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Motivation

• Complex manufacturing 
systems suffer from long 
cycle times
• In automative manufacturing lead 

times can vary from few weeks to 
months 

• To improve the service level, cycle 
times need to be minimized and the 
lead times need to be picked properly

The structure of  the paint shop in the Ford Otosan 
automotive production plant
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Motivation

Notation Description

𝑥 The design variable of  interest for the 

production system including the number of  

servers in each station, the service 

discipline, …

𝐶 𝑥 The total cost of  design 𝑥

𝐶𝑇 𝑥 The total cycle time for design 𝑥

𝐿𝑑 The lead time

𝛼 The service level.

• To solve this optimization problem, 
the distribution of   𝐶𝑇 𝑥  needs 
to be determined/approximated 
reliably

• This can be achieved by modeling 
the system as a queueing network
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Queueing Network Analysis

• How complex queueing systems can 
be analyzed?
• Exact solution

• State space explosion

• 1000 steps → size of  state space: 𝑁1000

• Simulation
• Too slow for optimization

• Could be as slow as the real system!

• Decomposition
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Queueing Network Analysis

• Decomposition (Kuehn 1979)
• Delay (𝑢 =

𝜆𝑎

𝜆𝑠
 ):

𝐶𝑇𝑞 =
𝑐𝑣𝑎

2 + 𝑐𝑣𝑠
2

2

𝑢

1 − 𝑢

1

𝜆𝑠

𝑐𝑣𝑑
2 = 𝑢2𝑐𝑣𝑠

2 + 1 − 𝑢2 𝑐𝑣𝑎
2

• Split
𝑐𝑣𝑑

2 = 𝑝 𝑐𝑣𝑎
2 + 1 − 𝑝

• Merge

• The explicit formulas are too long to fit here
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Queueing Network Analysis

• Drawbacks of  decomposition with 
analytical models
• Real world systems have correlated 

processes and the i.i.d. assumption is 
restrictive

• The first come first serve (FCFS) 
sequencing rule is restrictive
• Service in random order (SIRO) can better 

model sequencing based on unobservable 
features

• Shortest processing time first (SPT) gives better 
cycle times

• Solution?
• Machine learning
• Pre-trained models
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Machine Learning for Queueing Network Analysis

• How can machine learning be used 
for analyzing networks of  queues?
• Analysis of  each node

• Simulation can be used for generating 
training data

• Pre-trained machine learning models

• Curse of  dimensionality
• High performance clusters 

• Sampling

Arrival 

process (a)

Service 

times (s)

Cycle 

time

Departure 

process (d)

𝝀𝒂 𝒄𝒗𝒂 𝝀𝒔 𝒄𝒗𝒔 𝑬 𝑪𝑻 𝝀𝒅 𝒄𝒗𝒅

0.5 1 1 1 ? ? ?

𝑓𝐸 𝐶𝑇 𝜆𝑎, 𝑐𝑣𝑎, 𝜆𝑠, 𝑐𝑣𝑠 = 𝐸 𝐶𝑇
𝑓𝜆𝑑

𝜆𝑎, 𝑐𝑣𝑎, 𝜆𝑠, 𝑐𝑣𝑠 = 𝜆𝑑

𝑓𝑐𝑣𝑑
𝜆𝑎, 𝑐𝑣𝑎, 𝜆𝑠, 𝑐𝑣𝑠 = 𝑐𝑣𝑑
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Machine Learning for Queueing Network Analysis

• How can machine learning be used 
for analyzing networks of  queues?
• Analysis of  each node

• Simulation can be used for generating 
training data

• Pre-trained machine learning models

• Curse of  dimensionality
• High performance clusters 

• Sampling

Arrival 

process (a)

Service 

times (s)

Cycle 

time

Departure 

process (d)

𝝀𝒂 𝒄𝒗𝒂 𝝀𝒔 𝒄𝒗𝒔 𝑬 𝑪𝑻 𝝀𝒅 𝒄𝒗𝒅

0.5 1 1 1 ? ? ?

0.2 1 2 1 0.55 0.2 1

0.3 1 1 1 1.42 0.3 1

0.1 1 2 1 0.52 0.1 1

𝑓𝐸 𝐶𝑇 𝜆𝑎, 𝑐𝑣𝑎, 𝜆𝑠, 𝑐𝑣𝑠 = 𝐸 𝐶𝑇
𝑓𝜆𝑑

𝜆𝑎, 𝑐𝑣𝑎, 𝜆𝑠, 𝑐𝑣𝑠 = 𝜆𝑑

𝑓𝑐𝑣𝑑
𝜆𝑎, 𝑐𝑣𝑎, 𝜆𝑠, 𝑐𝑣𝑠 = 𝑐𝑣𝑑
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Machine Learning for Queueing Network Analysis

• How can machine learning be used 
for analyzing networks of  queues?
• Analysis of  each node

• Simulation can be used for generating 
training data

• Pre-trained machine learning models

• Curse of  dimensionality
• High performance clusters 

• Sampling

Arrival 

process (a)

Service 

times (s)

Cycle 

time

Departure 

process (d)

𝝀𝒂 𝒄𝒗𝒂 𝝀𝒔 𝒄𝒗𝒔 𝑬 𝑪𝑻 𝝀𝒅 𝒄𝒗𝒅

0.5 1 1 1 ? ? ?

