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Abstract: Rail car availability and the challenges associated with the seasonal dynamics of log movements have 

received growing attentions in the Lake Superior region of the US, as a portion of rail car fleet is close to 

reaching the end of its service life. This paper proposes a data-driven study on the rail car peaking issue to 

explore the fleet of rail cars dedicated to being used for log movements in the region, and to evaluate how the 

number of cars affects both the storage need at the sidings and the time the cars are idled. This study is based 

on the actual log scale data collected from a group of forest companies in cooperation with the Lake State 

Shippers Association (LSSA). The results of our analysis revealed that moving the current log volumes in the 

region would require approximately 400–600 dedicated and shared log cars in ideal conditions, depending on 

the specific month. While the higher fleet size could move the logs as they arrive to the siding, the lower end 

would nearly eliminate the idling of rail cars and enable stable volumes throughout the year. However, this 

would require short-term storage and additional handling of logs at the siding, both elements that increase the 

costs for shippers. Another interesting observation was the fact that the reduction of a single day in the 

loading/unloading process (2.5 to 1.5 days) would eliminate almost 100 cars (20%) of the fleet without reduction 

in throughput. 

Keywords: log movement; rail car fleet size; freight rail transportation; integer linear programming model 

 

1. Introduction 

1.1. Background and Research Objectives 

Freight rail transportation relies on a fleet of circulating rail cars, either within specific service routes or 

areas or across the whole rail network. In addition to track infrastructure [1], operational restrictions [2] and 

service schedules [3], the capacity of rail transportation is directly related to the number of available rail cars and 

how efficiently they are circulated [4]. Rail cars are investments for their operators/owners and the return of 

investment depends mainly on their usage. From the perspective of rail car owners and railway operators, the 

objective is to always keep the cars moving, as they only provide revenue (excluding demurrage) when carrying 

a load. Therefore, any idling of a car is undesired. On the other hand, from the shippers’ perspective, the objective 

is to have a rail car available when it is needed to avoid any unplanned loss of productivity and related storage 

costs. 

Determining the optimal number of rail cars that meets the expectations of both shippers and 

operators/owners is a challenging task, further complicated by potential seasonal fluctuations in freight volumes. 

The challenge gets even more complicated if the number of origins, destinations and possible routes is large. The 

forest products movements (especially transportation of logs to the mills) in the Upper Midwest region (the 

Upper Peninsula of Michigan, Wisconsin and Minnesota) of the US is one example of a challenging location for 
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sizing a rail car fleet. Moving logs by rail from aggregation points to the mills has been a very cost effective and 

safe method of moving raw materials. Using rail has also provided social benefits by reducing the number of 

heavy log trucks on public highways and related emissions from the trucks [5]. However, recent rail rate 

increases are pushing more logs into truck transportation. One of the justifications for increased rail rates has 

been a need for the replacement of the rail car fleet, as many rail cars are close to reaching the end of their service 

life. However, neither shippers nor railroads have a clear understanding of the proper size of such a fleet that 

would meet the demands in the region and maintain the rail as a sustainable alternative for the industry. 

One fleet replacement alternative is the formation of a dedicated fleet of rail cars shared by all industry 

companies in the region. Shared fleet is expected to improve the efficiency of how cars are used, as cars no longer 

are limited to the origin–destination (OD) pairs of any individual company but can rather function as a single 

region-wide pool. This way, each car can be sent to the nearest location where it is needed, regardless of the 

specific company making the request. To secure funding for such a fleet, there is a need to determine the proper 

size of the fleet based on the efficient utilization of the cars. 

This rail car fleet size study on freight storage and car idling was conducted to provide the industry with 

insights and benchmarking values for the openly accessible fleet size in ideal conditions. It explores the number 

of rail cars in the region, considering an actual database collected from the forestry companies. It also provides 

scenarios to evaluate how the number of cars affects the storage need at the sidings and the time the cars are 

idled. The analysis is the first step toward justifying investment in cars that is needed to continue and hopefully 

expand the log movements on rails and the overall sustainability of rail networks in the region. 

