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Abstract: This study jointly optimizes task assignments, worker crews and sequences in cooperative mixed-model assembly 
lines with correlated task times. A lognormal common-factor model represents within-product dependence, and a tail-bottleneck-
guided adaptive neighborhood search minimizes the conditional value-at-risk of normalized cycle-time overruns under fixed 
staffing. Crews and orders are committed before uncertainty is realized; task starts depend on predecessor completion. Seven 
methods are evaluated through twenty runs on each of 48 instances extended from eight public precedence graphs. Complete 
enumeration and an independent SimPy model verify small-instance solutions and execution consistency. At 2000 candidate 
evaluations, ALNS-R reduces mean out-of-sample CVaR by 20.70% relative to deterministic balancing. Product-stream CVaR 
decreases by 16.08%, while normalized throughput increases by 0.56% in relative terms. Correlation and budget analyses delimit 
these gains, including nonsignificant comparisons and nonmonotonic scenario-count effects. 

Keywords: Mixed-model assembly line balancing; cooperative tasks; correlated task times; conditional value-at-risk; adaptive 
neighborhood search; discrete-event simulation. 

 

1. Introduction 
Mixed-model assembly line balancing allocates tasks while 

respecting technological precedence and station resources; 
established classifications and methods are reviewed in [1-3]. 
In cooperative operations, participating workers must start 
and finish a task together. Station completion therefore 
depends on resource contention and synchronization as well 
as total labor content. 

Previous studies provide complementary foundations for 
these decisions. Two-sided U-shaped and mixed-model 
parallel two-sided layouts are addressed in [4,5], while 
collaborative mixed-model balancing using deep 
reinforcement learning is examined in [6]. Other 
contributions consider multi-manned balancing and within-
station scheduling [7,8], or mixed-model lines with walking 
workers [9]. These formulations motivate a representation 
that specifies both task allocation and the workers available 
for each operation. 

Processing-time uncertainty further couples balancing and 
execution. Relevant approaches include stochastic multi-
manned balancing [10], chance constraints [11], line-level 
reliability methods [12], robust optimization [13] and 
simulation-based rebalancing [14]. Here the concern is the 
interaction between correlated processing times and 
simultaneous worker occupation under an explicit 
synchronous transfer rule. A common product-level 
disturbance may affect several assigned tasks, while a 
cooperative task also waits until every crew member is free. 

Building on these formulations, this study combines 
correlated times, simultaneous crew occupation and line-level 
tail risk in an executable scheduling model with crews and 
task orders fixed in advance. A bottleneck-guided search is 
evaluated against six alternatives, while continuous product 
streams assess whether improvements in sampled tail risk 
translate into more reliable cycles and higher average 
throughput. 

2. Risk Model 
The line contains 𝐾 sequential stations and three product 

models. Each station has four fixed workers, two in each of 
two skill categories. Task 𝑖 requires skill 𝑒௜ and 𝑝௜ ∈ ሼ1,2ሽ 
workers; preemption, splitting and mid-task replacement are 
prohibited. A two-worker task lasting 𝑡  consumes 2𝑡  labor 
units. There are no intermediate buffers; handling, setup and 
walking times are ignored. Products enter independently 
according to the specified mix. Different products are 
independent, while tasks in the same process group of one 
product share a disturbance. Every method uses the same 𝐾 
stations and 4𝐾 workers, including idle workers. 

A solution 𝐴 ൌ ሺ𝒂, 𝐺, 𝜋ሻ specifies station assignments 𝑎௜, 
fixed crews 𝐺௜  and a global topological order 𝜋 . Let 
𝑊ሺ𝑘, 𝑒ሻ  be the workers of skill 𝑒  at station 𝑘 . Crews and 
relative resource orders remain fixed across models and 
scenarios. Cross-station predecessors are completed upstream 
before a product arrives. The set 𝐻௜ሺ𝐴ሻ  contains task 𝑖 ’s 
direct technological predecessors at its station and each crew 
member’s preceding task in 𝜋 . Start, finish and station 
completion times follow 

