control parameter (the coupling strength), the order parameter changes discontinuously. The

term “emergence” precisely implies this spontaneous onset of a particular pattern (in this case,

synchronization), when a control parameter is changed. The recent review article on one of

the most important minimal models of synchronization, the Kuramoto model, shows the wide

range of applications of synchronization [9]. For example, over the last few years, this notion

of synchronization has become a new key approach for understanding extended failures in

power grids and for designing robust power grid systems [10, 11].

The concept of synchronization can also be envisioned in the context of logistics, however

major differences appear. Production companies constantly seek for new approaches to suc-

cessfully deal with the complex and dynamic framework conditions arising from global mar-

kets and competition. The dissemination of powerful information and communication

technology makes the resulting cost and quality differences more transparent to the (end-)cus-

tomers. This leads the attention of production managers towards acknowledged logistics per-

formance parameters, namely lead time, inventory levels, due date reliability, capacity

utilization as well as more innovative measures, such as flexibility and robustness [12–19].

Many production companies have introduced concepts such as Lean Management and Just-

in-Time to reach the necessary operational excellence and high flexibility reflected by low

inventory levels, short lead times and high due-date reliability [20]. Within the mindset of the

lean management philosophy, how the optimal timing of material flows across logistics systems

improves logistics performance is perceived to be one “key to competitiveness and survival”

[see for instance [21]]. A wide range of research activities on coordinated material flows

emerged in the fields of production logistics and supply chain management [14, 15]. Several
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authors have shown that a proper coordination can improve the performance and efficiency of

logistics and manufacturing systems [see for instance [21–23]]. In these research streams, syn-

chronization is thus defined as the coordination of material flows between manufacturing or

logistics systems. For instance, in job-shop environments, synchronization of material flows is

expected to reduce work-in-process inventories and lead times [14, 15] and thus to increase

manufacturers’ due-date performance [12, 13].

Moreover, two contrasting approaches (‘push’ and ‘pull’) are used to manage the flow of

materials and products across the production process. In a ‘push’ system, production is based

on demand projections or predetermined schedules and products are produced and supplied

in anticipation of demand. This forward wave of activity thus involves proactive production in

anticipation of future demand. A ‘pull’ system follows the ‘just-in-time’ model, where goods

are produced only when there is a demand or an order, and materials and supplies are ordered

only when needed. This backward wave of activity involves reacting to real time demand sig-

nals triggering upstream processes.

One example of synchronization in logistics systems is the production synchronous supply,

known as just-in-time delivery, and is an integral part of the lean management philosophy.

Pre-assembled modules and systems, such as doors, seats or engines, are produced and deliv-

ered only with a few hours’ notice from the supplier to the original equipment manufacturers

[24, 25]. Another example of synchronization in manufacturing systems is the paced assembly

line. This specific delivery concept is the counterpart of an example of synchronization in

manufacturing systems- the “takted” (rhythm) assembly line. Both concepts first emerged in

automotive industry and are increasingly implemented in aviation, machinery and electronics

industry and also, in an adapted form, in the distribution networks of fast-moving-consumer-

goods industry. In a takted assembly line, all workstations have the same amount of time to

execute a specific set of tasks allocated to them [26]; this takt or cycle time acts as the pace-

maker and allows the products to move “in sync”. In this respect, synchronization in logistics

and manufacturing can be associated with flow orientation, as already pointed out by [27] in

his landmark book Toyota Production System, referring to just-in-time manufacturing as “this

flow”.

In logistics and manufacturing, the logistics synchronization or sequential coordination is

perceived as a system characteristic actively created and desired. It is perceived to have mainly

positive effects on the system performance. Although many authors have also shown that there

are drawbacks arising from close coupling of takted assembly lines [28, 29] and global produc-

tion systems [see for instance [30–32]], synchronization is mainly perceived as a positive sys-

tem feature, as indicated by the wide application of lean manufacturing principles [see for

instance [33]].

In [34], it was first observed that physics synchronization strongly affects these common

features of logistics systems: For the case of train schedules, the authors showed that high syn-

chronization often goes along with high efficiency, but low robustness. In the broader context

of logistics systems, physics synchronization has been applied to traffic light control [35, 36]

and to diverse collective patterns emerging in the self-organization of traffic [37–39]. In [40],

traffic control and the control of production systems are compared from the perspective of

physics synchronization. These findings on negative effects of synchronization question the

well-accepted assumption that logistics synchronization leads to higher efficiency in

manufacturing systems.

An important development over the last 15 years in the theory of synchronization has been

the wide range of studies about synchronization in complex networks. Tight relationships

have been discovered between the synchronizability of networks and the global architectural

features of the network: the network’s topology [41]. For instance, quasi-stable states at
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intermediate synchronization levels have been discovered and topologically understood in

hierarchical graphs [42]. For interdependent networks, a novel theoretical framework has been

formulated over the last few years in the context of statistical physics, which has a high poten-

tial of application to manufacturing systems. A striking work [43] has shown how interdepen-

dencies of networks drastically enhance their vulnerability to random failures [see also [44–

46]].

The two types of synchronization, namely logistics and physics synchronization, are easy to

measure in standard production (machine activity) data. There is evidence relating logistics

synchronization with due-date reliability [47] and physics synchronization with vulnerability

[34]. Also the impact of production parameters on both types of synchronization has been

studied in detail [48]. However, the basic question, whether these two quantities are typically

mutually exclusive or can jointly occur in a system, has not been addressed. Here we study the

generic relationship between the two types of synchronization in a simple dynamical model,

propagating excitations in a graph, mimicking machine activity in a production network. In

the following, we thus study the general relationship between the two types of synchronization

keeping in mind that there is no ‘conservation law’ here regarding the amount of activity in

the network, so that physics and logistics synchronization are not interlinked in a zero-sum

game. In particular, we investigate numerically which type of synchronization dominates as a

function of the two main parameters of the model: machine setup time, described via the

recovery probability p after an active phase, and conflicts with other production tasks or alter-

native products manufactured on the same production line, represented by the rate of sponta-

neous activation, f.
Using pair approximation, we derive mean-field expression for logistics and physics syn-

chronization measures, and study how these mean-field proxies are affected by parameter

changes. Comparison of these mean-field proxies with simulation results give mechanistic

insights into the synchronization behavior.

