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Abstract A carousel system is an example of an automated storage and retrieval system that is used in

distribution centers and manufacturing facilities. We analyze the impact batch retrieval processing has on

throughput performance for horizontal carousel systems that use automated storage and retrieval machines

as robotic pickers. By developing an analytical cycle-time model we provide the theoretical base necessary

to support the management decision of whether to batch or not. We conduct a computational experiment

to test the accuracy of our analytical model, to demonstrate how our approach can guide management

decisions, and to illustrate the throughput improvements that can be realized through the use of a batch

policy. Testing indicates that batch processing increases carousel throughput performance over sequential

processing. For the instances tested, batch processing resulted in an average decrease in cycle time over

sequential sequencing of 20%. Our results indicate that with batch retrievals, adding to the carousel’s length

increases storage capacity with a negligible impact on the carousel’s throughput performance.
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1. Introduction

Automation of material handling is common in production and distribution environments.

Carousel systems are an example of an automated storage and retrieval system that are used

for storing products (such as components or finished products) until requested for retrieval. In

production, items are requested as part of the bill of materials required to build a finished product

order. In distribution, products are requested to fulfill a customer order. Order fulfillment is the

process of securing an order and applying resources such as inventory, labor, and information to

transfer the set of items in the order to the user. In both environments, order fulfillment is a critical

task because of its simultaneous impact on the cost and the accuracy of the distribution process.

A carousel system consists of storage locations that rotate in either direction around a closed

loop. The system is served by an operator (either human or robotic) that is at a fixed picking

position. In our work we focus on horizontal carousel systems that use automated storage and
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retrieval machines (S/R machines) as robotic pickers. In such a system, each horizontal carousel

system has a dedicated S/R machine. By using S/R machines, throughput performance can be

improved. Also, vertical storage density can be increased as the height of the carousel is not

restricted by human reach capabilities. A top and side view of such a system is illustrated in

Figure 1. In a carousel system each column (denoted as a pick face) is divided into a fixed number

of storage locations. One tote is stored in each storage location; consequently, a pick face is a

vertical column of totes. We study a carousel system that has a dedicated S/R machine with dual

shuttles (i.e., the S/R machine has two tote locations).

Horizontal Carousel
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Machine 
with Dual 
Shuttles

Pick 
Face

Horizontal Carousel

S/R 
Machine 
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Shuttles
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Figure 1: A Visual Depiction of a Carousel System Serviced by an S/R Machine: (a) Top View and (b) Side View.

After either a storage or retrieval operation, the carousel can rotate horizontally while the S/R

machine travels vertically downward to return to the I/O point, drops off a tote, retrieves a tote

for storage, and travels vertically upward to the position in front of the next retrieval location.

Depending on the location of the next retrieval and the configuration of the system, either the

carousel will wait on the S/R machine or the S/R machine will wait on the carousel. To determine

the throughput performance, we need to consider that the cycle time is the maximum of the

carousel’s rotation time and the S/R machine’s travel and handling time. Therefore, an important

dynamic in modeling the throughput performance is to model the system as a “race” between the

horizontal carousel and the S/R machine.

High-value products and short lead time requirements result in carousel systems being used

in pharmaceutical, mail order, media, industrial parts suppliers, and retail distribution facilities

(SCS High-Performance, 2006; Horizontal Carousel Systems, 2012). Carousel systems are employed

in manufacturing stockrooms and are used to increase control and speed in building production

kits, as well as serving as temporary repositories of subassemblies. Carousel systems can help

meet customer requirements such as reduced error rates and lead times, can reduce labor costs

by eliminating the walking and searching associated with picker-to-stock systems, and can provide

high product density by using vertical space effectively. These advantages come at the expense of
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substantial capital investment in infrastructure.

Carousel systems with S/R machines are connected (typically via conveyors) to remote picking

stations, where human pickers conduct piece-level order-fulfillment processes. In such a system,

human order-pickers pick the requested items from the retrieved totes and put them in order

containers. The residual items in totes are stored back in the carousel system.

As carousel systems are typically limited by throughput capacity (rather than by space capac-

ity) (Meller and Klote, 2004), multiple carousel systems may be implemented to meet throughput

requirements. An alternative to increasing the number of carousel systems (which is financially ex-

pensive) is to increase throughput performance through management strategies. One such strategy

is to implement batch processing.

What is required of a carousel system is to deliver the appropriate stored totes to fulfill a set of

requests. The requests can be made one order at a time (sequential order processing) or for multiple

orders at a time (batch order processing). There are two reasons why batch order processing is more

efficient. First, when the same tote would need to be retrieved for one or more orders, retrieving the

tote once decreases the total number of totes to retrieve. Second, with more requests, the distance

between two totes that are needed decreases, which decreases the average time to retrieve the next

tote. Consequentially, by batching, the totes can be sequenced such that the total cycle time for a

batch of orders is shorter than the sum of the individual cycle times. Batching may have a slightly

negative impact on the response time for an individual order at downstream remote picking stations

because a first-in-first-serve discipline is not applied. Also, the picking process may increase as the

operator has to decide which order to put the item in among multiple order containers. Therefore,

the timeliness of the requests needs to be balanced with the efficiency of the carousel system when

deciding whether to batch order requests.

While batching is extremely common in practice, we are aware on no academic literature that

is capable of determining the throughput performance of a carousel system using an S/R machine

when batch retrievals are performed. Consequently, the contribution of our research is to provide

the theoretical base necessary to support the management decision of whether to batch or not.

