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Abstract: 

Production line balancing is a fundamental challenge in 

manufacturing operations, directly influencing throughput, 

resource utilization, and operational cost efficiency. Despite 

decades of research, many industrial production lines continue to 

operate with significant imbalances: idle time accumulates at 

certain workstations while bottlenecks persist at others, primarily 

because existing balancing approaches treat task times as 

deterministic and fail to account for the inherent statistical 

variability present in real manufacturing environments. This study 

develops a comprehensive statistical framework for production 

line balancing that explicitly incorporates task time variability, 

regression-based idle time modeling, and probability-adjusted 

cycle time estimation. Using 45 time study observations collected 

across five workstations of a simulated manufacturing line, the 

framework applies descriptive statistics, multiple regression 

analysis, one-way ANOVA, and stochastic cycle time modeling to 

identify and quantify the principal sources of line imbalance. 

Results demonstrate that the proposed optimized balancing 

configuration achieves a line efficiency of 94.3%, compared to 

68.4% under the current unbalanced arrangement   a gain of 

approximately 26 percentage points. Regression analysis identifies 

task time variance, precedence complexity, and setup change 

frequency as the three most statistically significant predictors of idle time, together explaining 86.1% of its 

variation. The ANOVA confirms that differences in line efficiency across four balancing methods are 

statistically significant (F = 47.62, p < 0.001). The findings provide production engineers and operations 

managers with a statistically grounded, practically implementable methodology for systematic line balancing 

improvement. 
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1. Introduction 

1.1 Background of the Study 

Manufacturing organizations operate under relentless pressure to maximize throughput, minimize waste, and 

deliver products within competitive lead times. At the heart of these operational imperatives lies the 

production line a sequential arrangement of workstations, each performing a defined subset of tasks required 

to transform raw materials into finished goods. When the workload assigned to each station is well-

calibrated, the line flows smoothly, resources are utilized efficiently, and output targets are consistently met. 

When it is not, idle time accumulates at lightly loaded stations, bottlenecks form at overloaded ones, and the 

entire system underperforms relative to its physical capacity. 

Production line balancing the systematic assignment of tasks to workstations so as to equalize workloads and 

minimize idle time has been studied extensively since the earliest days of industrial engineering. Classical 

formulations such as the Simple Assembly Line Balancing Problem (SALBP) and its variants have generated 

a rich body of optimization literature. However, a persistent limitation of the majority of this literature is the 

assumption that task times are fixed and deterministic. In practice, task durations vary across workers, shifts, 

machine conditions, and input material quality. Treating variable task times as though they were constants 

leads to balancing solutions that appear optimal on paper but perform poorly on the shop floor. 

A statistical perspective on line balancing acknowledges this variability as a fundamental feature of the 

production environment rather than a nuisance to be ignored. By characterizing task time distributions, 

quantifying their dispersion, and incorporating probabilistic constraints into the balancing model, a 

statistically grounded framework can produce more robust and realistic balancing solutions. 

1.2 Problem Statement 

The specific issue investigated in this study is the persistent operational inefficiency observed in multi-

station production lines when standard deterministic balancing methods are applied without accounting for 

task time variability. The central problem is that idle time at individual workstations cannot be accurately 

predicted or controlled using mean task times alone; variability around those means creates stochastic 

bottlenecks and imbalance that conventional balancing algorithms do not capture. This gap between 

deterministic models and stochastic reality results in lower-than-expected line efficiency, higher-than-

necessary work-in-process inventory, and unpredictable throughput rates. 

1.3 Research Objectives 

This study pursues the following specific objectives: 

(i)  To characterize the statistical distribution of task times across workstations using descriptive statistics 

and variability measures. 

(ii)  To develop a multiple regression model that identifies and quantifies the key determinants of 

workstation idle time. 

(iii)  To compare line efficiency across four balancing configurations: current, balanced, optimized, and 

stochastic using one-way ANOVA. 

(iv)  To propose a probability-adjusted cycle time estimation method that accounts for task time variability in 

the balancing solution. 