Furthermore, we study the impact of these distinct types of synchronization on our proxies

of key performance indicators. Lastly we outline how our findings can be subsequently vali-

dated using empirical data.

Methods

SER model

Minimal models have been used for long in theoretical physics and the field of complex sys-

tems to capture the determinants of a real world system as seen in works by [49] and [50].

Even though a detailed, parameter-rich and high-dimensional model is essential for realistic

predictions and accurate planning of manufacturing processes, minimal models incorporating

only the dominant mechanisms and a small number of parameters are needed for understand-

ing the generic properties common to manufacturing systems. The minimal model of activity

in a logistic network used here is a 3-state stochastic cellular automaton with two parameters:

the recovery probability p (representing machine latency or machine setup time) and the rate

of spontaneous machine activation f, representing (an often small percentage of) random

orders being processed in the same production network or baseline activity. The machine

setup time is the duration needed to prepare a machine for its next production run after it has

completed the last part of the previous run. The stochastic recovery process with probability p
yields a geometric distribution of setup times with average 1/p and standard deviation
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð1 � pÞ

p
=p. This model has been originally studied as a model of self-organized criticality in

[51], and later been applied to address abstract questions of excitable dynamics on graphs in

[52]. Each node (i.e., each machine) in the network can be in a susceptible (or idle) state S, or
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an excited (or active) state E, or a refractory (or resetting) state R. The update rules are the

following:

(1) A node in the susceptible state S changes into an excited node E if one or more of its

neighbors is excited. Alternatively, a node can go from S to E in a stochastic way with a given

rate of spontaneous activation, f. (2) A node in the excited state E changes into a node in the

refractory state R. (3) A node in the refractory state R changes into a node in the susceptible

state S in a stochastic way with a given recovery probability p.

The SER model used here is conceptually similar to the well-known class of toy models

used in the study of epidemic propagation (see [53]), like SIS, SIR and SIRS. However, in the

SER model the transmission of activity is deterministically controlled by neighboring nodes

with the exception of random spontaneous excitations acting as noise, whereas in the SIR

models excitation transmission is stochastic and characterized by a transmission probability.

Another difference is that machine recovery is a probabilistic step in the SER model, and not

in the the SIR models.

Fig 1 displays a sketch of the two different types of synchronization that can be observed in

this minimal model, and interpreted as the notions of logistics and physics synchronization

described in introduction. Each network in the diagram represents a production network at

different time points, in which each node represents a work station. The nodes are updated

synchronously according to the above rules. Physics (parallel) synchronization originates from

simultaneous activation of machines in the network whereas logistics (sequential) synchroni-

zation arises from the sequential activity and trigger of nodes by the previous node, represent-

ing an upstream machine. For the quantitative analysis, we single out excited states, and map

the local state of node i at time t to {1, 0} where 1 denotes excitation (state E) and 0 denotes no

excitation (states S or R), in order to obtain a new time series composed of 0 and 1.

Measure for the two types of synchronization

Logistics and physics synchronization have been previously quantified in [47], as follows.

Fig 1. Schematic representation of physics (parallel) and logistics (sequential) synchronization arising in a minimal model of excitable dynamics on

graphs.

https://doi.org/10.1371/journal.pcsy.0000033.g001
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Measures for logistics synchronization. Logistics synchronization is defined as the coor-

dinated activity of machines that are linked by material flows.

A proper measure has to describe how much activity in a machine has been triggered by the

upstream machine. The quantification of logistics synchronization from [47] can be adapted

to numerical simulations of the above-described SER model in the following way. The stan-

dard cross-correlation between the activity of machine i and the activity of machine j is com-

puted as:

ci;jðtÞ ¼
1

N � t

XN� t

t¼1

it � �i
si

� �
jtþt � �j
sj

 !

; ð1Þ

where �i;�j and σi, σj are the mean and standard deviation of the time series at nodes i and j
respectively, while the parameter τ is the time delay and N is the length of the time series.

The maximal value over the time delay τ of these cross-correlation coefficients is computed

for all pairs of machines in the network, including the unconnected pairs:

c∗i;j ¼ max
t>0
jci;jðtÞj: ð2Þ

For a system to exhibit high logistics synchronization, the machines that are connected to each

other (the edges representing a material flow i! j between the machines i, j) should be more

synchronized than the unconnected machines. The logistics synchronization index is thus for-

mulated as the ratio between the cross-correlation averaged over the L connected pairs of

machines and the cross-correlation averaged over the M possible pairs a, b:

sL ¼

1

L

P
i!jc

∗
i;j

1

M

P
a;bc∗a;b

; ð3Þ

where M ¼ zðz� 1Þ

2
, z is the total number of machines in the network. For the SER model used

here, the main contribution to the cross-correlation c∗ij, comes from time delays τ = 1, corre-

sponding to repeated observations of sequential activation of the nodes i and j. The logistics

synchronization index σL quantifies the excess in sequential activation of connected nodes,

compared to random pairs of nodes in the network. This normalization avoids spurious sensi-

tivity when the number of non-connected machines is small. It corresponds to what in neuro-

science [54] and other fields [55] is referred to as the agreement between structural and

functional connectivity (or SC/FC correlation). The definition of logistics synchronization has

been designed ([47]) for general production data. Values can be interpreted as measuring the

excess in correlation for connected pairs of machines, compared to all machine pairs. A value

of 1 + q, q> 0 thus indicates that connected machines show sequential activation 100q percent

more often than random pairs of machines.