1.2. Literature Review 

Several studies have addressed the challenges of sizing the rail car fleet [6–11], with most studies focusing 

on a particular methodology to define the optimized fleet size. For example, Sherali and Maguire [6] suggested 

the coordinated use of static and dynamic fleet-sizing models to determine the minimum fleet size for providing 

adequate service to an automobile company. Bojovic [7] developed a mathematical model based on the general 

system theory to determine an optimal number of rail freight cars that satisfy a demand for the transportation 

of goods on a railroad network under consideration. Sayarshad and Ghoseiri [8] proposed a heuristic method to 

optimize the fleet size and freight car allocation, assuming car demand and travel times are deterministic and 

unmet demands are backordered. Yaghini and Khandaghabadi [9] further developed the model by adding rail 

car ownership, holding empty cars at stations, and adding departure and arrive schedule for cars. Milenkovic 

and Bojovic [10] developed a fuzzy linear dynamic model of rail car flows in a network considering uncertain 

demands. 

Rail car fleet sizing models are also highly related to the studies that consider distribution problem of empty 

rail cars [12-15]. White and Bomberault [12] provided one of the earliest studies of the empty car distribution 

problem using a network-flow model. Joborn et al. [13] proposed a capacitated network-design model that 

considers economies of scale for the distribution of empty cars, and developed a tabu search heuristic algorithm 

that can be applied at both the tactical and strategic levels. Narisetty et al. [14] developed the mathematical 

model to create a tool to provide quantitative answers to questions about the car-assignment problem. The model 

seeks to reduce transportation costs and improve delivery time and customer satisfaction. More recently, 

Heydari and Melachrinoudis [15] developed the empty railcar distribution model considering the block and 

capacity of trains. 

One of the limitations of the studies reviewed above is their reliance on virtual networks and freight flows 

to test the models. For example, Bojovic [7] tested his model on a hypothetical network with five stations, and 

Milenkovic and Bojovic [10] also demonstrated the numerical example on the network with two stations on a 

four-day planning horizon. Another limitation of previous studies seems to be the absence of detailed data on 

actual rail operations (e.g., the rail transit time estimation from real routes/schedule of trains). If such data was 

available or used, it was not reported in studies reviewed. For detailed models, the knowledge of the rail transit 

time between all origin–destination pairs is one of the critical factors when identifying the number of rail cars 

needed. Previous studies have estimated rail transit time by either the probability distribution function, such as 

the fuzzy Gaussian probability density function [10], or by using historical data for the same OD pairs [16]. We 

have approached the challenge by developing the rail transit time function based on real train schedule and 

routing data obtained from the rail service provider. 

Overall, our study expands the body of knowledge in the rail car fleet sizing problem by: (1) providing an 

improved understanding of the impact of rail car fleet size and loading/unloading efficiency on freight storage 
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and car idling, and (2) actual and detailed industry shipment and rail operation data as the foundation for 

methodology and analysis, as provided by the involved shippers and rail carriers. 

2. Materials and Methods 

2.1. Log Movement Data Collection 

Our research relied on a confidential and comprehensive dataset of log movements to 11 mills in the region 

during the calendar year of 2017, provided by five forest industry companies of the Lake State Shippers 

Association (LSSA). The main study area covers the state of Wisconsin, Minnesota, and the Upper Peninsula 

(UP) of Michigan in the US. The data from each mill included the following: the origin and destination of log 

shipments (from forest landing, or rail siding to the mill), the quantity transported (tons or cords), the 

transportation costs, the date, a unique identifier (trip ticket number), and the rail sidings utilized (as necessary). 

While the identifiable data on individual shipments and mills cannot be released due to confidentiality, the LSSA 

website [17] provides more information on the research project and the source of the data. 