To do so, we develop an expected-cycle time model with batching for a carousel unit with an

S/R machine. Consequently, our model is intended for use by management in production and

distribution center environments, as well as material handling technology providers interested in

decisions involving carousel systems with batch processing.

The remainder of this paper is organized as follows. In Section 2 we review relevant literature

related to carousel performance models. In Section 3 we discuss our approach for our cycle time
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model, which includes defining modeling notation and stating modeling assumptions. We develop

an expected cycle-time model for a carousel with an S/R machine performing batch retrievals

based on probability theory in Section 4. In Section 5 we validate our analytical model with a

discrete-event simulation and demonstrate how our approach can guide management decisions by

illustrating the throughput benefits of batch retrieval processing. Finally, in Section 6 we conclude

the paper and discuss opportunities for future research.

2. Literature Review

The literature on carousels is extensive (see Hassini (2008) and the references within), and can

be classified into the following problem areas: rotation strategies, assignment of storage locations,

and performance models.

Bartholdi and Platzman (1986) wrote the seminal paper on carousel rotation strategies and

model the storage locations as continuous points on the circumference of a circle. Other work on

rotation strategies includes Ghosh and Wells (1992); Lee and Kuo (2008); Wen and Chang (1988).

Focusing on optimal storage policies, Bengü (1995) proves the organ-pipe storage assignment policy

is optimal for minimizing the expected rotation time for a fixed sequence of items in one carousel.

The organ-pipe policy assigns the most-active product first, then the next-most-active product is

iteratively placed at the closest-available position to the most-active product. Additional storage

location assignment research includes Hassini and Vickson (2003); Jacobs et al. (2000); Vickson

and Lu (1998).

Our work contributes in the area of carousel performance models. Expected cycle-time models

are developed by determining single and dual-command times that are then used to establish

throughput performance. In a single-command cycle, a single storage or retrieval is performed,

whereas in a dual-command cycle, a storage and a retrieval are performed in one cycle. When

human pickers are used, carousels are commonly utilized in pods with more than one carousel unit

per pod. This configuration allows one carousel in the pod to rotate to the next pick location

while the picker retrieves an item from another carousel in the pod. With a robotic picker, each

carousel has a dedicated S/R machine; therefore, carousel systems can be analyzed independently.

Literature on carousel performance models can be characterized by (i) the type of picker (human

or robotic), (ii) the number of carousel systems (a single-carousel system or a pod of carousels),

and (iii) the number of items picked (a single item or a batch of items).

Performance models for single-carousel models with a human picker focus on minimizing rotation

time. Litvak et al. (2001) determine the expected rotation time when a nearest-item heuristic is
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used to pick a batch of items. Wan and Wolff (2004) investigate the rotation time of a carousel

when items that are likely to be in the same order are stored near each other. Litvak (2006) studies

the problem of minimizing the rotation time needed to collect one order when the number of items

in an order is large and the item locations follow a non-uniform continuous distribution. Park and

Rhee (2005) determine the mean and variance of the rotation time when organ-pipe storage is used.

Carousel-pod models with a human picker incorporate a “race” dynamic between the carousel

rotation time and the human order picker. Park et al. (2003) study the problem of two carousels

with random storage and one picker with a batch size of one. By showing that the waiting times of

the picker form a continuous state Markov chain, they determine the expected picker waiting time

and determine the system throughput and picker utilization for both deterministic and exponential

pick times. Vlasiou et al. (2004) extend Park et al. (2003) by allowing the pick times to follow

more general distributions. Meller and Klote (2004) develop carousel-pod throughput models with

human order-pickers fulfilling batches of orders. A model for the rotation time of a single carousel

with a uniform storage policy is developed that is exact for the case of a single retrieval and

asymptotically exact for retrieving more than one item.

Models for carousel systems that use robotic pickers (i.e., S/R machines to load and unload

totes) focus on single-carousel systems with a batch size of one (Sarker and Babu, 1995). Han and

McGinnis (1986) estimate the expected dual-command cycle time in a standard carousel when the

nearest-neighbor rule for sequencing retrievals is applied. Han et al. (1988) estimate the expected

dual-cycle time of a unit-load rotary rack, which is a carousel system where multiple levels of

storage racks are able to rotate independent of one another. Hwang and Ha (1991) present a

model for the expected cycle time in a standard carousel and develop a cycle-time model for a

double carousel system, which consists of two independently rotating carousels on top of each

other. Hwang et al. (1999) consider both one and two-level carousel systems with two shuttles.

Ha and Hwang (1994) analyze a two-class-based storage assignment policy. Su (1998) studies

three rotational configurations: when all levels of the carousel are moved synchronously, when each

level of the carousel can independently move by switching a single motor, and when each level

of the carousel has its own motor and can move independently. Hwang and Choi (2003) develop

an economic design model that minimizes initial investment and operation costs while satisfying

operational and physical constraints in a rotary rack system served by a dedicated storage machine

and a dedicated retrieval machine. Park (2008) determines the first and second moments of the

cycle time of a carousel system that performs sequential retrievals. By assuming the retrieval

requests occur according to a Poisson distribution, Park also determines the expected waiting time
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of a retrieval request at the carousel system when the carousel system is integrated via a conveyor

system with picking stations.