Measure for physics synchronization. In the present context, physics synchronization is

defined as the parallel activity existing in the production network when machines are activated

in unison. We adapt the quantification of physics synchronization described in [47] to the sim-

ulations in the following way: The phases are obtained by mapping the differences between

order arrival times to a phase interval of 2π. Namely, the phase of machine n at a given time

point tl is calculated as

�
n
l ¼ 2p

tl � tðnÞj

tðnÞjþ1 � tðnÞj

; ð4Þ

where tðnÞj is the last operation start time before time tl and tðnÞjþ1 is the first operation start time
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after time tl. The physics synchronization index is then calculated as:

sP ¼
1

z

Xn¼z

n¼1

ei�nl

�
�
�
�
�

�
�
�
�
�
: ð5Þ

Mean-field analysis

We have developed two mean-field approaches (standard and pair-approximation) to describe

analytically how state densities depend on the parameters of excitable dynamics.

These approaches have been previously described in [56], and here adapted for the analysis

of synchronization. Comparing mean-field predictions with numerical simulations of SER

dynamics on graphs provides a mechanistic insight, of which features and patterns of the

dynamics can be explained without taking into account correlations between the nodes, or

only pairwise correlations. The nodes of the (undirected and unweighted) graph in the present

dynamical model can be in states S, E and R. A first point in the mean-field approach is to

describe the system in terms of the probability of each local state, in a space-implicit descrip-

tion. These probabilities are identified with 1-node densities:

caði; tÞ ¼ Prob½siðtÞ ¼ a�; ð6Þ

where si(t) denotes the state of node i at discrete time t with α = S, E or R. Standard (first-

order) mean-field approach assumes that node states are independent (i.e. correlations

between nodes are completely ignored) and that cα does not depend on the node i. We denote:

yðtÞ ¼ ½1 � cEðtÞ�: ð7Þ

The first mean-field approximation identifies the probability that a neighbor is not excited

with the average and node-independent quantity 1 − cE(t). According to the second approxi-

mation (homogenization), the degree of each node is replaced with the average degree of the

network denoted by hki. The closed set of evolution equations for the 1-node densities are

[56]:

cEðt þ 1Þ ¼ cSðtÞ½f þ ð1 � f Þ½1 � yðtÞ<k>
��

cRðt þ 1Þ ¼ cEðtÞ þ ð1 � pÞcRðtÞ

cSðt þ 1Þ ¼ pcRðtÞ þ ð1 � f ÞyðtÞ<k>cSðtÞ:
ð8Þ

S1 Fig illustrates these equations in the form of a transition graph among the SER states. The

pair-approximation (second-order) mean-field approach still assumes spatial homogeneity,

but now pair correlations are considered. We introduce pair densities, identified with joint

probabilities according to:

ca;bði; j; tÞ ¼ Prob½siðtÞ ¼ a; sj ¼ b�: ð9Þ

A first mean-field approximation assumes that ca;bði; j; tÞ ¼ cnn
a;b

for any pair of nearest neigh-

bors on the graph (nodes connected by a direct link). The correlations between the target node

and its other neighbors (on average hki − 1 neighbors) are taken into account but the correla-

tions between these neighbors are neglected. The equations of evolution involve the auxiliary
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quantity:

ΘnnðtÞ ¼ 1 �
cnnSE

cnnS ðtÞ

� �

¼ 1 �
cnnSE

cnnSE þ cnnSR þ cnnSS

� �

: ð10Þ

Pair densities being symmetric (i.e., cnnSE ¼ cnnES), only six equations are required (cf. the corre-

sponding formalism in [56]:

cnnE;Sðt þ 1Þ ¼ pcnnS;RðtÞ½f þ ð1 � f Þð1 � ½ΘnnðtÞ�<k>� 1
Þ�

þ ð1 � f ÞcnnS;SðtÞ½Θ
nn�

<k>� 1

½f þ ð1 � f Þð1 � ½Θnn�
<k>� 1

Þ�

cnnE;Rðt þ 1Þ ¼ cnnS;RðtÞð1 � pÞ½f þ ð1 � f Þð1 � ½Θnn�
<k>� 1

Þ�

þ cnnE;SðtÞ½f þ ð1 � f Þð1 � ½Θnn�
<k>� 1

Þ�

cnnS;Rðt þ 1Þ ¼ cnnS;RðtÞð1 � pÞð1 � f Þ½Θnn�
<k>� 1

þ ð1 � pÞpcnnR;RðtÞ þ pcnnE;RðtÞð1 � f Þ½Θnn�
<k>� 1cE;SðtÞ

cnnE;Eðt þ 1Þ ¼ cnnS;SðtÞ½f þ ð1 � f Þð1 � ½Θnn�
<k>� 1

Þ�
2

cnnR;Rðt þ 1Þ ¼ ð1 � pÞ2cR;RðtÞ þ 2ð1 � pÞcE;RðtÞ þ cE;EðtÞ

cnnS;Sðt þ 1Þ ¼ p2cnnR;RðtÞ þ 2pð1 � f Þ½Θnn�
<k>� 1cnnS;RðtÞ

þ ð1 � f Þ2½Θnn�
2ð<k>� 1ÞcnnS;SðtÞ:

ð11Þ

Adding these equations shows that the conservation of cnnS;SðtÞ þ cnnR;RðtÞ þ cnnE;EðtÞ þ 2cnnE;SðtÞ þ
2cnnE;RðtÞ þ 2cnnS;RðtÞ is ensured at any time t, equal to 1 if satisfied at time t = 0. The equation for

cE,R(t + 1) (i.e. a connected pair of nodes in states (E, R) at time t + 1) contains three terms: the

probability that (E, R) is reached from (S, R), the first one becoming spontaneously active and

the other not recovering; the probability that (E, R) is reached from (S, R), the first one becom-

ing excited due to its excited neighbors and the other not recovering; and the probability that

(E, R) is reached from (S, E), the first one becoming active and the other entering the refractory

state. Fig 2 illustrates these equations in the form of a transition graph among pair states. Each

circle represents the state of two nodes and the arrows represent the change of states. The

quantities ES and EE have been highlighted along with their corresponding mean-field equa-

tions, as the comparison with synchronization measures will be built around them.

Results

Relationship between the two types of synchronization

We investigated the general relationship between the two types of synchronization, namely

logistics and physics synchronization, in particular which type of synchronization dominates

in which region of parameter space {p, f}. We used the simple computational model of

machine activity in a production network described in Methods. We first considered a Bara-

basi-Albert (BA) graph [57] graph with 100 nodes and m=3 (number of edges attached from

each added node during graph generation). Fig 3 illustrates the different relationship between

physics and logistics synchronization for two distinct parameter settings (both at high average

setup time for machines, i.e., low recovery probability p = 0.15). Fig 3a shows that there exists a

clear anti-correlation between logistics and physics synchronization at this low recovery prob-

ability and low rate of conflicts with other production tasks or alternative products
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(represented by spontaneous activation with rate f) (p = 0.15, f = 0.001). The results are drawn

from running simulations on one BA network for 40 runs. The results also hold when we use

different 100-node BA graphs for each run of SER dynamics (S2 Fig). This implies that activity

organizes itself either into markedly synchronous or markedly sequential activity, but not

both. However, when only increasing the rate of spontaneous activation (f = 0.1), the two types

of synchronization become independent (zero correlation) or are slightly positively correlated

Fig 3. Scatter plots of physics synchronization and logistics synchronization. (a) Synchronization values observed for recovery probability p = 0.15 and

rate of spontaneous activation f = 0.001. (b) Synchronization values for p = 0.15 and f = 0.1. Each point in the graph represents the value for one network

realization of a 100 node BA graph with m = 3, the same network is used for all the 40 runs involved in the computation of synchronization measures.

https://doi.org/10.1371/journal.pcsy.0000033.g003

Fig 2. Evolution of pair densities resulting from pair-approximation (second-order) mean-field SER dynamics. Each circle represents a possible

state of a pair of nodes and arrows represent state transitions. The cases ES and EE are emphasized with their evolution equations. The quantity

Θnn(t) is given in Eq 10.

https://doi.org/10.1371/journal.pcsy.0000033.g002
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as shown is Fig 3b, suggesting that the relationship between the two quantities indeed depends

on the details of the activity regime.

When plotting the system state as a function of time across all nodes (arranged linearly in a

random order), one can see the qualitative change in the pattern of activity. The two space-

time plots Fig 4 display two extreme (and opposite) values of physics and logistics synchroniza-

tion under the same parameter setting p = 0.15, f = 0.001 and different runs. The figure visually

evidences that in case of high physics (parallel) and low logistics (sequential) synchronization

values (Fig 4a), the system has prolonged areas of no activity during which it remains mostly

susceptible, leading to greater value of co-activation in fixed intervals. On the other hand, in

Fig 4b for low physics synchronization (bottom panel), we can see that activity level remains

mostly stable (and high) across all time points, leading to greater sequential activation values.

For a further understanding, we simulated the dynamics for different recovery probabilities

under different rates of spontaneous activation as presented in Fig 5, where the correlation

coefficient between physics and logistics synchronization, denoted by rLP, is shown. Looking at

the correlation values for different values of recovery probabilities with respect to different rate

of spontaneous activation f, some systematic trends in the relationship between the two quanti-

ties become discernible. For a lower value of spontaneous activation (f = 0.001) and higher val-

ues of recovery probability (p = 0.3 to 1.0), the range of values for the physics synchronization

index across different runs becomes very narrow (see Fig 3b and S2 Fig). Physics

Fig 4. Space-time plot showing the state of the nodes (vertical axis) across time (horizontal axis) in a 1000 steps simulation of SER dynamics on a

100-node BA graph. (a) shows a realization for high physics and low logistics synchronization, whereas (b) shows a realization for a low physics and high

logistics synchronization. The two panels illustrate two extreme situations originating from two different runs at fixed rate of spontaneous activation

f = 0.001 and recovery probability p = 0.15. The first 300 time steps have been discarded as transient.

https://doi.org/10.1371/journal.pcsy.0000033.g004
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synchronization is there coincidental, and the observed synchronization level depends only on

the activity level in the network, which is roughly identical across different runs at fixed p and

f. The residual fluctuations within this narrow range are indicative of a small residual flexibility

in the excitation distribution (nodes in state E) at a given activity level. In this way, there is

enough stochasticity to compute a non-trivial (non vanishing) correlation. This correlation

takes a weak positive value.

