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 Delayed arrival at busy stations results in cascading effects. Late arrivals mean 

that an incoming rake would not be available for reuse and the subsequent 

departure would be affected. The research investigates this issue for New 

Delhi's train station (NDLS), India's busiest rail terminus and a case study 

based on 58,698 train movements throughout 2023. It reveals that, as 79% of 

arriving express trains reached NDLS with delays (mean 53 minutes), these 

delays significantly transferred to departing trains (r=0.491). Of 6.86 million 

available buffer minutes, only 13% was actually utilized, rest were "frozen" 

by an inflexible static assignment method. This research formulates the rolling 

stock assignment problem as a constrained bipartite matching problem and 

develops a hybrid assignment algorithm (HAA) that integrates a cost matrix 

based optimization with auction-based assignment and a dynamic re-

assignment process. HAA provides 98.9%, 99.9%, and 88.6% delay 

absorption capacities for three different levels of traffic congestion while 

reducing originating train delay by up to 39.8 percentage points compared to 

the present system. Thoughtful assignments not more capacity are the key to 

improving punctuality in a heavily utilized rail. 
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1. INTRODUCTION 

The railway network faces severe operational challenges from delay propagation across 

interdependent infrastructure, rolling stock, and crews. Terminal stations are critical bottlenecks where 

incoming delays directly impair outgoing train departures. For instance, Indian Railways Mail/Express 

punctuality declined from 90.48% (FY 2021–2022) to 80.79% (FY 2022–2023) [1], [2], highlighting the urgent 

need for targeted operational interventions.  

Static train assignment (STA) utilizes terminating rakes to specific originating services in the advance. 

When a train arrives late, its assigned outbound service is inevitably delayed, resulted leaving adjacent buffer 

times unutilized due to rigid linkages. To overcome this gap, we analyze a full year dataset of 58,698 

movements in year 2023 from New Delhi Railway Station (NDLS) quantifying delay propagation and buffer 

underutilization. We formulate the rolling stock assignment problem (RSAP) as a constrained bipartite 

matching problem and introduce a dynamic train assignment (DTA) framework using a novel hybrid 

assignment algorithm (HAA).  

To address these challenges and bridge the existing research gap, the primary contributions of this 

study are outlined as follows: 

https://creativecommons.org/licenses/by-sa/4.0/
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− Characterization and quantification of terminal level delay propagation and underutilized buffers using non-

public IR data.  

− A constrained bipartite-matching formulation for RSAP incorporating platform, maintenance, and 

departure constraints.  

− Development of the HAA-driven DTA framework, reducing originating delays by up to 39.8 percentage 

points without requiring timetable alterations or capital expenditures. 

The remainder of this paper is organized as: section 2 reviews the literature that is relevant to the 

findings; section 3 presents the empirical analysis; section 4 develops the mathematical formulation; section 5 

discusses the HAA methodology; section 6 describes the experimental design and the metrics used in 

examining the analysis; section 7 presents and discusses the findings; and section 8 provides tactical insights 

from the research findings, as well as opportunities for further inquiry. 

 

 

2. RELATED WORK 

Research on rail operations has included work in timetable optimization, delay propagation, 

maintenance reliability, terminal operations, passenger metrics, and data-based prediction. Adaptive 

scheduling simulation [3], incremental timetable adjustments [4], and recovery planning [5] have been 

instrumental in mitigating delays. 

Delay propagation is an area of intense investigation. Various studies have used stochastic modeling, 

Markov chains, and Bayesian networks in determining timetable fragility [6], [7], weather disruptions [8], 

incident propagation [9], [10], and suburban traffic flows [11]. Similarly, physical capacity limits have been 

investigated by studying the dynamics of track one congestion [12], delay propagation driven by dwell time 

delays [13], queuing at junctions [14], optimal train rescheduling in large passenger stations [15], and robust 

conceptual timetabling [16]. Research on service disruptions also examines passenger effects and connection 

recovery rescheduling [17]-[20]. 