Table 1 provides summary of the log movement data used in the project. The confidential data were 

collected by mail with a secured flash drive or by upload to a secured cloud storage. As shown in Table 1, we 

used 15,740 log tickets (we assumed one ticket indicated one rail car) for a total of 1,342,603 tons of log 

movements by rail for the analysis. Although we knew the modal distribution between rail cars and trucks, our 

sample concentrated on logs currently moving by rail cars. Hence, the logs moving to mills by trucks were 

excluded from this specific analysis. For infrastructure data, we used the actual rail network and rail sidings 

status data provided by US Department of Transportation (DOT) [18] and by the regional rail carriers. 

Table 1. Summary of log movement data. 

 Category Description of Data 

1 Data Source 5 forest companies and 11 mills 

2 Collecting Method Mail or secured cloud storage 

3 Total Freight Log tonnage = 1,342,603 tons 

4 Rail Car Loads 15,740 records of rail shipments 

5 Origins/Destinations  Number of origins (rail sidings), 28; and destinations (mills), 11 

6 Analysis Period 2017 (January–December) 

7 Study Area 
Wisconsin (WI), Minnesota (MN), and the Upper Peninsula (UP) of Michigan 

(MI) in the US 

8 Infrastructure 
Actual rail network provided by US Department of Transportation (DOT) 

Rail siding data currently open/closed by regional rail carriers 

Table 2 provides the monthly averages for the log tickets moved by rail. There are great 

differences between the mills, as some of the mills rely mainly on truck movements. There are also 

fluctuations between the months, mainly due to seasonal harvesting or transportation conditions. 

April has the lowest number of tickets (1042) and September the highest (1576). 
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Table 2. Total number of monthly log tickets moved by rail. 

Month 

Mill 
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Total Standard Deviation 

Mill 

1 
204 153 192 91 59 186 128 120 158 136 142 95 1664 43.6 

Mill 

2 
16 19 21 23 2 6 32 32 36 17 60 37 301 15.6 

Mill 

3 
20 21 15 3 12 9 11 5 15 46 42 40 239 14.7 

Mill 

4 
10 - - 2 2 - 19 30 10 67 44 19 203 20.9 

Mill 

5 
198 194 150 204 174 194 183 165 172 176 153 194 2157 17.8 

Mill 

6 
16 16 22 22 26 12 17 11 23 26 17 - 208 7.4 

Mill 

7 
- 2 - - - - 1 4 2 3 2 - 14 1.4 

Mill 

8 
11 22 4 2 12 58 72 88 65 54 37 40 465 28.8 

Mill 

9 
319 285 339 149 282 460 396 356 351 382 264 218 3801 83.8 

Mill 

10 
147 149 115 85 145 127 140 157 104 104 55 77 1405 32.7 

Mill 

11 
286 265 287 461 598 307 468 597 640 531 445 398 5283 133.6 

Total 1227 1126 1145 1042 1312 1359 1467 1565 1576 1542 1261 1118 15,740 189.7 

Min/ 

Max 
   Min     Max      
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2.2. Rail Operations Data Collection 

In addition to the log shipments, data from rail operations in the study area was collected 

directly from the main rail carriers operating in our study area. CN Railway (CN) and Escanaba & 

Lake Superior Railroad (E&LS) are the main Class 1 and regional rail carrier in this region, 

respectively. As detailed rail operation data is not publicly available, many past studies have not 

accounted for specific train schedules and operations, but rather assumed rail as “shortest path” 

movements and trains stopping at each siding to pick-up and/or drop-off cars. CN graciously shared 

detailed data and schedules for 35 trains operating between 72 OD pairs in the region with the 

research team, which was critical for the detailed operational analysis. For E&LS, the operational 

snapshot from the operations and train delay reports (TDRs) during the last quarter of 2018 was 

provided. Since the rail operation data, such as train routings and schedules, are confidential, the 

specific values are not included in the paper. The data used in the analysis included each train origin–

destination, functions at each siding (drop/pick-up/pass), schedules at each location, days of 

operation and connecting trains at yards. The availability of this data allowed us to build realistic 

route plans that meet the trains’ actual paths and schedules. 