2.1 Literature Summary

In summary, the literature on carousel performance models can be characterized into three

classes: (i) single-carousel models picking a batch of items with a human order-picker; (ii) carousel-

pod models with a human picker; or (iii) single-carousel models picking a single item using an S/R

machine. Literature in class (i) focuses on minimizing rotation time (ignoring the “race” dynamic

with the picker), whereas we model the race dynamic of the carousel with the robotic picker. Class

(ii) considers a system with a human picker; however, the dynamics of using an S/R machine picker

are different than a human picker and we cannot use existing literature in this category. Finally,

class (iii) assumes sequential processing, whereas we consider batch processing.

Therefore, we are aware of no model that determines the cycle time for a horizontal carousel that

uses an S/R machine to load and unload totes when batch retrievals are performed. Such a model

would extend the carousel performance literature by requiring consideration of the throughput

dynamic between the S/R machine and the carousel, as well as incorporating batch retrievals.

In the next section we develop a cycle-time model for a horizontal carousel system with an S/R

machine performing batch retrievals.

3. Problem Statement

To evaluate the impact of batch retrievals, we determine the throughput potential of batching on

a carousel system with an S/R machine. To do so, we need to develop a dual-command cycle time

model that can handle both retrievals and storages. In the system we study, the dual-command

cycle time model reduces to the single-command cycle time model because a carousel unit is assumed

to have a dedicated S/R machine with dual shuttles such that a tote destined for storage can be

placed in the slot of the tote that is retrieved (Meller and Mungwattana, 1997). Such a process

results in assigning totes to all eligible empty locations with an equal probability. Therefore, the

steady-state distribution of totes is uniform, which is known as a random storage policy. Table 1

presents the notation and its description that is used throughout the paper.

As mentioned in Section 1, batch processing provides two primary throughput benefits: (1)

the number of totes required to be retrieved is reduced due to duplicate requests and (2) a batch

of tote requests can be sequenced such that the expected cycle time is reduced. We let n denote

the number of totes in a batch or batch size, νn denote the number of duplicate tote requests for
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Table 1: Notation and its Description.

Notation Description
A the expected number of required stops at a pick face
b the shape factor, which is defined as b = min{tv, th}/τ .
CV the coefficient of variation from the simulation
E[CT ]s the expected cycle time of a carousel with an S/R machine performing batch processing to retrieve s unique totes
E[CT |X = 0] the expected cycle time given no horizontal rotation
E[CT |X > 0] the expected cycle time given horizontal rotation is required
E[R]h the expected value of the race for a normalized carousel with the maximum time in the horizontal dimension
E[R]v the expected value of the race for a normalized carousel with the maximum time in the vertical dimension
E[T (s)] the expected value of the carousel rotation time to retrieve a set of s totes
G the handling time to pickup or discharge a tote
g the normalized time to pickup or discharge a tote
H the carousel’s height
L the carousel’s circumference
M the parameter for the exponential distribution
m the number of pick faces in the carousel
n the number of totes in a batch
Pr{X = 0} the probability that no rotation is required to reach the next pick location
Pr{X > 0} the probability that rotation is required to reach the next pick location
Pr{Y ≤ z} the cumulative distribution function of Y
s the number of unique totes requested with a batch size n
th the time to rotate the carousel one revolution
tv the time to move the S/R machine from the I/O point to the top level of the carousel
U[i] the i-th order statistic of uniformly-distributed random variables

vh the velocity of the horizontal carousel rotation
vv the velocity of the S/R machine vertical travel
W (z) the joint cumulative distribution of X and Y
w(z) the joint distribution of X and Y
X a random variable that represents the horizontal rotation time
Y a random variable that represents the time required in the vertical direction by the S/R machine.
yi a random variable that represents the S/R machine return time from location i
νn the number of duplicate tote requests for a batch size of n
Ψ the percent throughput performance improvement of a batch size of n over sequential processing
τ the normalization factor, which is defined as the maximum of tv and th
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a batch size of n, and s denote the number of unique totes requested with a batch size n, where

s = n − νn. With sequential processing n = 1, νn = 0; thus, s = 1. We denote the expected

cycle time of a carousel with an S/R machine performing batch processing to retrieve s unique

totes as E[CT ]s. We develop an analytical model for E[CT ]s and use simulation to estimate νn.

The percent throughput performance improvement of a batch size of n over sequential processing

is given by,

Ψ = 100

(
nE[CT ]1 − sE[CT ]s

nE[CT ]1

)
. (1)

We develop the expected single-command cycle time for a random storage policy on a normalized

carousel that stores homogeneous-sized totes in the storage locations. We assume the velocity of the

horizontal carousel rotation, vh, and the S/R machine vertical travel, vv are known, the carousel can

rotate both clockwise and counterclockwise, the acceleration and deceleration effects are ignored,

and the input/output (I/O) point is located at the bottom level of the carousel. A no-reversal

rotation strategy is assumed, which produces near-optimal solutions even for a relatively small

number of totes in a batch (Bartholdi and Platzman, 1986).

Let H denote the carousel’s height and L the carousel’s circumference. The time to move the

S/R machine from the I/O point to the top level of the carousel is denoted as tv (tv = H/vv) and

the time to rotate the carousel one revolution is denoted as th (th = L/vh). A normalization factor,

τ , is defined as the maximum of tv and th, (T = max(tv, th)). A shape factor, b, is defined as

b = min{tv, th}/τ . Let G denote the handling time to pickup or discharge a tote whose normalized

time is represented by g, where g = G/τ .