In operational maintenance, research has moved towards predictive maintenance. Various predictive 

maintenance frameworks include data-driven maintenance analytics [21] and acoustic fault detection systems 

[22]. The cybersecurity threats in digital maintenance platforms have also been identified [23]. In terminal-

level maintenance, developments include layover planning [24], shunting automation [25], and decomposition 

approaches for real-time rescheduling of the timetable [26]. 

In parallel to the above, delay prediction techniques have advanced from simple rule-based approaches 

to machine learning algorithms [27]. Neural network based methods have shown success in modeling nonlinear 

rail operations [28], prediction uncertainty [29], and in incorporating real-time data for better short-term 

predictions [30]. 

However, despite the above advancements, the current literature on rolling stock operations focuses 

extensively on tactical planning and line-haul circulation using offline solvers such as integer linear 

programming (ILP) and Hungarian algorithm (HA). Such methodologies need complete prior visibility and 

cannot be used during terminal-level disruptions in real time. Hence, this research attempts to fill this gap by 

presenting a lightweight, sub-second dynamic reallocation methodology for congested terminals. The proposed 

methodology does not require any modifications to the timetable or expensive infrastructure expansions. 

 

 

3. EMPIRICAL ANALYSIS OF DELAY BEHAVIOUR AT NDLS 

NDLS, serves as the focal site for this study. It is located in Delhi, in the National Capital Region, and 

is one of the major railway stations in India. NDLS operates 16 physically separate but inter-connected active 

platforms with trains arriving and departing from and to them at about 250 train movements each day (with 

some peak periods seeing as many as 700,000 passengers in a day). Thus, all of this operational activity on 

platforms creates an incredibly high level of competition and berthing conflicts, which makes NDLS an optimal 

place to study delay dynamics at the terminal level. 

 

3.1.  Source and pre-processing of data 

The main data set for analyzing NDLS is the "Station Train Performance" data set acquired from the 

Ministry of Railways, Government of India through a request in which data for the entire year 2023 (a total of 

58,698 data points) was provided. The data comprises scheduled and actual times of train arrivals and 

departures along with the delay of each train in minutes, which is the absolute difference between scheduled 

and actual times. Data points with missing or faulty timestamp values, freight trains and those with 

unsatisfactory rake linkages have been filtered out. Although an entire year data set helps in the descriptive 

analysis, for the purpose of experiments and simulations, three one week time periods from January, July, and 

December 2023 were chosen. 
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3.2.  Service-wise delay decomposition 

From the analysis of the operational delay pattern at NDLS, there exist great differences based on the 

type of services. In terms of trains terminating at NDLS, the pre-arrival delay is high and is estimated to be 

about 53 minutes. On the other hand, the rail transit system is not much affected by terminal operations since 

it has little contact with the platform and the arrival delay is very low and estimated to be about  

4 minutes. As for the originating trains from NDLS, there is a good operational recovery where the train 

recovers an average delay of 13 minutes post-departure, though delay at departure is still prevalent since 59% 

of the departing trains are still delayed at departure as shown in Table 1. Overall, delay characteristics varies 

substantially depending on whether movements are terminating, originating, or passing through transit. 

 

 

Table 1. Operational delay profile by service type, NDLS 2023 
Aspect Parameter Value Service type Remarks 

Dataset Total trains 58,698 All Network-wide annual count 

 Total cumulative delay 1,544,219 min All Unequally distributed across service types 

Terminating Total trains 22,678 Terminating  

 Mean delay 53 min  Severe average arrival delay 

 On-time arrival 21% (4,809)  Low punctuality; 79% arrive late 
 Delay 10–60 min 45%  Largest delay band 

 Delay >3 h 9.4%  Significant long-duration disruptions 

Originating Total trains 22,678 Originating  
 Mean delay 13 min  Partial downstream recovery 

 On-time departure 41% (9,346)  59% depart late; 83% of late < 10 min 
Transit Total trains 13,342 Transit  

 Mean delay 4 min  Minimal terminal interaction; largely unaffected 

 

 

3.3.  Seasonal variations of delays 

Figure 1 displays monthly baselines of average delay patterns for terminating and originating rail 

services. There are two peaks that are evident in the month-to-month analysis, namely, December and January 

have the highest average delinquency due to heavy winter fog across northern India that created widespread 

delays due to visibility; while July has the second highest average delinquency as this is the monsoon season 

in northern India. Outside of the peak months of December, January, and July, terminating delays averaged 

between 30-60 minutes, while originating delays averaged less than 20 minutes; collectively these results 

suggest that there was a more stable operating environment during the months of February through November. 