The GIS map in Figure 1 depicts all current rail tracks and the rail sidings in study area, although 

some of the segments and sidings have been out of service for extended period of time. Figure 1 also 

shows the main rail routes of log movement, created based on the rail shipment data collected for 

this project. All geographical preprocessing and spatial analysis were conducted using ESRI ArcMap 

10.3. 

 

Figure 1. Main rail routes for current log movements in the study area. 
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2.3. Rail Transit Time Estimation Model 

The analysis investigated the rail car fleet size needed for moving logs in the study area and the 

impact of the fleet size and loading/unloading time on rail car idling and on intermediate log storage 

needs prior to rail transportation. We developed a large-scale Integer Linear Programming (ILP) 

model to estimate the number of rail cars needed in the study area. We applied the model to two 

scenarios: 

Scenario 1: Logs move by rail as soon as they arrive (eliminate storage). 

Scenario 2: Logs can be moved immediately or temporarily stored at the siding as they arrive 

(storage available as alternative). 

 

For both scenarios, we assumed that the total time to ship the logs consisted of the loading time 

at the origin site, the hauling time, and the unloading time at the destination (Figure 2). 

 

Figure 2. Shipping formula. 

In Figure 2, ���  indicates the rail hauling days to move from origin i to mill j (same as j to i); the 

loading/unloading days are expressed by l and u, respectively; ��� means the number of rail cars 

about to be loaded at the origin i at day a; and ���  indicates the number of rail cars that finish 

unloading at the mill j at day b. An empty rail car at day b can be reassigned to any other rail siding 

for loading. 

Since we already knew the day b based on the log movement data collected from the forest 

companies, it would be possible to calculate day a if we knew the rail hauling days. However, such 

estimation of rail hauling days (���  in Figure 2) is challenging as there is little information on the 

actual rail operation between all OD pairs. Instead of using the rail hauling days estimated from past 

research, we developed our estimation model through multiple regression analysis that determine 

the hauling days it takes to move from siding to siding, based on the actual timetable data collected 

from regional rail carriers. Together with the general approach of the step-wised multiple regression 

analysis, we selected two highly correlating decision variables to estimate rail hauling days in the 

study area as follows: 

Y = 1.24 + 0.01��+ 0.76�� (1) 

where y is the rail freight hauling days between OD pair, X₁ is the rail distance between each OD pair, 

and X₂ is rail carriers at origin and destination (if both are the same = 0, otherwise = 1) 

In this paper, we did not consider the OD pairs which are operated outside of our study area. 

Thus 52 OD pairs in total were identified from the actual train schedule data by the two rail 

companies and used to develop this regression model. The adjusted ��of the model was 0.74. Our X₂ 

variable was included in the model, as we found that the value of adjusted ��  decreased if we 

considered the OD distance as the only variable. Eventually, we applied this equation into those OD 

pairs that did not have past routings. Table 3 provides the average rail hauling days per shipment, 

calculated by the multiple regression model. As shown in the table, the average rail hauling days for 

log shipments ranged from 3.1 to 3.7 days in the study region. Table 3 also shows the variations of 

hauling days between months per each mill. It was found that Mill 3 has the highest standard 

deviation of average rail hauling days (1.23) and the hauling days had the highest average in 
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December and the lowest in May. The hauling days (���) parameter developed through this regression 

model was used by our large-scale ILP optimization model to determine rail car needs under two 

different scenarios, as described above. 

Table 3. Average rail hauling days by month. 