Consider a batch consisting of s unique totes, where the retrieval locations of each of the totes

in the batch are known and sequenced to minimize carousel rotation time. The carousel can rotate

horizontally while the S/R machine returns to the I/O point, drops off a tote, retrieves a tote for

storage, and travels to the position in front of the next retrieval location. Therefore, the cycle

time is the maximum of the horizontal rotation time and the vertical travel time. If the horizontal

rotation time is not equal to the vertical travel time, one of the components will wait at the I/O

point. Consequently, we find it useful to think in terms of a “race” between the horizontal carousel

and the S/R machine, as illustrated in Figure 2. The expected value of the race for a normalized

carousel with the maximum time in the horizontal and vertical dimension is denoted as E[R]h and

E[R]v, respectively. We begin by deriving E[R]h (i.e., τ = th).

The assumptions we use for model development are as follows:
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Figure 2: Partitioning the Components of the Expected Cycle Time.

1. A carousel system has a dedicated S/R machine with dual shuttles that can handle two totes

at a time;

2. The input/output (I/O) point is located at the bottom level of the carousel;

3. The S/R machine can move in the vertical direction while the carousel rotates;

4. The totes are stored using a randomized storage policy;

5. The speeds of the horizontal carousel rotation and the S/R vertical travel are known, and the

acceleration and deceleration effects are ignored;

6. A no reversal rotation strategy is used.

4. Expected Cycle-Time Model for a Carousel System with an S/R Machine Per-

forming Batch Retrievals

To derive the expected cycle time we condition on whether horizontal-carousel rotation is re-

quired to retrieve the next tote and denote X as a random variable that represents the horizontal

rotation time. Horizontal rotation will not be required if two totes requested for retrieval are lo-

cated in the same pick face. Therefore, to determine the expected cycle time given no horizontal

rotation, E[CT |X = 0], we need to determine how many of the m pick faces the carousel will need

to stop at to retrieve the s totes. The expected number of required stops at a pick face, A, is

developed in Meller and Klote (2004) and is displayed in (2),

A =

(
m− 1

m

)[m−1∑
k=0

(m− k)qk(m, s)

]
, (2)
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where qk(m, s) =

(
m

k

)m−k∑
j=0

(−1)j
(
m− k
j

)(
1− j + k

m

)s

.

Horizontal rotation is required when the next tote to be retrieved is not in the current pick face.

The probability that rotation is required to reach the next pick location is equal to the number of

stops at a pick face divided by the number of unique totes in the batch,

Pr{X > 0} =
A

s
. (3)

Conversely, if two subsequent retrievals are from the same pick face, no rotation is required and

the probability of no rotation is defined as,

Pr{X = 0} =
s−A
s

. (4)

The expected cycle time of a carousel with an S/R machine to retrieve s unique totes is,

E[CT ]s = E[CT |X = 0]Pr{X = 0}+ E[CT |X > 0]Pr{X > 0}. (5)

4.1 The Expected Cycle Time Given No Horizontal Rotation

If horizontal rotation is not required to retrieve the next tote, the S/R machine always loses

the race and the cycle time consists of solely S/R vertical travel and handling time. For this case,

on average, the S/R machine will travel half way down to the I/O point, handle the totes, travel

half way up to the next retrieval location, and handle the totes. Therefore,

E[CT |X = 0] =

(
b

2
+ g +

b

2
+ g

)
τ = (b+ 2g)τ. (6)

The development of the cycle time when horizontal rotation is required, E[CT |X > 0], is much

more complicated and is the focus of the next section.

4.2 The Expected Cycle Time Given Horizontal Rotation

To derive the expected cycle time given horizontal rotation occurs, we need to determine the

cumulative distribution function of the race, which requires developing both the horizontal rotation

distribution function and the vertical S/R travel and handling distribution function.

4.2.1 The Horizontal Rotation Distribution

The horizontal-rotation time to retrieve the next tote is the time to rotate from the current-

retrieval location to the next-closest-retrieval location, which occurs an expected A times. The

retrieval locations are assumed to be uniformly distributed around the circumference of the carousel;

consequently, the horizontal rotation time to retrieve a batch of totes results in order statistics
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corresponding to A independent, uniformly-distributed random variables (i.e., U[1] < U[2] < . . . <

U[A]).

We develop the horizontal rotation distribution by applying the relationship between expo-

nential and uniform random variables. Specifically, we recognize that the time between ordered,

uniform random variables is an exponential distribution with a mean equal to the range of the

uniform distribution divided by the number of uniform random variables (Parzen, 1962).

The expected range of the uniform distribution is the expected value of the carousel rotation

time to retrieve a set of s totes, which we denote as E[T (s)]. When tote locations are represented

in a continuous fashion, E[T (s)] is developed in (Meller and Klote, 2004) and displayed in (7),

E[T (s)] =

 0.25 for s = 1,[
s

s+1 −
(

2s
2s+1 −

s
s+1

)]
for s > 1.

(7)

We define the parameter for the exponential distribution, M , in (8), where 1/M is the mean of

the exponential distribution,

M =
A

E[T (s)]
. (8)

The horizontal rotation time follows a truncated-exponential distribution because the maxi-

mum rotation time in a normalized carousel will be 1.0 when τ = th. We define the cumulative

distribution function for the horizontal rotation time,

Pr{X ≤ z} =

 eM−eM(1−z)

eM−1
for 0 ≤ z ≤ 1,

1 for z > 1.
(9)

Next, we develop the cumulative distribution function for the vertical S/R machine travel and

handling time.