 

 
𝑠௜ሺ𝐴, 𝜔ሻ ൌ max൫ሼ0ሽ ∪ ሼ𝑓௝ሺ𝐴, 𝜔ሻ: 𝑗 ∈ 𝐻௜ሺ𝐴ሻሽ൯,

𝑓௜ሺ𝐴, 𝜔ሻ ൌ 𝑠௜ሺ𝐴, 𝜔ሻ ൅ 𝑡௜௠ሺ𝜔ሻ.
   (1) 

 
 𝐶௞ሺ𝐴, 𝜔ሻ ൌ maxሺሼ0ሽ ∪ ሼ𝑓௜ሺ𝐴, 𝜔ሻ: 𝑎௜ ൌ 𝑘ሽሻ.  (2) 

 
Since every predecessor occurs earlier in 𝜋 , decoding is 

acyclic. Shared workers execute tasks sequentially, 
cooperative crews start and finish together, and starts depend 
only on completed predecessors. This policy is non-
anticipative. For the precedence edge set 𝐸  and product-
model set 𝑀, feasibility requires 

 

 
𝑎௜ ∈ ሼ1, … , 𝐾ሽ,

𝑎௜ ൑ 𝑎௝, 𝜋ሺ𝑖ሻ ൏ 𝜋ሺ𝑗ሻ,  ∀ሺ𝑖, 𝑗ሻ ∈ 𝐸.     (3) 
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𝐺௜ ⊆ 𝑊ሺ𝑎௜, 𝑒௜ሻ,  |𝐺௜| ൌ 𝑝௜,

max
௠∈ெ

𝐶௞ሺ𝐴, 𝝁௠ሻ ൑ 𝑇,  ∀𝑘 ∈ ሼ1,… , 𝐾ሽ.    (4) 

 
Thus, precedence, skills, crew size and nominal cycle time 

are enforced; stochastic overruns enter the objective. Mean 
processing times are 𝜇௜௠, and the coefficient of variation is 
𝑣 . For a fixed process group 𝑔ሺ𝑖ሻ , independent standard 
normal group factors 𝑍௚ and individual factors 𝜖௜ give 

 

 
𝑡௜௠ ൌ 𝜇௜௠exp ቄ𝜏ൣඥ𝜌 𝑍௚ሺ௜ሻ ൅ ඥ1 െ 𝜌 𝜖௜൧ െ

ఛమ

ଶ
ቅ ,

𝜏 ൌ ඥlnሺ1 ൅ 𝑣ଶሻ.
   (5) 

 
Conditional on the model, within-group correlation is 

ሾexpሺ𝜌𝜏ଶሻ െ 1ሿ/ሾexpሺ𝜏ଶሻ െ 1ሿ , and between-group 
correlation is zero. The latent-normal parameter 𝜌  changes 
dependence without changing marginal distributions; model 
mixing can add unconditional dependence. 

A scenario 𝜔 contains the models and task durations of the 
distinct products occupying the stations. All stations transfer 
synchronously after their work is complete and the target 𝑇 
has elapsed. Transfer period 𝑃 and normalized overrun loss 
𝐿 are 

 

 
𝑃ሺ𝐴,𝜔ሻ ൌ maxሼ𝑇, 𝐶ଵሺ𝐴, 𝜔ሻ, … , 𝐶௄ሺ𝐴, 𝜔ሻሽ,

𝐿ሺ𝐴, 𝜔ሻ ൌ
௉ሺ஺,ఠሻି்

்
.

 (6) 

 
Using the CVaR representation [15], with auxiliary 

threshold 𝜂  and excess losses 𝜉௦ , the population objective 
and its approximation with 𝑆 scenarios are 

 

min
஺

CVaRఈሺ𝐿ሻ ൌ min
஺,ఎ

ቄ𝜂 ൅
Eሾሺ௅ିఎሻశሿ

ଵିఈ
ቅ        (7) 

 

min
஺,ఎ,𝝃

 𝜂 ൅
ଵ

ሺଵିఈሻௌ
∑ 𝜉௦ௌ
௦ୀଵ ,

s.t. 𝜉௦ ൒ 𝐿ሺ𝐴,𝜔௦ሻ െ 𝜂, 𝜉௦ ൒ 0,  𝑠 ൌ 1,… , 𝑆.
  (8) 

 
Optimization satisfies Eqs. (3)-(4). With 𝛼 ൌ 0.90 and 𝑆 

a multiple of ten, sample CVaR equals the mean of the largest 
10% of sampled losses. 