Location 

Month 

Mill 

1 

Mill 

2 

Mill 

3 

Mill 

4 

Mill 

5 

Mill 

6 

Mill 

7 

Mill 

8 

Mill 

9 

Mill 

10 

Mill 

11 

Grand 

Average 

Jan 4.74 3.06 3.2 6 3.22 3 - 5.09 2.92 4.2 3.21 3.54 

Feb 4.42 3.11 4.33 - 3.13 3 6 5 2.87 4.43 3.18 3.49 

Mar 5.49 2.19 5.13 - 3.11 3 - 5 2.96 4.82 3.08 3.64 

Apr 5.63 2.13 4.33 6 3.16 3 - 5 3.04 3.98 3.09 3.38 

May 3.97 2.5 3 6 3.07 3 - 5 2.82 3.93 3.09 3.18 

Jun 4.66 2.67 3 - 3.15 3 - 5 2.75 4.02 2.93 3.33 

Jul 4.52 2.81 5.18 6 3.07 3 6 5 3.04 3.97 3.36 3.51 

Aug 4.67 3.44 6.2 6 3.08 3 6 5 3.13 3.92 3.35 3.59 

Sep 4.62 3.75 5.4 6 3.05 3 6 5 3.14 3.83 3.14 3.46 

Oct 4.88 3.06 6.57 6 3.02 3 6 5 3.18 3.92 3.22 3.67 

Nov 4.67 4 6.07 6 3.04 3 6 5 3.09 3.85 3.23 3.65 

Dec 5.86 3.43 5.95 6 3.21 - - 5 2.91 3.82 3.36 3.69 

Grand Average 4.85 3.25 5.32 6 3.11 3 6 5 2.99 4.08 3.2 3.51 

Standard 

Deviation 
0.52 0.56 1.23 0 0.06 0 0 0.02 0.13 0.28 0.13 0.15 

3. Analysis on the Impact of Rail Car Fleet Size on Freight Storage and Car Idling 

3.1. Set, Decision Variables, and Input Parameters for Optimization Models 

Two ILP models were developed to estimate the optimal number of rail cars under each of the 

two scenarios described in the previous section. Table 4 provides the sets, decision variables, and 

input parameters used in the mathematical models. 

Table 4. Notations for set, decision variables, and input parameters. 

Sets 

 I = Set of rail sidings, � ∈ � 

 J = Set of mills, � ∈ � 

 A = Set of day that loading a freight on a rail car is about to start, � ∈ � 

 B = Set of day that unloading a freight from a rail car is completed, � ∈ � 

Decision Variables 

 ��� = Number of rail cars added at origin i at day a 

 ����� = Number of rail cars reassigned from mill j at day b to origin i at day a 

 ��� = Number of idled cars at mill j at day b 

 ��� = Number of carloads (tickets) deferred (stored) at origin i at day a 

Input Parameters 

 ��� = Number of rail cars to be loaded at the origin i at day a 

 ��� = Number of rail cars to finish unloading at the mill j at day b 

 ��� = Hauling days to move from origin i to mill j (same as j to i) 

 � = Days to load freight to a rail car at origin 

 � = Days t to unload freight from a rail car at destination 
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3.2. Scenario 1: Logs Moved by Rail as They Arrive (Eliminate Storage) 

In Scenario 1, no storage was allowed at the rail siding or yard, so a rail car was expected to be 

present when the load arrived by truck. If no cars were available in the existing fleet, a new rail car 

was added to the fleet to pick up the load. The mathematical model of scenario 1 is as follows: 

SCENARIO 1 MODEL 

Min � � ���

��

 (2) 

� � �����

��

+ ��� = ��� +  �(���)� ∀� ∈ �, � ∈ � (3) 

� � �����

��

+ ��� = ��� ∀� ∈ �, � ∈ � (4) 

��������� − (� − �)� ≤ 0 ∀� ∈ �, � ∈ �, � ∈ �, � ∈ � (5) 

�����, ���, ��� = �������� �������  

Note that ��� = ��� + � + ��� + �. The first term (2) of this model indicates the objective function 

that minimizes newly added rail cars in this study area. The second term (3) is a constraint to ensure 

that the sum of the number of cars finished unloading and the number of cars idled on previous day 

is equivalent to the sum of the number of cars reassigned and the number of cars left idling. The next 

constraint (4) ensures the number of cars loading at rail siding i at time a is the same as the sum of 

car reassignments from all j locations at time b and newly added cars at rail siding i at time a. The 

final constraint (5) checks that rail hauling days are smaller than the difference between loading day 

(a) and unloading day (b). Otherwise, the rail car will not be reassigned, as it would fail to arrive to 

the origin in time for the next load. 