1.4 Significance of the Study 

This study contributes to both the academic literature and industrial practice. For operations researchers, it 

demonstrates how classical production line balancing problems can be enriched by embedding statistical 
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analysis within the optimization framework, producing solutions that are robust to real-world variability. For 

production engineers and plant managers, it provides a structured, step-by-step methodology that can be 

applied with standard statistical software to diagnose existing imbalances and design improved workstation 

assignments. For organizations more broadly, the results suggest that statistically informed balancing can 

yield line efficiency gains in the range of 20–26 percentage points over current practice, with corresponding 

reductions in idle labor cost and improvements in throughput predictability. 

2. Literature Review 

2.1 Previous Studies 

The line balancing literature has its intellectual origins in the work of Salveson (1955), who formulated the 

assembly line balancing problem as an integer programming model and established the foundational 

vocabulary of cycle times, station assignments, and precedence constraints. Subsequent decades produced a 

proliferation of exact algorithms, heuristics, and metaheuristics for the SALBP and its extensions. 

Bowman (1960) demonstrated that the line balancing problem could be modeled as a transportation problem, 

providing an early connection between production scheduling and linear programming. Kilbridge and Wester 

(1961) introduced the column-based heuristic that bears their names, assigning tasks to workstations in a 

precedence-respecting order while attempting to equalize workloads. Although computationally 

straightforward, the Kilbridge-Wester method does not guarantee optimality and performs poorly under high 

variability conditions. 

The stochastic extension of line balancing received early attention from Kottas and Lau (1973), who modeled 

task times as random variables and derived a probabilistic constraint on cycle time feasibility. Their 

framework established that when task times are normally distributed and statistically independent, the 

probability that a workstation completes within the cycle time can be expressed as a function of the station's 

mean load and aggregate variance. 

Suresh and Sahu (1994) proposed a multi-objective formulation that simultaneously minimized idle time and 

cycle time variance, recognizing the trade-off between expected efficiency and robustness to variability. 

Scholl and Becker (2006) provided a comprehensive survey of deterministic assembly line balancing models, 

cataloguing the SALBP family and its type-I, type-II, and type-E variants, while noting that stochastic 

models remained underrepresented in the literature relative to their practical relevance. 

More recently, Hamta et al. (2013) applied a hybrid metaheuristic combining simulated annealing with a 

neural network classifier to the stochastic line balancing problem, demonstrating that machine learning 

components can accelerate convergence in large-scale instances. Battaïa and Dolgui (2013) conducted an 

extensive taxonomic review of line balancing models, identifying the treatment of uncertainty as a primary 

open research direction. Zupan and Herakovic (2015) presented empirical evidence from automotive 

assembly lines showing that lines balanced on the basis of mean task times experienced 15–22% higher idle 

time than predicted by deterministic models, directly motivating the statistical approach adopted in the 

present study. 

2.2 Conceptual Framework 

The conceptual framework of this study posits that workstation idle time , the primary indicator of line 

imbalance  is a function of four classes of variables: (i) task time variability, captured by the variance of 

observed processing times; (ii) structural complexity, measured by the number of precedence relationships 

involving each workstation's tasks; (iii) demand-side pressure, expressed as the required production rate; and 

(iv) operational disruptions, proxied by the frequency of setup changes. These four predictors are 

hypothesized to jointly explain the majority of observed idle time variation, and this hypothesis is tested 

through multiple regression analysis in Section 4. 
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3. Methodology 

3.1 Research Design 

This study adopts an analytical and empirical research design. The analytical component involves the 

formulation of statistical models : regression equations, cycle time probability distributions, and ANOVA 

tests  grounded in established statistical theory. The empirical component involves the collection and analysis 

of time study data from a simulated five-station manufacturing line, providing the empirical basis for model 

estimation and validation. The combination of analytical rigor and empirical grounding distinguishes this 

study from purely theoretical treatments of the line balancing problem. 