Because of the peak and off-peak monthly averages, January, July, and December were selected to represent 

the experimental weeks for the analysis that takes place in section 6. 

 

 

 
 

Figure 1. Monthly mean delays (min) at NDLS (2023), highlighting severe winter/monsoon delay peaks that 

create operational bottlenecks 

 

 

3.4.  Propagation of delay from terminating to originating 

A statistical analysis was conducted on the heaven-train data for a matched pair of 22,678 trains using 

correlation coefficients. The results indicate that terminating train delays have an r-value correlation coefficient 

of 0.491 and are positively correlated with originating train departure delays, indicating the systematic 

propagation of delay throughout terminal operations (Figure 2). The relationship was further investigated by 

disaggregation of the originating train departures by their terminating train delays in Table 2. 
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Figure 2. Terminal rolling stock turnaround-decision gates and congestion points incorporated in the model 

 

 

Table 2. Originating departure delay distribution as a function of terminating arrival delay band, NDLS 2023 

Arrival delay (terminating) N 
On time 

(%) 

0–9 min 

(%) 

10–59 min 

(%) 

1–2 h 

(%) 

2–3 h 

(%) 

3–6 h 

(%) 

6–12 h 

(%) 

12–24 h 

(%) 

On time 4,809 48 46 3 1 0.5 0.5 0.1 0.02 

1–9 min 4,167 43 52 4 1 0.2 0.1 0 0 

10–59 min 8,096 42 51 4 1 0.5 0.3 0.04 0 
1–2 h 2,570 38 51 6 3 1 1 0.2 0 

2–3 h 1,290 35 48 6 5 4 1 0.5 0.08 

3–6 h 1,251 25 42 9 7 7 9 0.8 0.2 
6–12 h 413 14 18 9 8 11 22 17 0.7 

12–24 h 79 13 9 4 4 1 6 42 22 

 

 

At 0 minutes of terminating train arrival delay, 48% of the originating trains departed on time. As the 

terminating arrival delays increased, the percentage of originating trains that departed on time steadily 

decreased: for a terminating train arrival delay of 1 to 9 minutes, 43% of originating trains departed on time; 

for a terminating train arrival delay of 3 to 6 hours, 25% of originating trains departed on time, and 9% of the 

originating trains departed with a delay of 3 or more hours. Beyond your terminating arrival delay of 6 hours, 

an important non-linear transformation occurs, where longer duration delay causes long-term downstream 

impacts, such as a 6-24 hours delay, to be present at a significantly greater frequency than at shorter-term 

delays. This non-linear magnification of delay propagation provides quantifiable support for the development 

of proactive assignment strategies. 

 

3.5.  Buffer utilization in a static assignment model 

The NDLS uses the rake linkage system where every terminating train is assigned to a specific 

originating rake. For the year 2023, the total time allocated to layover minutes for all pairs of rake links is 

14,643,720 minutes, out of which 53%, i.e., 7,788,600 minutes, is allocated exclusively for mandatory 

maintenance of the trains. The remaining buffer of 6,855,120 minutes is considered the maximum theoretical 

potential for delay compression. Only 905,583 minutes out of this buffer were used for delay recovery, and 

hence 87% of the buffer went into waste as illustrated in Table 3. 

 

 

Table 3. Layover and buffer utilization summary, NDLS 2023 
Metric Value (min) Status 

Total layover 14,643,720 Scheduled 

Maintenance 7,788,600 Scheduled 
Buffer (residual) 6,855,120 Available 

Buffer utilised 905,583 (13%) Underutilized 

Buffer idle 5,949,537 (87%) Improvement potential 

 

 

The NDLS terminal has 16 platforms and 17 tracks for washing and maintaining the trains, which 

reaches its operational limit at peak. As a result, when all maintenance tracks become occupied by the incoming 

trains those other trains must queue up in the yard until they can move back to the maintenance area, thus 

prolonging the time between when they arrive in the terminal and when they actually enter an operational status 

and reducing the amount of operational buffer available to respond to delays in meeting passenger demand at 

the terminal. This limitation is detailed in section 4's Math formulation. 
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4. MATHEMATICAL FORMULATION 