3.3. Scenario 2: Logs Can be Moved or Stored as they Arrive (Storage Available as Alternative) 

In Scenario 2, the number of rail cars available in the system was predetermined. If no rail car 

was available at the time a truck load arrived at the siding or yard, the new car would only be added 

to the system if the predetermined maximum fleet size had not been reached. If the maximum fleet 

size had been reached, loads would be placed on temporary storage at the siding until an empty car 

could be brought for loading. The mathematical model of Scenario 2 is as follow: 

SCENARIO 2 MODEL 

Min � � ���

��

 (6) 

� � �����

��

+ ��� = ��� +  �(���)� ∀� ∈ �, � ∈ � (7) 

� � �����

��

+ ��� + ��� = ��� + �(���)� ∀� ∈ �, � ∈ � (8) 

��������� − (� − �)� ≤ 0 ∀� ∈ �, � ∈ �, � ∈ �, � ∈ � (9) 

� � ���

��

≤ ��� � (10) 

�����, ���, ���, ��� = �������� �������  

The main differences between Scenario 1 and Scenario 2 are the objective function and the 

constraints (8) and (10). The objective function (6) of this model minimizes number of carloads 

(tickets) deferred (placed in storage) at origin i at day a. The term (8) is equivalent to the following 

equation: 

(Number of reassigned cars) + (Number of added cars) + (Number of stored carloads) 

 = (The number of cars to be loaded) + (Number of carloads in storage from previous days)  

The equation ensures that the total sum of the reassigned empty cars, newly added cars, and 

stored carloads is equivalent to the sum of the number of rail cars to be loaded and the number of 

carloads in storage from previous days. 
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Finally, the constraint (10) makes sure that the total number of added rail cars do not exceed the 

predetermined maximum number of rail cars in the system. Note that a minimized ���  in an 

objective function would lead to a maximized ���  by the equation in term (8), but ���  is constrained 

by the maximum number of rail cars (maximum fleet size) in term (10). In this analysis, we assumed 

the value of “MAX x” in term (10) is 493 which is determined based on the number of rail cars needed 

during maximum and minimum tonnage months in Scenario 1 (April and September). 

In this study, we use the ILP solver of IBM ILOG COS (CPLEX Optimization Studio) 12.7 with 

Python API, which is based on the dynamic search algorithm. The dynamic search algorithm in 

CPLEX basically consists of four blocks; pre-processing, LP relaxation, branch and cuts, and heuristics 

[19]. The pre-processing step reduces the size of the problem and improves the formulation through 

a probing technique that analyses the logical implications of fixing each binary variable to 0 or 1. For 

heuristics, the relaxation induced neighborhood search (RINS) algorithm [20] was selected in this 

project. The details of this built-in RINS algorithm is shown in an IBM ILOG COS document [21]. All 

experiments were run on a 3.6 GHz Core i7 processor with 16 gigabytes of RAM. 

4. Results 

4.1. Result of Scenario 1: Storage not Allowed 

In Scenario 1 all logs must have rail car available at the rail siding at the time of their arrival. We 

first conducted the analysis for two months of shipments, the one with the lowest volume (April) and 

the one with the highest (September). Then, we applied the same model to the log movements for the 

whole year of 2017. Figure 3 shows the minimum number of rail cars required to ship the rail tonnage 

with no allowance for storage. A minimum of 405 and 580 rail cars would be needed to deliver rail 

tons in April and September, respectively. If we consider a whole year, the minimum number of rail 

cars to satisfy the annual rail tons in the study area is 593. We believe that the full year number is 

slightly higher due to the comparatively shorter average hauling days per shipment in September 

than the average rail hauling days of the year. It should be noted that this number considers the whole 

fleet to be dedicated to the region and available for shipments by any of the companies participating 

in the study. We compared the fleet size minimum and maximum with the actual fleet size in the 

region (obtained from CN Railway) and found it to be between our estimated values, providing a 

level of validation to our estimate. 

 

Figure 3. Fleet size results of Scenario 1: storage in origin sites is not allowed. 