Our simulation results show that random spontaneous activation with rate f, representing

disruptions of the standard production plan, indeed changes the relationship between the two

types of synchronization in a qualitative fashion, i.e. from a negative (either/or) relationship at

low f (low disruption level) to independence at high f (high disruption level). These transitions

have been better realized in the form of a heatmap (Fig 6), where the transition of negative cor-

relation to uncorrelated/ weak positive correlation can be clearly seen for different values of f.
Based on the changes in the two types of synchronization with the parameters of the SER

model and the information contained in the space-time plots on Fig 4, we can summarize our

physical intuition about these processes as follows: With increasing p the dynamics undergo a

transition from perpetually re-initialized dynamics via spontaneous activation (from a net-

work state where all nodes are in S state) to self-sustained activity. This transition has been

studied in the SER model before [58–60]. Re-initialized dynamics result in high physics syn-

chronization: synchronous groups of nodes due to distance from a random excitation trigger-

ing a wave of activity in the system. Self-sustained activity results in high logistics

synchronization: many local wave fronts meandering through the system without interfering

and thus contributing to a strong enhancement of sequential activation along the edges of the

graph. At low p an increase in f can trigger a similar multi-wavefront pattern and hence a tran-

sition from high physics to high logistics synchronization.

A key insight in the interpretation of logistics synchronization is its association with the

presence of collective, self-organized activity waves in the network. We have quantitatively

Fig 5. Correlation between logistics and physics synchronization as a function of recovery probability p. (a) shows the correlation for a low rate of

spontaneous machine activation f = 0.001 (b) shows the correlation for a high rate of spontaneous machine activation f = 0.1. Pearson and Spearman

correlations have been calculated from 40 runs of SER dynamics on the same BA graph with 100 nodes and m=3. The mean and standard deviation

(hatched zones) has then been calculated by repeating the same experiment 30 times.

https://doi.org/10.1371/journal.pcsy.0000033.g005
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assessed this association using a method introduced in [61]. It involves the auxiliary notion of

link usage asymmetry, defined as the bias, at a link of the graph, of excitation propagating in

one direction and in the other direction. The presence of wave patterns propagating from a

hub is then evidenced as the alignment of the link usage asymmetries with the orientation of a

link to the set of nodes with the highest degree, called hub-set orientation prevalence in [61].

Wave pattern strength is simply measured as the Pearson correlation coefficient between these

two quantities. The scatterplot of logistics synchronization against wave pattern strength dis-

played in Fig 7 shows a clear positive correlation. So, indeed, high logistics synchronization

goes along with stronger self-organized excitation waves in the graph.

Influence of network architecture

In this section we explore the synchronization patterns arising in different network architec-

tures with respect to the parameters p and f. In S2 and S3 Figs the physics and logistics syn-

chronization measures are studied individually as a function of the parameters (p and f). For

our study we use BA and ER graphs as representations of two extremes in production network

architectures: In ER graphs [62] all nodes have very similar degrees, while in BA graphs the

process is centered around a few high-degree nodes, the hubs of the production system. These

basic models have been used quite widely in the study of production systems ([63–65]) and are

introduced in S1 Appendix. S3 Fig presents our results for BA [57] graph. We observe that the

region of very low p shows a markedly different behavior. This is less pronounced the larger

the network is, and stronger in BA graphs than in ER graphs. As production networks are

often not very large (they are often on the scale of a few tens to a few hundreds of nodes) such

effects can be important in realistic settings. S4 Fig represents our results for an ER graph

Fig 6. A heatmap showing the correlation between logistics and physics synchronization across a range of values of p and

four values of f. The transition of negative correlation to uncorrelated/weak positive correlation can be clearly seen for the

different values of f. The network used is a BA graph with 100 nodes and m = 3. Pearson correlation has been computed from 40

individual runs on the same network realization, followed by averaging over 30 such numerical experiments.

https://doi.org/10.1371/journal.pcsy.0000033.g006
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which are in very close agreement with the results from BA graph. The two types of synchroni-

zation deviate from the general trend in a highly sensitive parameter space region, correspond-

ing to low machine recovery probability (p� 0.2) and low rate of spontaneous machine

activation (f).
In several recent investigations it has been studied, how co-activation (the main driver of

physics synchronization) and sequential activation (the mechanism underlying logistics

synchronization) are changing as a function of network architecture and the dynamical pro-

cesses at work. While there is no all-encompassing theory relating these two quantities, a

few general principles have emerged: On a local scale and near the deterministic limit of the

dynamics, the topological overlap (i.e., the normalized number of common neighbors of

two nodes) is determining co-activation ([66]). Across a range of dynamics, the agreement

between structural connectivity and co-activation patterns (SC/FCc) vs. sequential activa-

tion patterns (SC/FCs) tends to behave antagonistically: if one is high, the other is low [55].

BA graphs tend to have strong (SC/FCs), while ER graphs tend to have stronger (SC/FCc)

[60]. Co-activation and sequential activation are obviously pairwise approximations of the

actual levels of synchronization in the system. We can resort to the mean-field analysis

described above to assess, how well these ‘local proxies’ describe the two types of

synchronization.

Fig 7. Scatterplot of logistics synchronization and wave pattern strength. Time series of 5000 steps have been

simulated on 20 different BA graphs (number of nodes N = 100, connection parameter m = 5) for f = 0.005 and p
ranging from 0.05 to 1 (varied in steps of 0.05). Wave pattern strength has been computed according to [61] with a hub

set size of N/2. The correlation coefficient between logistics synchronization and wave pattern strength is 0.66.

https://doi.org/10.1371/journal.pcsy.0000033.g007
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Application to real data

Our synchronization study has been carried out on real-life production network using data-

sets from two manufacturing companies named as Company A and Company B. Company A

has 50 nodes, 667 edges while Company B has 65 nodes and 179 edges. These companies have

already been part of the set of networks studied in [47] which helps in transferring our hypoth-

esis from synthetic models to real world production networks and thus strengthening our find-

ings. Fig 8 shows our findings on these real production networks. A shift from high negative

correlation (between physics and logistics synchronization) to weak correlations is seen in

across values of recovery probability p for f = 0.001, similar to our findings on synthetic

models.