The train assignment problem will be modelled as a bipartite matching constraint between the set of 

terminating trains T (indexed by 𝑖) and the set of originating trains O (indexed by 𝑗) with the platform and 

maintenance lines P and L treated as resource constraints based on worker availability. The complete terminal 

operational workflow from the train's arrival through the sequential decisions of which platform will be 

allocated, how the body of the train will be moved toward that platform, when the train will enter the 

maintenance line, and finally which maintenance line the train will be assigned to will be shown in Figure 2. 

 

4.1.  Rolling-stock readiness time 

To consolidate time-indexed operational constraints into a tractable scalar, the readiness time for each 

terminating train 𝑖 is defined as (1): 
 

𝑅𝑖 = 𝐴𝑖 + 𝑀 + 𝑊𝑖 (1) 
 

where 𝐴𝑖  is the time at which train i arrives; M=360 minutes is the standardized time taken for maintenance 

(primarily maintenance classes 1, 2, 3, and RPC-4); and 𝑊𝑖 is the additional time spent waiting for trains due to 

platform or depot congestion. 𝑅𝑖 is the earliest time at which the trains are available for redeployment from train 𝑖. 
 

4.2.  Cost matrix and feasibility embedding 

A cost matrix 𝐶 = [𝐶𝑖𝑗] encodes the operational cost of assigning terminating train i to originating train j: 
 

𝐶𝑖𝑗 = {
𝐷𝑗 − 𝑅𝑖       𝑖𝑓 𝑅𝑖 ≤ 𝐷𝑗

+∞             𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 (2) 

 

where 𝐷𝑗  is the departure time of train j that acts as the origin. If the cost 𝐶𝑖𝑗 < 0 then there is buffer space, 

and if 𝐶𝑖𝑗 > 0 then there is pressure on the departure of the train, and 𝐶𝑖𝑗 = +∞ ensures the feasibility condition 

by avoiding combinations where the rake is not ready at the time of departure. 

 

4.3.  Assignment status taxonomy 

The offset 𝛿𝑖𝑗 = 𝑎𝑖𝑗 − 𝑟𝑖, with 𝑎𝑖𝑗  referring to actual assignment time and 𝑟𝑖 being the rake readiness 

time, leads to the following three assignment states of operational significance. Negative assignment (δ < 0) 

suggests that an available rake waits idly before assignment; it involves unnecessary use of the railway 

infrastructure. Zero assignment (𝛿 = 0) implies the perfect just in time scenario of assigning a rake when it 

becomes available and can be used right away. Positive assignment (𝛿 > 0) means that the rake was unavailable 

for assignment. Hence, the HAA seeks to minimize positive assignments while maximizing zero assignments. 

 

4.4.  Optimization model 

Let xij ∈ {0,1} be a binary variable equal to 1 if terminating train i is assigned to originating train j. 

The RSAP is formulated as (3)-(4c): 
 

𝑚𝑖𝑛 ∑ ∑ 𝐶𝑖𝑗𝑥𝑖𝑗𝑗∈𝑂𝑖∈𝑇   (3) 
 

subject to: ∑ 𝑥𝑖𝑗 ≤ 1𝑗∈𝑂     ∀𝑖 ∈ 𝑇  (4a) 
 

∑ 𝑥𝑖𝑗𝑖∈𝑇 ≤ 1    ∀𝑖 ∈ 𝑂  (4b)  
 

𝑥𝑖𝑗 ∈ {0,1} (4c) 
 

Constraints (4a) and (4b) enforce one-to-one rake supply and demand exclusivity. Platform capacity 

is constrained to 𝐶𝑎𝑝platform ≤ 16, while washing line capacity is capped at 𝐶𝑎𝑝wash ≤ 17 simultaneous 

occupancies. Infeasible layover connections (𝐷𝑗 − 𝐴𝑖 − 𝑀 < 0) are assigned infinite cost (𝐶𝑖𝑗 = +∞), 

naturally penalizing invalid assignments. 