Figure 4 provides a graphical representation of the daily status of rail cars. An idled car indicates 

a rail car is not utilized for the freight shipment on the specific day. New-added car means that none 

of the cars from the current fleet (we started with 0 on day one) are available for the shipment, so a 
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new car is added to the model. As expected, new cars were added over the first month until the fleet 

reached its full size of 593 in early February. Once the full size was reached, some cars were idled 

from time to time. For the great majority of the year, the number of idled cars was approximately 25 

(< 5% of the fleet). The idling rate remained fairly static throughout the year, which suggests that 

demand was able to adjust to seasonal variations. As all shipments were ended on 31 December, the 

idling increased significantly in December. 

 

Figure 4. Scenario 1: added and idled cars by day. 

4.2. Result of Scenario 2: Storage Allowed at Origins 

Scenario 2 examined the impact of a reduced rail car fleet size on the number of cars left idling and on the 

amount of intermediate log storage needed due to a smaller fleet. We examined four alternatives, varying both 

the size of the rail car fleet and the time it takes to load/unload a car (Table 5). The fleet size of 493 rail cars used 

in the first alternative was selected based on the average number of rail cars between the maximum and 

minimum fleet sizes (September and April) calculated in Scenario 1. For loading and unloading days, we 

assumed 1.5 days or 2.5 days (each), based on input from the forest companies. For example, in Alternative 1, 

there are 493 rail cars available for the log movements in the study region and it takes 1.5 days to load or unload 

each rail car load in all origin and destination sites. In Alternative 4, there are only 400 rail cars available and it 

takes 2.5 days for both loading and unloading. 

Table 5. Four alternatives under Scenario 2. 

Loading +Unloading 

Days 

Max. Available Fleet Size 

1.5 Days + 1.5 Days 2.5 Days + 2.5 Days 

493 Alternative (1) Alternative (2) 

400 Alternative (3) Alternative (4) 

Figures 5 and 6 show the results of the four alternatives under Scenario 2 in graphical format. 

Both Figures show the amounts of logs that required storage (in carloads), as well as the number of 

added and idled rail cars per day. All the alternatives had some idled cars (mainly in the spring) and 

some storage (summer and fall). As expected, Alternative 1 (Figure 5a) with a larger car fleet and 

quicker loading/unloading see much less storage and more idling than the other alternatives, 

especially Alternative 4 (Figure 6b) which has a smaller fleet and longer loading/unloading times. 

Under Alternative 4, car idling is almost eliminated (except at the end of year, as the simulation was 

not continued to the next year). 
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(a) 

 

(b) 

Figure 5. Scenario 2 (Alternatives 1 and 2), added and idled cars and stored car loads by day. (a) 

Alternative 1: 493 cars—loading (1.5 days)/unloading (1.5 days); (b) Alternative 2: 493 

cars— loading (2.5 days)/unloading (2.5 days). 
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(a) 

 

(b) 

Figure 6. Scenario 2 (Alternatives 3 and 4), added and idled cars and stored car loads by day. (a) 

Alternative 3: 400 cars—loading (1.5 days)/unloading (1.5 days); (b) Alternative 4: 400 cars—loading 

(2.5 days)/unloading (2.5 days). 

To better understand the need for storage with different alternatives, we calculated the 

percentage of car loads stored, as well as the average storage days at the origin sites (Table 6). The 

table shows that a one day increase in unloading and loading time results in a double-digit increase 

in stored loads and almost doubles the average days spent in storage. We can also see that the results 

for Alternative 2 and 3 are very close. This suggests that the storage impact of one added day in the 

loading/unloading process equals the removal of almost 100 cars from the fleet rotation. We also 

found that 400 car rotation would eliminate idling, but 31–47% of logs would be stored (Alternatives 

3 and 4), depending on the loading/unloading time. In Alternatives 3 and 4, the average storage time 

was 3–5 days, but we found a great variation between individual sidings. For example, under 
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Alternative 4 the storage days (average 5.3) ranged from 2.8 days (Gulliver, MI, USA) up to 25.1 days 

(Crivitz, MI, USA). 