Mean-field analysis results

Comparing mean-field predictions with numerical results provide a mechanistic insight of

which features and patterns of the dynamics can, or cannot, be explained by taking into

account pairwise correlations alone, following the methodology presented in [56]. In our

Fig 8. Correlation between logistics and physics synchronization as a function of recovery probability p in real production networks. (a) company A

network (b) company B network for low spontaneous machine activation rate f = 0.001 (left) and high rate of spontaneous machine activation rate f = 0.1.

(right). The mean and standard deviation (hatched zones) has then been calculated by repeating the same experiment 30 times. Note that the range can end

slightly below −1 in some cases due to the definition of the hatched zone (mean ± standard deviation).

https://doi.org/10.1371/journal.pcsy.0000033.g008
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simulations, the initial condition has been taken at random, with equal fractions of susceptible

(S), excited (E) and refractory (R) nodes spanning the graph. A highly connected ER graph

with 100 nodes and 500 edges with recovery probability p=0.3 and rate of spontaneous activa-

tion f=0.01, is used. All the spatio-temporal correlations and network heterogeneities are by

construction taken into account in the simulation. We here present the investigation for pair

densities cE,E and cE,S. S5 Fig shows a simulated time course of these two pair densities (after

discarding initial transients) as well as a moving average. The simulated densities lies around

the stationary-state mean-field prediction, with some slight fluctuations of relatively low

amplitude. The comparison of the numerically simulated stationary state and its mean-field

prediction is presented in Fig 9 for various values of the recovery probability p and a rate of

spontaneous activation f=0.01. Fig 9a shows that pair-approximation mean-field equations are

successful in predicting the co-activation of nodes as described by the pair density cE,E, while

Fig 9b shows the same agreement for sequential activity in the network, as described by the

pair density cE,S. This agreement supports that pair correlations between neighboring

machines fully determine these pairwise quantities.

Proxies for the two types of synchronization

In the previous section, the numerical implementation of the SER model displayed a shift from

positive to negative correlation between logistics and physics synchronization when dynamic

parameters p and f vary. The mean-field analysis now offers the possibility to identify mean-

field representations (‘proxies’) of the synchronization measures.

(i) Logistics synchronization. As defined in the previous section, logistics synchronization is

sensitive to the flow of activity from one machine to another in a production network. It is

therefore natural to associate logistics synchronization with the pair density cE,S:

sL � cE;S; ð12Þ

Fig 9. Value of pair densities. (a) cE,E (b) cE,S obtained in the simulation, and the steady-state solution of mean-field Eq 11 (given in red) for varying

values of the recovery probability p. Error bars on simulation points have been obtained from the last 500 time steps of a 1000 time-step simulation

starting from random initial conditions.

https://doi.org/10.1371/journal.pcsy.0000033.g009
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where σL is the logistics synchronization index and cE,S the probability that in a pair of

neighbors, the first node is excited (state E) and the other is in the susceptible state S.

(ii) Physics synchronization. Physics synchronization is related to the co-activation of

machines in the system. It is thus natural to associate physics synchronization with the pair

density cE,E:

sP � cE;E; ð13Þ

where σP is the physics synchronization index, cE,E denotes the probability that in a pair of

neighbors, both nodes are simultaneously excited (state E).

To explore how well these mean-field proxies give access to the actual synchronization

behavior, we run the simulation on two different kinds of graphs, ER random graphs and BA

scale-free graphs, and the logistics and physics synchronization measures are compared with

their respective mean-field proxies.

S6 Fig shows that the proxy cE,E is positively correlated with physics synchronization mea-

sure σP for the vast range of recovery probability p = 0.2 to 1.0, while it differs for the lower

range p = 0.02 to 0.1. S7 Fig shows that the proxy cE,S is positively correlated with logistics syn-

chronization for lower values of recovery probability p, while for higher values the relationship

shifts towards an anti-correlation. The discrepancy between mean-field proxies and simulated

synchronization measures is more marked for BA graphs, as expected since the wide degree

distribution of BA graphs is not consistent with the mean-field approximation of spatial

homogeneity, in particular replacing the degree of each node with the average degree hki.
In conclusion, mean-field proxies for synchronization measures display a discrepancy with

the numerical implementation of the SER dynamics, showing that higher-order correlations

and spatial inhomogeneities are centrally involved in the synchronization behavior at low val-

ues of the recovery probability (p< 0.2). These insights agree with our physical understanding:

determinant spatial inhomogeneities are typically a center node from which a wave of activity

is triggered (in particular in re-initialized dynamics from a network state with all nodes in

state S) while higher-order correlations (i.e. involving more than two nodes, in clusters or

along paths of the network) are determinant in self-sustained activity.

Robustness

As a final step, we briefly explored the relationship between synchronization measures and

performance indicators. A well-functioning production network has to fulfill the product

demand or jobs at the correct time. Quality is measured using key performance indicators, or

KPIs, which demonstrate the flexibility, stability, agility of a production system. As an example,

we here set out to define and understand the systematic relationship between the flow- and the

system- oriented notion of synchronization, i.e. logistics and physics synchronization, and its

relation to robustness.