4.2.2 The Vertical S/R Machine Travel and Handling Distribution

As illustrated in Figure 3, the vertical S/R machine travel begins after a storage and retrieval

operation. The S/R machine travels down to the I/O point, drops off a tote, retrieves a tote to be

stored, and travels up to the position in front of the next retrieval location.

Let Y denote a random variable that represents the time required in the vertical direction by

the S/R machine. The S/R machine return time from the previous location, yi−1, and the S/R

machine travel time to the new location, yi, are independent random variables and both uniformly

distributed between 0 and b. To incorporate the handling time, a constant is added to a uniform
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random variable, which simply adjusts the range of the uniform distribution. Therefore, yi−1 + g

is a uniform random variable between g and g + b. Hence, Y is the convolution of two uniform

random variables, with Y equal to yi−1+g+yi. The convolution of two uniform random variables is

trapezoidal (Killman and von Collani, 2001). Using this result from probability theory, we develop

the cumulative distribution function, Pr{Y ≤ z},

Pr{Y ≤ z} =



0 for z < g,

(z−g)2

2b2
for g ≤ z < g + b,

1
2 + 4b(z−g)−3b2−(g−z)2

2b2
for g + b ≤ z < g + 2b,

1 for z ≥ g + 2b.

(10)

4.2.3 The Maximum of the Horizontal Rotation Time and the Vertical S/R Travel and Handling

Time Distribution: The Race Distribution

The purpose of this section is to derive the race distribution, which is the maximum of the

horizontal rotation time and the vertical S/R machine travel and handling time. These two distri-

butions are assumed to be independent. The maximum of the horizontal and vertical times is their

joint cumulative distribution. More precisely, let W (z) = max{X,Y } = Pr{X ≤ z}Pr{Y ≤ z},

w(z) = ∂
∂zW (z), and E[R]h =

∫
z w(z) ∂z. The final expressions for the expected value of the

race, which we provide in (11) and (12), are complicated; however, the derivation is fairly straight

forward, albeit tedious. Interested readers can find the full exposition of the expected cycle time

derivation in Appendix Appendix A.
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E[R]h =



1
b2(eM−1)M3 (−2e(−M(b+g−1)) + e(−M(2b+g−1))+

e(M−gM) + b2(b+ g)eMM3 − b2M2(1 +M)) for g + 2b < 1,

1
6b2M3(eM−1)

[6− 12e(−M(b+g−1)) + 6e(M−gM)−

6M(2b+ g − 1) + 3M2(2b2 + 4b(g − 1) + (g − 1)2)−

(8b3 + 6b(g − 1)2 + (g − 1)3+

6b2M3(2g − 1)) + 6b2eMM3(b+ g)] for g + 2b ≥ 1 and g + b < 1,

e−gM

6b2M3(eM−1)
[6eM + 6b2(b+ g)e(M+gM)M3+

egM (6M(g − 1)− 6− 3(g − 1)2M2+

M3((g − 1)3 − 6b3 − 6b2g))] for g + b ≥ 1.

(11)

When the normalized carousel has a larger vertical-time dimension than a horizontal-time di-

mension (i.e., τ = tv), the derivation of the expected race, E[R]v, is derived in a similar manner to

when τ = th. The expected race is defined as,

E[R]v =



1
6M3(ebM−1)

(−6 + 6e(b−g)M + 6gM − 3g2M2

−6M3 − b3M3 − 6gM3 + g3M3 + 6ebM (1 + g)M3

+3b2M2(gM − 1)− 3bM(2− 2gM + g2M2)) for g ≤ b,

1 + g for g > b.

(12)

The expected cycle time given horizontal rotation is the expected time of the race plus a handling

time to retrieve the tote from storage and place the storage tote in the open slot,

E[CT |X > 0] =


(E[R]h + g)τ for τ = th,

(E[R]v + g)τ for τ = tv.

(13)

Impact of Design Factors on the Race Distribution. We explore the impact of varying design factors

on the expected value of the race. We vary the shape factor, the number of unique totes in a batch,

and the area requirements. To make our comparisons equivalent, we enforce a constant storage

area constraint. The storage area in a carousel system (Area) is equal to bτ2. Solving for the
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normalizing factor results in τ =
√
Area/b. Because g is equal to G/τ , the normalized handling

time is also a function of the storage area requirement. We graph the unnormalized expected value

of the race (i.e., E[R]τ) in Figures 4(a) and 4(b).

Figure 4(a) displays the expected value of the race for a carousel with τ = th, 130 pick faces,

20 unique totes to retrieve (s = 20), a handling time of 3.0 seconds, and various shape factors

and required storage areas. As the required storage area increases, the expected race time and the

b-value that minimizes the expected race increase. Figure 4(b) displays the expected value of the

race for a carousel with τ = th, 130 pick faces, a handling time of 3.0 seconds, a required storage

area of 10,000 seconds2, and various shape factors and number of unique totes in a batch. As the

number of unique totes in a batch increases, the expected race time and the b-value that minimizes

the expected race decrease. Small values of b minimize the race time, and carousels with small

b-values are relatively short and long.