3.2 Data Collection 

Data were collected through structured time study observation. A total of 45 task time measurements were 

recorded across five workstations :Assembly (WS-1), Welding (WS-2), Painting (WS-3), Inspection (WS-4), 

and Packaging (WS-5) , with the number of observations per station proportional to the number of distinct 

tasks assigned. Each observation recorded the actual processing time for a single task completion, captured 

using a calibrated stopwatch under standard operating conditions. Supplementary data on precedence 

constraints, setup change frequency, and daily production targets were collected from production planning 

records and direct operator interviews. 

3.3 Sample Size 

The total sample of 45 observations was determined using a precision-based sample size formula for 

estimating a population mean with a specified margin of error. With a desired precision of ±0.5 minutes at 

the 95% confidence level and an estimated population standard deviation of approximately 1.3 minutes 

(based on a pilot study of 10 observations). 

The realized sample of 45 observations comfortably exceeds this minimum, providing sufficient statistical 

power for regression analysis (nine observations per predictor, satisfying the standard ten-to-one rule) and 

reliable distributional characterization at the station level. 

3.4 Statistical Tools 

The following statistical methods are applied sequentially in the analysis: 

•  Descriptive Statistics: Mean, standard deviation, minimum, maximum, and coefficient of variation 

computed for task times at each workstation and for the overall production line. 

•  Cycle Time Estimation: Deterministic cycle time (maximum station mean), probability-adjusted cycle time 

using the normal distribution at the 95th percentile. 

•  Line Efficiency Formula: E = (Σ task times) / (n × cycle time), where n is the number of workstations. 

•  Multiple Linear Regression: OLS estimation of idle time as a function of four predictors, with full 

diagnostic testing (VIF, Durbin-Watson, Breusch-Pagan). 

• One-Way ANOVA: F-test of equality of mean line efficiency across four balancingconfigurations, followed 

by Tukey HSD post-hoc test. 

•  Correlation Analysis: Pearson correlation matrix among all continuous study variables. 
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4. Data Analysis and Results 

4.1 Descriptive Statistics 

Table 1 presents the descriptive statistics of task times across all five workstations and for the production line 

as a whole. 

Work Station n (Tasks) Mean Time (min) Std Dev (min) Min (min) Max (min) 

WS-1 (Assembly) 12 4.82 0.91 3.40 
6.60 

 

WS-2 (Welding) 10 6.17 1.24 4.10 
8.50 

 

WS-3 (Painting) 8 3.94 0.78 2.70 
5.30 

 

WS-4 (Inspection) 6 2.63 0.54 1.80 
3.60 

 

WS-5 (Packaging) 9 3.11 0.67 2.20 
4.40 

 

Overall (Line) 45 4.21 1.38 1.80 
8.50 

 

    Table 1: Descriptive Statistics of Task Times by Workstation (n = 45 observations total) 

The results reveal substantial variability across workstations. WS-2 (Welding) exhibits the highest mean task 

time (6.17 minutes) and the largest standard deviation (1.24 minutes), confirming its status as the primary 

bottleneck station. The coefficient of variation at WS-2 is 20.1%, indicating that welding task durations 

fluctuate by approximately one-fifth of their mean value: a level of variability that has material implications 

for cycle time planning. At the other extreme, WS-4 (Inspection) has the lowest mean task time (2.63 

minutes) and the smallest standard deviation (0.54 minutes), reflecting the more procedurally standardized 

nature of quality inspection tasks. 

The overall production line exhibits a mean task time of 4.21 minutes with a standard deviation of 1.38 

minutes, yielding a coefficient of variation of 32.8%. This relatively high dispersion at the line level is 

largely attributable to the cross-station heterogeneity in mean task times rather than intra-station variability 

per se, and it signals the need for both workload rebalancing and variability reduction initiatives. 

4.2 Statistical Analysis 

4.2.1 Cycle Time and Line Efficiency Under Alternative Configurations 

Table 2 compares cycle time, line efficiency, and idle time under four scenarios: the current unbalanced 

configuration, a simple equal-load balanced configuration, an SALBP-optimized configuration, and a 

stochastic configuration based on the 95th percentile cycle time. 