Robustness of a network can be defined as the ability of the system to maintain its function-

ality and performance despite the fact the a part of the network has been damaged due to ran-

dom disruption or attacks [67]. Attacks on a system can be either be natural attacks or targeted
attacks which could disrupt the functioning of the system. An example of these two kinds of

attacks can be explained with respect to a car production factory. A natural failure occurs,

when a job shop fails to produce the required part of a car leading to delayed production,

while a targeted attack can be explained as an attack on the key software by enemies to hack

into the system causing breakdown. For the scope of this study, we have considered attacks or

disruptions to be only natural in nature to express them in our minimal model of machine
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activity two primary mechanisms can be used: we can use removal of nodes or removal of

edges to replicate breakdown of flow in a production system. Here for our investigation we

have used the latter. A simple representation of performance is to compute the average change

in machine activity under removal of an edge. A deletion of an edge represents a disruption in

machine network, i.e. machine activity at one edge will not trigger activity at the other. Aver-

age excitation change can thus serve as a performance indicator of synchronized production

systems since it shows the system’s response to disruptions. In our simple model, high changes

in average machine activity under link deletion suggest that the activity pattern is not structur-

ally robust and hence indicative of systemic vulnerability. We numerically observe that syn-

chronization can serve as an indicator of such vulnerability, with high logistics

synchronization being associated with smaller change in average excitation density, while

under certain parameter conditions physics synchronization being associated with higher

average change. By monitoring synchronization, we can thus estimate the robustness of the

overall system. A more detailed mechanistic understanding of this relationship would require

more refined models of machine activity. The impact of edge deletion on machine activity will

strongly depend on the precise position of the edge in the network (see [68–70], as examples of

edge importance studies). As we are rather interested in global effects, we average over all

edges in the graph and compare this average change in activity in a network with average

change in synchronization measures accompanying it. In our analysis we have taken 40 ER

graphs and ran the SER dynamics on them. Simultaneously we have used the mechanism of

edge removal and systematically deleted every edge (one at a time) such that at every point in

time the graph has one edge missing. Then we have computed for each graph (1) logistics syn-

chronization, (2) physics synchronization, (3) excitation density for the unperturbed graph

and (4) the average excitation density under removal of a single edge. In this way we can com-

pare the average change in excitation density upon edge removal with both types of synchroni-

zation. The experiment is then conducted across 30 runs and we then plot the correlations

between the average excitation change and logistics synchronization (represented by rEL) as

well as physics synchronization and average excitation change (represented by rEP) for varying

recovery probabilities and machine activity. Fig 10 summarizes the results of this numerical

experiment over a wide range of machine recovery probability p and two values of random

spontaneous machine activation f = 0.001, 0.1 respectively.

The first plots of Fig 10 respectively (left) shows that for low recovery probability (p=0.1)

and low rate of spontaneous machine activation (f=0.001), change in excitation density

matches both logistics and physics synchronization, which suggests that higher logistics syn-

chronization is associated with a more stable and resilient systems. When physics synchroniza-

tion increases so does average excitation change suggesting the system’s sensitivity to network

changes. On increasing the value of recovery probability p, the change in excitation densities

matches only physics synchronization. In case of a high rate of spontaneous machine activa-

tion (f = 0.1), even for small recovery probabilities average excitation change is no longer gov-

erned by logistics synchronization. Physics synchronization exhibits a negative relationship

with average excitation change for higher values of recovery probability irrespective of the rate

of machine activity.

Conclusion and outlook

In this study we have shown that there exists a dual parameter-dependent relationship between

logistics and physics synchronization. The results show a shift from positive to negative corre-

lation between the two types of synchronization as a function of production settings, which

can be exploited in monitoring the production systems.
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The two extreme cases of network architectures studied here, scale-free graphs (BA graph)

and random graphs (ER graph), are both quite similar in the relationship between physics and

logistics synchronization when the two parameters of the model are varied. This suggest that

structural differences like bottlenecks (hubs) through which a huge number of production

steps run) and more distributed production networks, where all machines have essentially the

same level of specialization and task distribution (nodes all having a similar degree in the cor-

responding network abstraction) do not qualitatively affect synchronization behavior. The

only difference between these network architectures is the higher sensitivity to spontaneous

activation in BA graphs compared to ER graphs in the low-p regime.

Fig 10. Correlations between average excitation change upon edge removal and synchronization measures. (a) Correlation rEL between average

excitation change and logistics synchronization for rate of machine activation f=0.001 (left) and f = 0.1. (right) (b) Correlation rEP between average

excitation change and physics synchronization for rate of spontaneous machine activation f=0.001 (left) and f = 0.1 (right). Simulations have been

performed on an ER graph with 100 nodes and 500 edges for varying values of the recovery probability p. Error bars on simulation points have been

obtained from 50 runs for each type of correlation (Pearson or Spearman).

https://doi.org/10.1371/journal.pcsy.0000033.g010
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Our investigation furthermore points to the importance of latency time distributions (in

our model governed by the recovery probability p). An increase in p leads to an increase in the

positive correlation value between logistics and physics synchronization. A mean-field analysis

of the dynamic model has helped to understand the two types of synchronization more deeply.

Mean-field solution agrees with numerical results for pair densities, showing the mechanistic

origin of their value in pairwise correlations between neighboring machines. In contrast,

mean-field proxies for synchronization measures display a discrepancy with simulations,

showing that higher-order correlations and spatial inhomogeneities are centrally involved in

the synchronization behavior. This insight agrees with our physical understanding: determi-

nant spatial inhomogeneities are typically a center node from which a wave of activity is trig-

gered, while higher-order correlations (i.e. involving more than two nodes) are determinant in

self-sustained activity.

For industrial practice, our results offer indicators how activity patterns are affected by the

design of the production network as well as its planning and control. Though using directed

graphs would align more closely with the real, sequential nature of production and logistics

processes, undirected graphs can effectively model production and logistics networks too by

capturing mutual dependencies and simplifying system-wide analyses of connectivity and

robustness. It allows a view of synchronization and coordination, particularly useful for sys-

tems that prioritize timing over strict flow direction and offer a streamlined representation for

early-stage planning and structural insights. Thus, our minimal model can be used to pursue a

range of further research questions: (1) The sequential activation matrix asymmetry [61] can

be an indicator of the establishment of waves and perhaps even the establishment of well-

defined paths through the system, which could indicate the emergence of a product portfolio.