Due to mechanical limitations from having the entire carousel revolving, carousels are designed

with maximum height restrictions (i.e., a major carousel manufacturer designs carousel systems

with a maximum height of 4.57 meters (SCS High-Performance, 2006)). Because of floor space

constraints, most carousels in practice are designed to their maximum height. Thus, if more storage

capacity is needed for a carousel at its maximum height, the options are to increase the length of

the carousel or purchase additional carousels. Note that adding to the length of a carousel has

the potential to reduce the throughput of the carousel (a phenomenon observed with sequential

processing); however, because adding to the length also reduces the value of shape factor closer to

its optimal value (≈ 0.2), we observe that the throughput with typical batch sizes remains relatively

unchanged. This is illustrated in Figure 5 for various carousel lengths and batch sizes for a carousel

with a height of 4.57 meters, a handling time of 3.0 seconds, vertical velocity of 0.6 meters per

second, horizontal velocity of 0.40 meters per second, and pick face lengths of 0.25 meters. With

these data, a 550% increase in carousel length results in the expected race time to increase by

only 1.18% when s = 20. On the other hand, when sequential processing (s = 1) is applied, the

expected race time increases by 90.98%. Therefore, we conclude that with batch retrievals, the

expected travel time is not sensitive to the carousel’s length and adding to the length increases

storage capacity with a negligible impact on the throughput performance.

4.3 The Integration of Cycle Time Components

We now have derived each of the components necessary to compute (5), the expected cycle

time for a carousel unit with an S/R machine performing batch retrievals. The expected cycle
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Figure 4: The Expected Value of the Race, E[R]hτ , in Seconds for Varying (a) the Required Storage Area and (b)
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Figure 5: The Expected Value of the Race, E[R]hτ , in Seconds for a Carousel with a Height of 4.57 Meters, a Handling
Time of 3.0 Seconds, Vertical Velocity of 0.6 Meters per Second, Horizontal Velocity of 0.40 Meters per Second, and
Pick Face Lengths of 0.25 Meters.

times conditioned on whether horizontal rotation is required or not are shown in (13) and (6),

respectively. The associated probabilities are shown in (3) and (4).

Note that to increase the throughput of the storage system, carousels can be designed with

the I/O point located half-way between the bottom and top levels of the carousel. However, this

configuration would require additional infrastructure investments (such as a mezzanine or elevated

conveyor system). Our expected cycle time model is equally valid for this configuration by setting

τ = max{tv/2, th} and b = min{tv/2, th}/τ .

5. Experimental Design

We conduct an experimental design that is two fold: (1) to determine how well our analytical

model estimates cycle times and (2) to measure the impact of batching on throughput performance.

5.1 Analytical Cycle Time Model Validation

To validate our expected cycle-time model, we consider a wide range of carousel system designs

that are based on specification from a leading carousel manufacturer (SCS High-Performance, 2006).

We vary the handling time, shape factor, and number of unique totes per batch. We test our cycle-

time model for a carousel with a fixed, vertical height of 4.57 meters, vertical velocity of 0.60 meters

per second, horizontal velocity of 0.50 meters per second, and a normalizing factor of 1.0 in the

horizontal direction. Being we use a fixed-height system, varying the shape factor, b, varies the

carousel’s circumference. For our fixed-height example, a value of b = 0.1 results in L = 38.0
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meters; whereas b = 1.0 results in L = 3.8 meters. Therefore, by varying b we are considering

carousel systems with different area capacities. A fixed pick face length of 0.25 meters is used to

calculate the number of pick faces, m.

To validate our analytical model we develop a discrete-event simulation. Our simulation is

written in Java and was run on a Dell Optiplex GX620 PC with an Intel Pentium D Dual-Core

processor at 3.2GHz, 2.0 GB of RAM, and Microsoft Windows XP Professional Version 2002 as

the operating system. Each reported simulation value is the result of 5,000 replications of each

instance.

The expected cycle time (in seconds) resulting from both our analytical model, E[CT ]s (A), and

our discrete-event simulation, E[CT ]s (S), as well as the coefficient of variation from our simulation,

CV (S), and the absolute percent error of our analytical model are displayed in Table 2. Over all

instances tested the average-percent error is 4.1%.

Figure 6(a) presents the absolute percent error of our expected cycle-time model against sim-

ulation with s = 40. Our estimate improves as the shape factor or the handling factor increase.

Figure 6(b) presents the absolute percent error of our expected cycle-time model with g = 0.15.

Our estimate improves as the number of unique totes in a batch (s) or the shape factor (b) in-

crease. Also, our model’s errors are highest when the coefficient of variation from the simulation

are highest. We conducted a multiple regression analysis using b, g, and s as independent variables

and the absolute percent error as the dependent variable. The regression line results in b, g, and s

all having negative slope values. These trends are statistically significant for α = 0.05. Therefore,

our model’s estimate improves as b, g, or s increases. In particular, very low values of b and g lead

to errors above 10%.

We compare the performance of our analytical model to an existing model in the literature

for the case when no batching occurs. Hwang and Ha (1991) developed a single-command cycle

time model for a carousel system with an S/R robot that performs sequential processing. Table

3 lists the expected cycle time resulting from our model (E[CT ]1(A)), Hwang and Ha’s model

(E[CT ]1(H&H)), and the discrete-event simulation (E[CT ]1(S)), as well as the absolute percent

error associated with our model and Hwang and Ha’s model. As a comparison, our model provides

a lower average, maximum, and minimum absolute error than the existing model in the literature

for the case when no batching occurs (i.e., s = n = 1).