Scenario Cycle Time (min) No.of Stations Line Efficiency(%) Idle Time(%) 

Current (Unbalanced) 6.17 5 68.4 31.6 

Balanced(Equal Load) 4.82 5 87.6 12.4 

Optimized (SALAB-1) 4.21 5 94.3 5.7 

Stochastic(95% CI) 5.04 5 83.5 16.5 

Table 2: Cycle Time and Line Efficiency under Four Balancing Scenarios 
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The current unbalanced configuration achieves a line efficiency of only 68.4%, with 31.6% of available 

workstation time lost to idle waiting: primarily at WS-3, WS-4, and WS-5, which are all constrained to wait 

for output from the bottleneck at WS-2. The SALBP-optimized configuration achieves a line efficiency of 

94.3% by reassigning tasks to reduce the maximum station time from 6.17 to 4.21 minutes, close to the 

theoretical optimum. The stochastic configuration, which sets the cycle time at the 95th percentile of the WS-

2 task time distribution (μ + 1.645σ = 6.17 + 2.04 = 5.04 minutes) to ensure a 95% probability of on-time 

completion, trades a modest efficiency reduction (83.5%) for a substantially more reliable throughput 

commitment. 

4.2.2 Regression Analysis of Idle Time 

Table 3 presents the OLS regression results for the model predicting workstation idle time from four 

explanatory variables. 

Predictor Coefficient (β) Std.Error t - value p - value 

Intercept 18.74 3.21 5.838 < 0.001 

Task Time Variance (σ²) 4.63 0.82 5.646 < 0.001 

No. of Task Precedences 1.87 0.44 4.250 < 0.001 

Demand Rate (units/hr) -0.93 0.27 -3.444 0.002 

Setup Change Frequency 2.14 0.61 3.508 0.001 

R² = 0.861 Adj. R² = 0.843 F(4,35) = 54.2 p < 0.001 n = 40 

Table 3: OLS Regression Results — Workstation Idle Time Model (n = 40 observations) 

The full model achieves an R² of 0.861 (adjusted R² = 0.843), confirming that the four predictors jointly 

explain 86.1% of the variation in workstation idle time. The F-statistic of 54.2 (p < 0.001) rejects the null 

hypothesis of no joint explanatory power. All four predictors are statistically significant at the 1% level. 

Task time variance (σ²) carries the largest coefficient (β = 4.63), reflecting the direct mechanism by which 

variability at upstream stations propagates idle time to downstream stations. The precedence complexity 

coefficient (β = 1.87) indicates that workstations involving a greater number of task dependencies experience 

higher idle time on average, as they must wait for the completion of prerequisite tasks at other stations. The 

demand rate coefficient is negative (β = −0.93), consistent with the expectation that higher production rates 

reduce per-unit idle time by keeping stations continuously occupied. Setup change frequency (β = 2.14) 

carries a positive coefficient, indicating that frequent product changeovers — each requiring machine 

reconfiguration and operator reorientation — introduce additional unpredictable gaps in station utilization. 

Diagnostic tests confirm model validity. The Variance Inflation Factors for all predictors are below 2.5, 

ruling out multicollinearity. The Breusch-Pagan test yields p = 0.31, confirming homoscedasticity. The 

Durbin-Watson statistic of 1.89 is within the no-autocorrelation band. 
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4.2.3 ANOVA: Line Efficiency Across Balancing Methods 

A one-way ANOVA was conducted to test whether mean line efficiency differs significantly across the four 

balancing configurations. Results are presented in Table 4. 

 

Source of Variation SS Df MSS F - value p - value 

Between Methods 1284.6 3 428.2 47.62 < 0.001 

Within (Error) 323.1 36 8.975 — — 

Total 1607.7 39 — — — 

   Table 4: One-Way ANOVA — Line Efficiency Across Balancing Configurations 

The F-statistic of 47.62 (p < 0.001) provides overwhelming evidence that at least one pair of balancing 

methods differs significantly in mean line efficiency. The between-methods sum of squares (1284.6) is 

approximately four times larger than the within-group error sum of squares (323.1), confirming that the 

differences among methods are both statistically significant and practically meaningful. 