(2) In our study, we have considered the overall logistics synchronization of a system. How-

ever, considering it as a function of individual nodes (machines) would help understand vul-

nerabilities at production paths. In general, path selection heuristics and product portfolio

diversity can prove to be new avenues of graph-theoretical methods in industrial production.

The phenomenon of synchronization in a minimal model of machine activity can further

be developed to incorporate more key performance indicators (KPIs) of the system. We here

have studied only the effect of synchronization on one such key performance indicator, i.e.,

robustness. Simulation studies concentrating on recording excitation frequencies of the nodes

could be used to systematically include idle time in the study. A higher excitation density of

nodes in a stylized version could represent minimized idle time of machines. Also, the effect of

synchronization on input-output correlations could suggest the capacity of the system to

enhance the due date reliability of the system. The study uses a stylized version of a production

process. The dynamic rule governing the states of nodes relies on the foundation that every

machine available for work (susceptible) goes into the excited state to process the order. How-

ever the model does not take into account the probability of machine failure i.e. it doesn’t

account for the case in which the machine available for a job breaks down and again enters the

maintenance (refractory) state. In our further studies we would like to include machine failure

probability pR and study the general trends of synchronization in such a setting.

Another aspect worthwhile to pursue is the comparison with discrete event simulation

(DES) which is frequently used to study manufacturing systems. The DES results can be used

directly to validate the results from the minimal model described here on the relationships

between the various types of synchronization and logistics performance indicators. In combi-

nation, the minimal model results and a future DES validation will form the basis for a mecha-

nistic understanding of the interplay between function and emergence of synchronization in

manufacturing systems.

PLOS COMPLEX SYSTEMS Just in time vs. all in sync: Two types of synchronization in industrial production

PLOS Complex Systems | https://doi.org/10.1371/journal.pcsy.0000033 February 18, 2025 19 / 24

https://doi.org/10.1371/journal.pcsy.0000033


Supporting information

S1 Appendix. Definition of BA and ER graphs.

(PDF)

S1 Fig. State transitions in the SER model and the standard (first-order) mean-field

expressions governing them, with θ(t) = [1 − cE(t)].

(PDF)

S2 Fig. Scatter plots of physics synchronization and logistics synchronization. Synchroniza-

tion values observed for recovery probability p = 0.15 and rate of spontaneous activation

f = 0.001. Each point in the graph represents the value for one network realization of a 100

node BA graph with m = 3, different networks have been used for 40 runs involved in the com-

putation of synchronization measures.

(PDF)

S3 Fig. Logistics and physics synchronization measures σL and σP as a function of the

recovery probability p in a BA graph. The network is a BA graph with 100 nodes and 291

edges, and p is varied from 0.05 to 1.0 with steps of 0.05. The rate of spontaneous activation f
was fixed, and three different values 0.001, 0.01, 0.1 have been considered. The mean and stan-

dard deviation (hatched zones) have been calculated by repeating the same experiment 30

times.

(PDF)

S4 Fig. Logistics and physics synchronization measures σL and σP as a function of the

recovery probability p in an ER graph. The network contains 100 nodes and 500 edges,

where p is varied from 0.05 to 1.0 with steps of 0.05. The rate of spontaneous activation f has

three different values 0.001, 0.01, 0.1. The mean and standard deviation (hatched zones) have

been calculated by repeating the same experiment 30 times.

(PDF)

S5 Fig. Mean-field pair densities cES, cEE and their simulated counterparts on a connected

random graph. Simulation has been performed with a spontaneous activation rate f = 0.01, a

recovery probability p = 0.3, on a random graph (Erdős-Rényi) with 100 nodes and 500 edges.

The figure displays the simulated time course of the pair density (highly fluctuating orange

line), its moving average (blue curve) and the steady-state solution of mean-field equations in

red. The time window of the moving average is two.

(PDF)

S6 Fig. Physics synchronization vs. its mean-field proxy. Comparison between physics syn-

chronization and cE,E for (a) an ER graph (b) a BA graph. Each point on the graph represents

one network realization of a single value of recovery probability p, where p ranges from 0 to 1

in steps of 0.02. The rate of spontaneous excitation is f = 0.001. The dashed line facilitates read-

ing by connecting the values for ascending values of p.

(PDF)

S7 Fig. Logistics synchronization vs. its mean-field proxy. Comparison between logistics

synchronization and cE,S in (a) an ER graph (b) a BA graph. Each point on the graph represents

one network realization of a single value of recovery probability p, where p ranges from 0 to 1

in steps of 0.02. The rate of spontaneous excitation is f = 0.001. The dashed line facilitates read-

ing by connecting the values for ascending values of p.

(PDF)
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S1 Video. SER dynamics on a BA graph with recovery probability p = 0.1 and rate of spon-

taneous machine activation f = 0.001.

(MP4)

S2 Video. SER dynamics on a BA graph with recovery probability p = 0.8 and rate of spon-

taneous machine activation f = 0.001.

(MP4)

S3 Video. SER dynamics on a BA graph with recovery probability p = 0.1 and rate of spon-

taneous machine activation f = 0.1.

(MP4)

S4 Video. SER dynamics on a BA graph with recovery probability p = 0.8 and rate of spon-

taneous machine activation f = 0.1.

(MP4)
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60. Hilgetag CC and Hütt MT. Hierarchical modular brain connectivity is a stretch for criticality. Trends in

cognitive sciences, 2014; 18(3):114–115. https://doi.org/10.1016/j.tics.2013.10.016 PMID: 24268289
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