3. Adaptive Search 
An initial topological sequence selects eligible tasks by 

positional weight: the model-mix-weighted mean time of the 
task plus all successors. Stations are divided by cumulative 
labor time, single-worker tasks alternate between eligible 
workers, and nominal search provides a shared feasible start. 
Four operators, following the adaptive-search framework [16], 
relocate a task, switch a single worker, swap adjacent tasks 
without a precedence edge, or perturb two to four tasks 
around a selected station. Relocation ranges are updated from 
immediate predecessor and successor station indices. Focused 
perturbation also switches a single-worker assignment with 
probability 0.5; nominal feasibility is checked before scenario 
evaluation. 

For scenarios in the largest-loss decile Tail, the station with 
maximum completion time is recorded, with ties resolved by 
the smallest station index. Additive smoothing yields the 
sampling probabilities 

 

𝑏௞ ൌ
଴.଴ଵା∑ ଵೞ∈Tail ቊ௞ୀarg max

ೕ
஼ೕሺ஺,ఠೞሻቋ

଴.଴ଵ௄ା|Tail|
        (9) 

 
After station selection, at most ten attempts locate a task 

assigned there; otherwise a random task is retained. Operator 
weights start at one and are updated every 100 evaluations as 
𝑤௤ ← 0.8𝑤௤ ൅ 0.2ሾ0.1 ൅ ℎ௤/maxሺ1, 𝑐௤ሻሿ, where 𝑐௤ is usage 
and ℎ௤ scores five points for a new overall best or one for 
improvement only over the current solution. Counts reset 
after updating. Annealing temperature decreases 
exponentially from 0.04 to 0.001, with a return to the best 
solution every 400 evaluations. 

ALNS-R uses Eq. (9); ALNS-U samples stations uniformly; 
SA uses only the first three single-move neighborhoods. In-
sample scenarios remain fixed, and solutions are selected 
without test results. Infeasible candidates count toward 𝑁max; 
initial and restart reevaluations are separate. 

Let 𝑛 ൌ |𝐼| be the task count and 𝑑 the mean number of 
within-station direct predecessors. Structural checks take 
𝑂ሺ𝑛ଶሻ  time. Scenario recursion adds 𝑂ሺ𝑆𝑛ሺ𝑑 ൅ 2ሻ ൅ 𝑆𝐾ሻ , 
and sorting losses takes 𝑂ሺ𝑆log𝑆ሻ . Their sum bounds one 
complete candidate evaluation. 

Bottleneck frequencies guide the offline search rather than 
task dispatch during production. Once a solution is chosen, 
neither its crews nor its resource order can react to a future 
duration. Fixed training scenarios make candidate 
comparisons consistent within a run; an independent test set 
assesses the selected solution after search. The algorithm 
updates the best solution whenever its training objective 
improves and returns that solution at the candidate limit, 
including when the final current solution is worse. 

4. Computational Experiments 
Design and verification. Eight public graphs [17] are used: 

MITCHELL (21 tasks), GUNTHER (35), HAHN (53), 
TONGE70 (70), ARC83 (83), LUTZ3 (89), ARC111 (111) 
and BARTHOLD (148). Three seeds and cooperative 
proportions 𝑝 ൌ 0.2,0.4  give 48 instances. Model-specific 
times, skills, crew sizes and process groups are synthetic 
extensions. Base times are scaled to mean ten; models 2 and 
3 multiply model-1 times by independent uniform factors on 
ሾ0.8,1.2ሿ. Mix probabilities are 0.5, 0.3 and 0.2. Two skills 
and four process groups are assigned uniformly. The first 
roundሺ𝑝𝑛ሻ  tasks in a random permutation require two 
workers; paired proportions share all remaining attributes. 