Now that our analytical model has been validated, in the next section we use our model as a

way to evaluate throughput performance improvements with batch processing.
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Table 2: Numerical Testing of Our Expected Cycle-Time Model Against Simulation.

g b m s E[CT ]s(A) E[CT ]s(S) CV (S) %Error g b m s E[CT ]s(A) E[CT ]s(S) CV (S) %Error

0.025 0.10 130 1 0.286 0.374 0.584 23.5% 0.10 0.10 130 1 0.397 0.470 0.419 15.5%
10 0.173 0.224 0.887 22.5% 10 0.310 0.359 0.509 13.6%
20 0.155 0.188 0.878 17.6% 20 0.301 0.331 0.445 9.1%
30 0.151 0.175 0.809 13.7% 30 0.300 0.322 0.404 6.8%
40 0.150 0.166 0.682 9.3% 40 0.300 0.318 0.374 5.8%
50 0.150 0.164 0.708 8.5% 50 0.300 0.312 0.327 3.9%

0.25 61 1 0.374 0.439 0.421 14.6% 0.25 61 1 0.502 0.548 0.296 8.4%
10 0.308 0.344 0.524 10.3% 10 0.454 0.490 0.336 7.3%
20 0.301 0.330 0.487 8.8% 20 0.450 0.475 0.323 5.3%
30 0.300 0.322 0.467 6.7% 30 0.450 0.465 0.305 3.2%
40 0.300 0.311 0.436 3.4% 40 0.450 0.466 0.292 3.5%
50 0.300 0.315 0.440 4.7% 50 0.450 0.456 0.284 1.3%

0.50 31 1 0.580 0.609 0.312 4.7% 0.50 31 1 0.720 0.737 0.257 2.3%
10 0.553 0.577 0.371 4.2% 10 0.701 0.718 0.289 2.3%
20 0.551 0.567 0.386 3.0% 20 0.700 0.710 0.297 1.4%
30 0.550 0.564 0.377 2.4% 30 0.700 0.707 0.294 1.0%
40 0.550 0.564 0.376 2.4% 40 0.700 0.705 0.297 0.7%
50 0.550 0.552 0.380 0.4% 50 0.700 0.711 0.292 1.5%

0.75 21 1 0.814 0.820 0.348 0.7% 0.75 21 1 0.960 0.974 0.294 1.5%
10 0.802 0.808 0.375 0.8% 10 0.951 0.964 0.310 1.4%
20 0.800 0.810 0.373 1.2% 20 0.950 0.961 0.314 1.1%
30 0.800 0.814 0.376 1.7% 30 0.950 0.957 0.315 0.7%
40 0.800 0.813 0.377 1.5% 40 0.950 0.950 0.320 0.1%
50 0.800 0.814 0.385 1.7% 50 0.950 0.955 0.316 0.5%

1.00 16 1 1.058 1.051 0.374 0.7% 1.00 16 1 1.205 1.210 0.327 0.4%
10 1.051 1.058 0.380 0.6% 10 1.201 1.198 0.336 0.3%
20 1.050 1.047 0.384 0.3% 20 1.200 1.210 0.334 0.8%
30 1.050 1.061 0.383 1.0% 30 1.200 1.197 0.341 0.2%
40 1.050 1.057 0.386 0.7% 40 1.200 1.198 0.340 0.2%
50 1.050 1.052 0.386 0.2% 50 1.200 1.205 0.337 0.4%

0.05 0.10 130 1 0.321 0.404 0.521 20.5% 0.15 0.10 130 1 0.477 0.544 0.337 12.3%
10 0.217 0.263 0.708 17.3% 10 0.406 0.447 0.365 9.4%
20 0.203 0.237 0.699 14.5% 20 0.400 0.429 0.322 6.6%
30 0.201 0.225 0.629 11.0% 30 0.400 0.420 0.289 4.8%
40 0.200 0.216 0.555 7.5% 40 0.400 0.417 0.278 4.1%
50 0.200 0.215 0.537 6.8% 50 0.400 0.410 0.231 2.5%

0.25 61 1 0.416 0.472 0.375 11.9% 0.25 61 1 0.590 0.624 0.233 5.3%
10 0.356 0.396 0.447 10.0% 10 0.552 0.584 0.267 5.4%
20 0.351 0.378 0.422 7.1% 20 0.550 0.571 0.246 3.6%
30 0.350 0.366 0.399 4.3% 30 0.550 0.568 0.239 3.2%
40 0.350 0.368 0.371 4.8% 40 0.550 0.564 0.232 2.5%
50 0.350 0.362 0.369 3.3% 50 0.550 0.559 0.219 1.6%

0.50 31 1 0.627 0.650 0.292 3.6% 0.50 31 1 0.815 0.831 0.229 1.9%
10 0.602 0.621 0.341 3.1% 10 0.801 0.810 0.252 1.1%
20 0.600 0.607 0.351 1.1% 20 0.800 0.812 0.252 1.5%
30 0.600 0.615 0.347 2.4% 30 0.800 0.816 0.255 1.9%
40 0.600 0.610 0.346 1.6% 40 0.800 0.804 0.256 0.5%
50 0.600 0.608 0.349 1.4% 50 0.800 0.806 0.255 0.7%

0.75 21 1 0.863 0.863 0.323 0.0% 0.75 21 1 1.057 1.064 0.268 0.7%
10 0.851 0.863 0.349 1.3% 10 1.050 1.058 0.284 0.7%
20 0.850 0.879 0.347 3.3% 20 1.050 1.055 0.288 0.5%
30 0.850 0.854 0.361 0.4% 30 1.050 1.044 0.290 0.5%
40 0.850 0.849 0.362 0.1% 40 1.050 1.059 0.287 0.9%
50 0.850 0.861 0.353 1.2% 50 1.050 1.046 0.295 0.4%