Post-hoc Tukey HSD tests confirm that all pairwise differences among the four methods are statistically 

significant at the 5% level, with the exception of the balanced versus stochastic pair (p = 0.087). This result 

suggests that the simple equal-load balanced configuration and the stochastic configuration are not 

significantly different in mean line efficiency when averaging across replications, despite their different cycle 

time assumptions. 

4.3 Interpretation of Results 

Three findings stand out from the analysis. First, the current production line is operating well below its 

efficiency potential , a 26 percentage point gap between the current configuration and the SALBP-optimized 

solution represents a substantial and recoverable operational inefficiency. Second, task time variability is the 

most influential driver of idle time, implying that variability reduction initiatives such as standardized work 

procedures, operator training, and preventive maintenance would complement line rebalancing efforts and 

amplify their impact. Third, the stochastic balancing configuration, though slightly less efficient than the 

deterministic optimum in expectation, offers a more reliable throughput commitment by providing a buffer 

against high-variance task completions at the bottleneck station. 

5. Discussion 

The findings of this study are broadly consistent with the empirical observations reported by Zupan and 

Herakovic (2015), who found that deterministically balanced automotive assembly lines experienced 15–

22% higher idle time than predicted by their design specifications. The present study documents a similar 

divergence and demonstrates, through regression analysis, that task time variance is the dominant statistical 

explanation for this gap. This result reinforces the argument made by Scholl and Becker (2006) that 

stochastic extensions of the SALBP are not merely academic refinements but respond to a genuine practical 

need. 

The regression model's identification of setup change frequency as a significant predictor of idle time extends 

the existing literature by quantifying a connection that has been discussed qualitatively in lean manufacturing 

contexts but rarely formalized statistically. The coefficient estimate of 2.14 minutes of idle time per unit 

increase in setup change frequency provides production planners with a tangible trade-off parameter: the 
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decision to introduce an additional product variant or schedule an additional changeover carries a measurable 

idle time cost that can now be incorporated into capacity planning models. 

The ANOVA finding that the balanced and stochastic configurations are not significantly different in mean 

efficiency has important practical implications. It suggests that for many production environments, the 

additional analytical complexity of stochastic cycle time modeling may not yield statistically significant 

efficiency gains over a well-executed simple load-balancing exercise. However, the stochastic approach 

remains valuable in settings where throughput reliability rather than mean efficiency is the primary 

operational objective, such as just-in-time environments with tight delivery windows. 

From an operational decision-making standpoint, the study's results argue for a two-stage approach to line 

balancing improvement. In the first stage, workstation task assignments should be revised to equalize mean 

task times, targeting the SALBP-optimized configuration. In the second stage, variability reduction efforts 

should focus on the highest-variance stations , particularly WS-2 (Welding) through standardized work, 

operator skill development, and machine calibration programs. Together, these two stages address both the 

structural and stochastic sources of line imbalance. 

6. Conclusion 

This study has developed and applied a statistical framework for production line balancing that integrates 

descriptive statistics, regression modeling, cycle time probability analysis, and ANOVA. Applied to a five-

station manufacturing line with 45 observed task time measurements, the framework identifies the current 

configuration as operating at 68.4% line efficiency and demonstrates that an SALBP-optimized reassignment 

of tasks can raise efficiency to 94.3%. 

All four research objectives were achieved. Task time variability was characterized and quantified across 

stations. A regression model with R² = 0.861 identified task time variance, precedence complexity, demand 

rate, and setup change frequency as the principal determinants of idle time. ANOVA confirmed statistically 

significant differences in efficiency across balancing methods (F = 47.62, p < 0.001). And the probability-

adjusted cycle time estimation method was shown to provide a reliable throughput commitment at the cost of 

a modest reduction in expected efficiency. 

The central conclusion of this study is that production line balancing is intrinsically a statistical problem — 

one that cannot be adequately addressed by deterministic optimization alone. Acknowledging and modeling 

task time variability is not a theoretical nicety; it is a practical necessity for any balancing solution intended 

to perform well on the actual shop floor rather than in an idealized computational model. 
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