Set 𝐾 ൌ ⌈𝑛/8⌉ and 𝑇 to 1.03 times the maximum model 
completion time of the best solution from 8000 nominal 
evaluations. Main settings are 𝑣 ൌ 0.20 , 𝜌 ൌ 0.50 , 𝑆 ൌ
300 and 10000 independent test scenarios. DET minimizes 
maximum nominal completion time; IND minimizes CVaR 
assuming 𝜌 ൌ 0 ; MEAN minimizes expected loss under 
correlation; SA, ALNS-U, ALNS-R and GA minimize 
correlated-time CVaR. Each method runs twenty times per 
instance with 𝑁max ൌ 2000, giving 6720 searches. All share 
resources, starting solutions and a fixed seed protocol. Python 
3.12 and Numba implement the methods. 

GA uses 24 individuals, three-way tournaments, crossover 
probability 0.8, precedence and station repair, one to three 
mutation moves, and worst-member replacement with elitism. 
Population evaluations beyond the shared initial solution 
count toward the budget. On four two-station BOWMAN8 
cases with two cooperative tasks, complete enumeration 
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covers 16 ൈ 16 ൈ 64 ൌ 16384  representations per case. 
Exact 300-scenario CVaRs are 0.153379, 0.197417, 0.226884 
and 0.091315; ALNS-R and GA each reach these optima in 
20/20 runs. Independent SimPy 4.1.2 validation [18] checks 
DET and ALNS-R on eight representative instances, with 500 

products after 𝐾 െ 1 filling cycles per trajectory. All sixteen 
trajectories agree with recursive transfer periods to floating-
point precision. Fig. 1 illustrates simultaneous crew 
occupation. 

 

 
Figure 1. Resource occupancy for a MITCHELL instance 

 
Risk comparisons. Table 1 reports equal-weight averages 

across all instances. Combining the two proportions for each 
graph and seed gives 24 groups. Two-sided paired Wilcoxon 

tests use Holm correction for six comparisons against ALNS-
R; graph-level tests additionally average the three seeds 
within each graph family. 

 
Table 1. Out-of-sample risk and grouped comparisons 

Method CVaR Mean loss Adjusted 𝑝 (24 groups) Adjusted 𝑝 (8 graphs) 
DET 0.1788 0.0337 <10ିସ 0.0469 
IND 0.1432 0.0240 0.1875 0.5469 

MEAN 0.1513 0.0241 0.0210 0.2969 
SA 0.1735 0.0303 <10ିସ 0.0938 

ALNS-U 0.1506 0.0247 0.0117 0.1172 
ALNS-R 0.1418 0.0232 – – 

GA 0.1692 0.0280 <10ିସ 0.0781 
 

ALNS-R reduces CVaR by 20.70% relative to DET. The 
24-group comparisons support improvements over DET, 
MEAN, SA, ALNS-U and GA, but not IND. Only DET 
remains significant at the eight-graph level. Grouped 
bootstrap 95% intervals for DET-minus-ALNS-R and ALNS-
U-minus-ALNS-R CVaR differences are [0.0277,0.0467] and 
[0.0037,0.0154]. Thus, risk differences and the limited graph-
level evidence must be interpreted together. 

The adjusted IND comparison has 𝑝 ൌ 0.1875 , whereas 
the graph-level DET comparison has 𝑝 ൌ 0.0469 . The 
former does not establish a statistically detectable benefit of 
explicitly modeling correlation in the primary setting. 
Similarly, the nonsignificant graph-level comparisons cannot 

support general superiority across precedence structures. The 
positive bootstrap intervals quantify estimated differences 
under the 24-group resampling scheme; they do not remove 
the limitations of the smaller graph-family analysis. 