0.2 1 0.8 1 1.66 0.2 1

0.3 1 0.8 1 2 0.3 1

0.4 1 0.8 1 2.5 0.4 1

0.5 1 0.8 1 3.33 0.5 1

0.6 1 0.8 1 5 0.6 1

0.2 1 0.9 1 1.42 0.2 1

0.3 1 0.9 1 1.66 0.3 1

0.4 1 0.9 1 2 0.4 1

0.5 1 0.9 1 2.5 0.5 1

0.6 1 0.9 1 3.33 0.6 1

0.2 1 1 1 1.25 0.2 1

0.3 1 1 1 1.42 0.3 1

0.4 1 1 1 1.66 0.4 1

0.5 1 1 1 2 0.5 1

0.6 1 1 1 2.5 0.6 1
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Building the Method Based on Supervised Learning

• Data requirement for the blocks with 
new parameters for first lag 
autocorrelation 𝜌𝑎  and the number of  
servers 𝑁
• For the delay block: 9 × 14 × 9 × 1 × 14 ×

9 × 1 = 142884 ~ 1 year

Parameter Range

𝜆𝑎 {0.1, 0.2,...,0.9}

𝑐𝑣𝑎 {0.1,...,1.4}

ρ𝑎 {−0.4,...,0.4}

𝜆𝑠 {1}

𝑐𝑣𝑠 {0.1,...,1.4}

ρ𝑠 {−0.4,...,0.4}

𝑁 {1}
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Building the Method Based on Supervised Learning

• The blocks used 
in decomposition
• Delay

• Split

• Merge

• Batching

• We use Gaussian 
process 
regression (GPR)

11

Features Responses 
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Building the Method Based on Supervised Learning

• The algorithm
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Building the Method Based on Supervised Learning

• The algorithm
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Building the Method Based on Supervised Learning

• The algorithm
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Building the Method Based on Supervised Learning

• The algorithm
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Building the Method Based on Supervised Learning

• The algorithm
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Building the Method Based on Supervised Learning

• The algorithm
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Building the Method Based on Supervised Learning

• How complex queueing systems can be 
analyzed?
• Decomposition

• Drawbacks of  decomposition with analytical 
models
• Real world systems have correlated processes

• The FCFS sequencing rule is restrictive
• SIRO can better model sequencing based on 

unobservable features

• SPT gives better cycle times

• Solution?
• Machine learning

• Pre-trained models → SLQNA (Supervised 
Learning based Queuing Network Analyzer)
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Assessing the performance of  SLQNA

• Serial lines
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Parameter Range

𝜇𝑎 {0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9}

𝜇𝑠 {1}

𝑐𝑣𝑎 , 𝑐𝑣𝑠 0.4, 0.6, 0.8, 1.0, 1.2

𝜌𝑎 , 𝜌𝑠 −0.4, −0.3, −0.2, −0.1, 0, 0.1, 0.2, 0.3, 0.4

𝑁 5,10,15,20,25

Range of  parameters used for the serial line experiments with 
homogeneous stations
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Assessing the performance of  SLQNA

• Comparison with other methods (where it applies)
• Analytical models (QNA) (Kuehn 1979)

• Cannot consider autocorrelation

• Assumes the FCFS discipline 

• MAPs (MAPQNA) (Horváth et al. 2010)

• Parameter fitting for MAPs can be slow

• The matrix geometric method can be slow

• Assumes the FCFS discipline 

• Robust queuing (Rob-QNA) (Whitt and You 2020)

• Cannot incorporate service time autocorrelation

• Assumes the FCFS discipline
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Assessing the performance of  SLQNA

• Serial lines

• SLQNA is fast, accurate, versatile

21

Accuracy of  different methods in predicting the cycle time for 
the production line experiments

Mean absolute value percentage error:

MAPE =  
𝑪𝑻− ෢𝑪𝑻

෢𝑪𝑻
× 100
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Future Work

• Extensions in the time-dependent queueing area

• Time-dependent queueing networks

• Analysis of  SPT time-dependent queues

• Extensions in stationary setting

• Analysis of  finite-buffer queueing networks

• Extension to energy control

• Strategic queues and MNL

• Systems with complex control policies
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Thank you!
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Appendix
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Appendix

• Time Performance of  SLQNA
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