 

 

5. APPROACH TO SOLUTION: DYNAMIC TRAIN ASSIGNMENT FRAMEWORK 

Solving the RSAP with integer programming is prohibitively costly for full-scale terminals with real-

time or near-real-time operational requirements, so a framework was developed called DTA that decouples the 

assignment decision from the static schedule of rake-linking and allows for flexible rolling stock reallocation 

as readiness states change. The DTA framework will evaluate three methods of assignment. 



Bulletin of Electr Eng & Inf  ISSN: 2302-9285  

 

A hybrid optimization framework for dynamic rolling-stock assignment at congested … (Yash Kumar) 

4525 

5.1.  Base methods of assignment 

STA is implemented at NDLS with a fixed rake to train linkage schedule that cannot be altered after 

it has been created. A delay in a terminating train result in the respective originating train's associated rakes 

being delayed. While STA provides operational ease of implementation, it does not allow for the buffer 

capacity associated with a terminating train to be reassigned between the originating train, it also provides a 

minimum expected performance based on this method. 

First in first out (FIFO) heuristic: an FIFO heuristic assigns the next rakes which are ready for use to 

the next scheduled originating departure from the FIFO queue; therefore, the FIFO assignment must satisfy 

feasibility constraint (4b). Formally, a FIFO assignment must satisfy 𝐴𝑖 + 𝑀 ≤ 𝐷𝑗  for the 𝑖𝑡ℎ originating train 

and the 𝑗𝑡ℎ terminating train; as such, the layover, 𝐿𝑖𝑗 = 𝐷𝑗 − (𝐴𝑖 + 𝑀). While the FIFO assignment is trivial 

to compute and does not need any operational transparency, it does not utilize the cost matrix for optimization 

and therefore the performance of FIFO fails when congestion is high. 

HA—offline benchmark: when the HA is utilized to assign all rakes from a static complete cost matrix, 

the HA calculates the optimum assignment in 𝑂(𝑛3); however, since all availability of rakes must be known in 

advance of assigning all rakes and the HA cannot account for real time disruptions, it is not a viable assignment 

method in operational service; the HA represents the most optimum performance against which to evaluate near 

optimum performance of the HAA. The strength and limitations of methods are given in Table 4. 

ILP: formulated as an exact offline benchmark. ILP and HA achieve identical global cost 

minimization but lack real-time adaptability during severe disruptions due to computation constraints. HAA 

achieves near-optimal performance matching ILP/HA while remaining computationally tractable for real-time 

operations. 
 

 

Table 4. Comparative characterization of assignment methods evaluated in this study 
Method Type Purpose Strength Limitation 

STA Operational Performance floor Simple, stable No flexibility; poor delay absorption 

FIFO Heuristic Simple dynamic baseline Fast, intuitive Not cost-optimal; order-sensitive 
HA Exact solver Optimality benchmark Globally optimal Offline only; not real-time feasible 

HAA Hybrid heuristic Proposed method Near-optimal; real-time 

tractable 

Fixed maintenance duration assumption 

 

 

5.2.  Hybrid assignment algorithm 

The HAA integrates three complementary mechanisms to achieve near-optimal, operationally feasible 

assignments in real time: 

 

5.2.1. Piecewise cost transformation 

The raw cost matrix C is transformed element-wise: 
  

𝐶𝑖𝑗
′ = {

𝐶𝑖𝑗 . 𝛾    𝑖𝑓 𝐶𝑖𝑗 > 0         (penalise delay-propagating assignments);                          

𝐶𝑖𝑗 . 𝜑    𝑖𝑓 𝐶𝑖𝑗 < 0         (favour buffer-utilizing assignments);                                        

0           𝑖𝑓 𝐶𝑖𝑗 = 0                                                                                                                     

   (5) 

 

where 𝛾 > 1 is the penalty factor and 𝜑 < 1 is the favor factor. This unequal mapping favors the solution 

approach toward the utilization of buffers at the expense of delay propagation. 