Sensitivity. Correlation tests use the 40%-cooperative 
MITCHELL, TONGE70, ARC111 and BARTHOLD 
instances: three correlation levels, three methods and ten runs 
at 10000 evaluations give 360 searches. IND always 
optimizes at zero correlation and matches ALNS-R when 𝜌 ൌ
0. At 𝜌 ൌ 0.8, ALNS-R’s mean advantage over IND is 1.64% 
(Table 2); this four-instance result does not establish a general 
trend. 

 
Table 2. Sensitivity analysis of the correlation parameter 

𝜌 IND CVaR MEAN CVaR ALNS-R CVaR 
0.0 0.1287 0.1307 0.1287 
0.5 0.1523 0.1547 0.1520 
0.8 0.1683 0.1679 0.1655 

 
Budget tests use seed-zero, 40%-cooperative instances of 

all eight graphs and ten runs per setting (Table 3). The 720 
records reuse 240 main-experiment runs, requiring 480 
additional searches. Relative ALNS-R improvements over 

ALNS-U are 4.34%, 0.32% and 2.20%; these are candidate-
budget comparisons, not wall-clock speed or convergence 
guarantees. For the four correlation-test graphs, 𝑆 ൌ
100,300,1000 at 10000 evaluations and ten runs gives 120 
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searches, evaluated on 20000 scenarios. Mean CVaRs are 
0.1570, 0.1503 and 0.1553; the scenario-count effect is 

nonmonotonic. 

 
Table 3. Candidate-evaluation limits and out-of-sample risk 

𝑁max ALNS-U CVaR ALNS-R CVaR GA CVaR 
2000 0.1553 0.1486 0.1890 

10000 0.1309 0.1305 0.1711 
50000 0.1204 0.1178 0.1554 

 
Continuous product streams. Each instance’s seven best 

in-sample solutions receive ten paired streams of 20000 
completed products after 𝐾 െ 1  filling cycles: 480 shared 
inputs generate 3360 method trajectories. Product models and 
full task-time vectors persist across stations; in cycle 𝑟 , 

station 𝑘  handles product 𝑟 െ 𝑘 ൅ 1 . The SimPy-validated 
recursion computes each period. Stream-specific statistics are 
averaged within instances, then equally across instances. 
Normalized throughput is 𝑇 divided by each stream’s mean 
period. 

 
Table 4. Product-stream simulation results 

Method Stream CVaR Overrun rate / % Normalized throughput 
DET 0.1397 26.05 0.9764 
IND 0.1186 20.93 0.9812 

MEAN 0.1202 19.57 0.9822 
SA 0.1323 22.82 0.9796 

ALNS-U 0.1193 20.04 0.9816 
ALNS-R 0.1173 19.68 0.9818 

GA 0.1412 23.83 0.9780 
 

Relative to DET, ALNS-R lowers stream CVaR by 16.08% 
(Holm-adjusted 𝑝 ൏ 10ିସ ), overrun frequency by 
approximately 6.4 percentage points, and raises normalized 
throughput by 0.56% in relative terms. Since periods cannot 
fall below 𝑇 , normalized throughput cannot exceed one. 
MEAN gives slightly higher throughput but greater tail risk. 
Main results summarize all search runs, whereas stream 
results evaluate selected solutions. 

5. Conclusions 
Under fixed staffing, the proposed model and bottleneck-

guided search reduce severe overruns relative to deterministic 
balancing. Improvements over uniform guidance depend on 
the evaluation budget, and correlation effects remain 
descriptive on four instances. Product-stream risk and 
throughput gains have different magnitudes. These findings 
concern synthetic extensions of public graphs, zero buffers 
and equal worker abilities within skills. Future work should 
calibrate dependence using industrial times and examine 
finite buffers, heterogeneous workers and failures. 

For line design, CVaR complements rather than replaces 
the mean output measure: reducing severe overruns need not 
yield a proportional throughput gain because the target cycle 
time imposes a lower bound on each transfer period. The 
experiments therefore support reporting both indicators for a 
fixed staffing configuration. They do not estimate savings for 
a particular factory, whose time distributions and dependence 
structure would first require calibration. 
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