Table 6. Percentage of carloads stored and the average storage days under Scenario 2. 

 
Percentage of Carloads Stored at 

Origin 

Average Storage Days at 

Origin 

Alternative (1)—493 cars, 

1.5/1.5 days 
8% 1.7 days 

Alternative (2)—493 cars, 

2.5/2.5 days 
30% 3.0 days 

Alternative (3)—400 cars, 

1.5/1.5 days 
31% 2.9 days 

Alternative (4)—400 cars, 

2.5/2.5 days 
47% 5.3 days 

5. Discussion and Conclusions 

The availability of rail transportation for log movements in the Upper Midwest region of the US 

is considered essential to maintaining the economic health of the industry, as well as reducing the 

environmental and social impacts from large log trucks. As rail traffic has dwindled and an increasing 

portion of existing rail car fleet is reaching the end of its service life, neither shippers nor railroads 

have had a clear understanding of what fleet size would meet the demands in the region and maintain 

rail as a sustainable alternative for the industry. 

One fleet replacement alternative is the formation of a dedicated fleet of rail cars shared by all 

industry companies in the region. We used actual log shipment and train movement data to develop 

ILP models for estimating the size of shared rail car fleet needed to move the current log volumes. 

While the analyses conducted were hypothetical (we have only a part of the actual rail car routing 

data), they were based on true data and provide a solid foundation for future activities in the region, 

whether they relate to fleet size determinations or to the efficiencies in car circulation. 

The analysis revealed that approximately 400–600 dedicated log cars, depending on the specific 

month, would be able to move the logs without any temporary storage at the origin. This would 

remove all excess empty kilometers by cars and provide the fastest circulation possible, but it would 

also require that each car in the fleet be immediately moved to the nearest location needing a car after 

unloading (independent of the company in need of service). If the high end of fleet size were available 

for the whole year (593 cars), logs could always move forward in timely fashion, but on average 25 

cars (5% of the fleet) would be idling on any given date. 

We also investigated how variations in the fleet size and loading/unloading times would impact 

the temporary storage need for logs at the origin site. We were able to almost eliminate the car idling 

by reducing the fleet size to 400, but 31–47% of loads would have to be stored on average for 3.0–5.3 

days, depending on the loading/unloading time. This would be the preferred situation from the rail 

operator perspective, as the cars only provide revenue when moving with logs. On the other hand, it 

would require temporary storage of logs at the siding, both elements that increase the costs for 

shippers. With 493 cars and 1.5 days of loading/unloading, only eight percent of the loads would 

have to be stored, but this would increase to almost 30 percent if loading/unloading were each 

increased by a day. The analysis under Scenario 2 also revealed that a reduction of a single day in the 

loading/unloading process (2.5 to 1.5 days), would eliminate almost 100 cars (20%) from the fleet 

without a reduction in throughput, suggesting that opportunities for processing time reductions are 

a noteworthy strategy to look into in the future. 

While the study received unprecedented support from shippers and rail carriers, there were 

certainly limitations that should be recognized when interpreting the results. For example, the car 

peaking and fleet size analysis used ideal conditions with no consideration for foul weather or 

equipment-related delays. In reality, both weather and equipment issues are likely to create some 

uncertainty in the results and should be accounted for in the actual fleet size. These stochastic 
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considerations will be included in the next phases of the research, but to maintain the high level of 

accuracy of our analysis, we will collect detailed industry data on weather-related delays, equipment-

related failure rates, and the frequencies and durations of maintenance activities. 

In addition, the analysis considered all cars to belong to a single equipment pool shared by all 

the companies and mills. In reality, some cars are privately owned and their routes are limited to the 

controlling company, reducing the opportunities to optimize fleet circulation. We believe that one 

option to address this shortcoming in future research is through bilevel programming to analyze how 

decisions by one party (the administrator of the pool) or by the rail service provider impact the needs 

by any individual companies using the pool resources. However, we also recognize that some of the 

necessary data for these analyses may be inaccessible due to data confidentiality. 
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