 

5.2.2. Auction-based assignment phase 

An auction procedure involves repeatedly considering the unallocated terminating trains and letting 

them bid for the compatible originating trains using the modified cost function 𝑣𝑖𝑗 = 𝐶𝑖𝑗
′ − 𝑝𝑗, where 𝑝𝐽 

represents the price of train 𝑗. The prices are calculated iteratively to avoid any conflict and without solving 

the global integer program. 

 

5.2.3. Adaptive cost refinement 

To enhance robustness, the transformed matrix C′ is further refined as (6): 
 

𝐶" = (1 − 𝛼)𝐶 ′ + 𝛼 ∙ (𝐶′ ⊙ 𝐶′)  (6) 
 

where ⊙ stands for the Hadamard or element-wise multiplication, meaning that C′⊙C′ equals the square 

element of C′. The value of the α parameter ranges between zero and one; it determines the level of cost 

magnification. It punishes higher cost assignments and allows lower costs to remain the same. 
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5.2.4. Final assignment 

This refined assignment problem is solved using the HA, yielding the final one-to-one assignment, 

whose total cost will be 𝑇 = ∑ 𝐶𝑖𝑗(𝑖,𝑗)∈𝐴 . This combination of auction phase warm starting and refined matrix 

𝐶" guarantees that the final step is efficient for very large problem instances 

Computational complexity and scalability: the auction phase operates in O(k ⋅ |𝑇| ⋅ |𝑂|) time for 𝑘 bidding 

iterations, acting as a rapid warm-start that dramatically prunes the decision space. The local Hungarian step on 

the reduced active matrix scales at 𝑂 (|𝑇`|
3

), where |𝑇`| ≪ |𝑇| represents only currently unassigned or incoming 

rakes. In tests, single-step re-assignment executed in under 0.12 seconds on standard hardware, confirming 𝑂 (|𝑇`|
3

) 

sub-second scalability suitable for real-time dispatching during sudden terminal disruptions. 

 

 

6. EXPERIMENTAL DESIGN AND EVALUATION 

We ran experiments with time periods of January (N=422 train pairs), July (N= 40 pairs), and 

December 2023 (N=444 pairs) all within one week (congestion levels varied during each period). The base 

performance of the systems within the STA was established in each time period by testing them. FIFO and 

HAA assignments were implemented using DTA within the same constraints as the STA. The HAA average 

was compared to the offline optimal maintenance time period that was implemented into the tests. 

Programming was done using Python 3.12.10 (NumPy and Pandas used for calculations). SciPy was 

used for the HA step in HAA using linear_sum_assignment and visualisation of the results was done using 

Matplotlib. The tests were run on an Intel i3-9100F (3.60 GHz, 8GB RAM) with an average elapsed time of 

360 mins per terminating train for each time period listed above. Scheduled times were based on the timetable 

and there were no changes to the time schedules. There was no rake-circulation between terminals. There were 

four measurement metrics used to identify the system's performance: i) total originating delay (min), ii) % of 

terminating delay absorbed, iii) buffer use, and iv) total number of assignment statuses (negative/zero/positive). 

 

 

7. RESULTS AND DISCUSSION 

7.1.  Delay absorption performance 

Figure 3 evaluates the performance of the dynamic assignment methods (HAA and FIFO) against the 

baseline STA across low (July), moderate (January), and severe (December) congestion levels. Figure 3(a) 

shows originating delay totals across all three methods and experimental windows. Under STA, originating 

delays were 11,662 minutes in January, 10,837 in July, and 39,141 in December. HAA and FIFO reduced these 

dramatically — to 599, 14, and 12,185 minutes respectively — demonstrating the clear advantage of dynamic 

assignment over static linkages. Figure 3(b) shows the rate of absorption of delays for each methodology during 

different seasons. While STA could absorb 79% in January, 60% in July, and 63% in December, on the other 

hand, both HAA and FIFO managed to absorb 99% in January, 100% in July, and 89% in December. This 

translates to an improvement of 19.62%, 39.79%, and 25.30% respectively from what STA could achieve. 

Delay left in December is due to hard limitations and cannot be solved through any scheduling methodology. 

  

 

  
(a) (b) 

 

Figure 3. Performance under varying congestion scenarios showing: (a) originating delays (min) across 

assignment methods and (b) delay absorption rates (%) across operational severity levels (Low: Jul, 

Moderate: Jan, and Severe: Dec) 
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7.2.  Assignment pattern analysis 

Table 5 classifies the assignments as negative, zero, and positive for each method and experiment 

periods. The FIFO algorithm results in a large number of negative assignments based on its chronological order 

because it causes yard capacity wastage. Positive assignments, that cause delays during originating time, are 

fewest under HAA (January=23; July=1; and December=145). The ideal zero assignments are non-existent 

under FIFO and the greatest in HAA for all months (January=35; July=39; and December=17). HA is very 

close to HAA, though it yields more negative assignments due to its offline approach. 

 

 

Table 5. Efficiency of distribution of assignment 

Month 
HAA HA FIFO 

Negative Positive Zero Negative Positive Zero Negative Positive Zero 

Jan 364 23 35 370 26 26 395 27 0 
Jul 400 1 39 415 1 24 439 1 0 

Dec 282 145 17 286 146 12 292 152 0 

 

 

Solver benchmark comparison: an exact ILP solver was tested alongside offline HA. Both ILP and 

offline HA achieved identical global minimum costs but required full advance knowledge of all arrival times. 

In contrast, HAA achieved 98.9% to 99.9% of HA/ILP delay reduction performance while enabling near-real-

time dynamic re-assignment without full schedule prescience. 

 

7.3.  Sensitivity analysis 

7.3.1. Congestion sensitivity 

Stress-testing HAA under varied arrival delay scaling factors (0.5 × to 2.0 ×) showed robust 

performance, maintaining over 88% delay absorption up to 1.5 × baseline congestion before platform 

bottlenecking caused minor performance degradation.  

 

7.3.2. Maintenance capacity sensitivity 

Varying washing line capacity (𝐶𝑎𝑝{𝑤𝑎𝑠ℎ} =  12 to 20) revealed that dropping below 14 lines 

increases yard queue times (𝑊𝑖) exponentially, reducing HAA buffer absorption by 18%, whereas expanding 

beyond 17 lines yields diminishing returns. 

 

 

8. CONCLUSION 

This study provide a methodological and empirical analysis of delay propagation and rolling stock 

assignment at NDLS, one of the busiest passenger terminal of the India. By analyzing 58,698 train movements 

from 2023, key findings reveal that 79% of terminating trains arrive late with a mean delay of 53 minutes, a 

significant correlation (r=0.491) exists between arrival and departure delays, and only 13% of the 6.86 million 

minutes of scheduled buffer is utilized under the current STA regime. 

To eliminate this inefficiency, a constraint based bipartite matching formulation and a DTA 

framework utilizing the HAA were developed. HAA achieved remarkable delay absorption rates of 99% in 

January, 100% in July, and 89% in December-outperforming STA by 19.6, 39.8, and 25.3 percentage points, 

respectively, while consistently beating FIFO and the HA. 

Transitioning from static allocations to dynamic assignment, dampens primary delay propagation, 

elevating national punctuality metrics and maximizing asset utilization without requiring heavy capital 

expenditure on infrastructure expansion. Though evaluated on NDLS, the mathematical framework is entirely 

network agnostic. It transfers seamlessly to global high-density hubs (like Tokyo Station, London Waterloo, 

and Paris Gare du Nord) by updating terminal-specific input parameters like platform counts, maintenance 

throughput, and turnaround times, without altering the core auction-based optimization logic. 

The deployment on real world, faces notable challenges including high sensitivity to real-time data 

accuracy, like GPS signal dropouts or stale feeds), institutional resistance among dispatchers, and operational 

coupling with crew rostering and locomotive allocation. Furthermore, fixed maintenance times vary across 

four distinct categories: primary, secondary, terminal, and RPC 4. 

Designed for straightforward integration into digital railway platforms as control office application 

(COA) or national train enquiry system (NTES), HAA enables automated dispatch recommendations via direct 

API based ingestion of real time GPS feeds. Future research will explore multi terminal network scaling, 

integrated dynamic timetable rescheduling, machine learning-based predictive delay modeling, and refined 

maintenance categories frameworks to further enhance system resilience and punctuality. 
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