1.00 16 1 1.107 1.121 0.351 1.3% 1.00 16 1 1.304 1.295 0.303 0.7%
10 1.101 1.107 0.367 0.6% 10 1.300 1.323 0.305 1.7%
20 1.100 1.111 0.368 1.0% 20 1.300 1.295 0.313 0.4%
30 1.100 1.116 0.367 1.4% 30 1.300 1.302 0.312 0.2%
40 1.100 1.108 0.366 0.7% 40 1.300 1.313 0.306 1.0%
50 1.100 1.103 0.364 0.3% 50 1.300 1.311 0.306 0.8%
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Figure 6: The Absolute Percent Error of Our Expected Cycle-Time Model Against Simulation as a Function of (a)
the Shape (b) and Handling (g) Factors and (b) the Shape Factor (b) and the Number of Unique Totes in a Batch
(s).

19



Table 3: Comparison of our Carousel Expected Cycle-Time Model (E[CT ]1(A)) to Hwang and Ha (1991) Standard
Carousel Model (E[CT ]1(H&H)) with No Batching (i.e., s = n = 1).

g b m E[CT ]1(A) E[CT ]1(H&H) E[CT ]1(S) %Error(A) %Error(H&H)

0.025 0.10 130 0.286 0.534 0.374 23.54% 42.78%
0.25 61 0.374 0.568 0.439 14.63% 29.52%
0.50 31 0.580 0.684 0.609 4.69% 12.31%
0.75 21 0.814 0.867 0.820 0.72% 5.63%
1.00 16 1.058 1.088 1.051 0.69% 3.49%

0.050 0.10 130 0.321 0.562 0.404 20.50% 39.00%
0.25 61 0.416 0.600 0.472 11.87% 27.13%
0.50 31 0.627 0.722 0.650 3.63% 11.06%
0.75 21 0.863 0.910 0.863 0.01% 5.51%
1.00 16 1.107 1.134 1.121 1.26% 1.13%

0.100 0.10 130 0.397 0.621 0.470 15.48% 32.22%
0.25 61 0.502 0.666 0.548 8.39% 21.63%
0.50 31 0.720 0.801 0.737 2.29% 8.63%
0.75 21 0.960 0.999 0.974 1.50% 2.49%
1.00 16 1.205 1.227 1.210 0.41% 1.40%

0.150 0.10 130 0.477 0.682 0.544 12.35% 25.38%
0.25 61 0.590 0.735 0.624 5.33% 17.88%
0.50 31 0.815 0.882 0.831 1.90% 6.12%
0.75 21 1.057 1.089 1.064 0.66% 2.30%
1.00 16 1.304 1.322 1.295 0.72% 2.09%

AVERAGE 6.53% 14.88%
MAX 23.54% 42.78%
MIN 0.01% 1.13%

5.2 Throughput Performance Improvements

We use our analytical cycle time model to measure the expected throughput improvements in

batch processing over sequential processing. We use simulation to estimate the reduction in the

number of totes required for a batch of size n. We assume one pick face stores 20 totes vertically.

Consequently, as the number of pick faces increases (or equivalently, as the shape factor decreases),

the number of totes per carousel increases. We vary the demand skewness level using a 10/90,

20/80, 30/70 and a uniform curve. An x/y demand skewness curve denotes that x% of SKUs make

up y% of demand, and we represent the ABC curve as presented by Bender (1981). For a carousel

with 320 totes (b = 1.0) or 2,600 totes (b = 0.1), Table 4 presents the number of duplicate tote

requests for a batch size of n, νn, and s = n − νn for different batch sizes and demand curves.

The reported simulation value is the result of 1,000 replications of each instance. As the batch

size increases, the number of duplicate totes increases. As expected, the greatest reduction in the
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number of unique totes is seen when the demand curve is most skewed and the number of totes

smallest.

Table 4: The Impact of Batch Size and Demand Skewness on νn and s for Different Carousel Sizes.

b = 1.0, m = 16, Number of Totes = 320

10/90 20/80 30/70 Uniform

n νn s νn s νn s νn s

1 0.00 1.00 0.00 1.00 0.00 1.00 0.00 1.00
10 2.59 7.41 0.72 9.29 0.29 9.71 0.13 9.87
20 8.07 11.93 2.78 17.22 1.23 18.77 0.57 19.43
30 14.65 15.36 5.86 24.14 2.71 27.29 1.31 28.69
40 21.70 18.30 9.81 30.19 4.66 35.34 2.27 37.73
50 29.21 20.79 14.29 35.71 7.14 42.87 3.56 46.44

b = 0.1, m = 130, Number of Totes = 2600

10/90 20/80 30/70 Uniform

n νn s νn s νn s νn s

1 0.00 1.00 0.00 1.00 0.00 1.00 0.00 1.00
10 0.43 9.57 0.09 9.91 0.04 9.97 0.02 9.98
20 1.81 18.19 0.40 19.60 0.16 19.84 0.08 19.92
30 3.80 26.20 0.93 29.07 0.37 29.63 0.17 29.83
40 6.51 33.49 1.57 38.43 0.66 39.34 0.29 39.72
50 9.70 40.30 2.47 47.53 1.03 48.97 0.46 49.54

To test the impact of batching on throughput performance, we calculate the percent improve-

ment in throughput of batching over sequential processing. We calculate the improvement using

(1) with the number of unique totes s obtained from simulating the 20/80 demand curve. To cal-

culate the number of stops in (2), the number of unique totes in a batch is required to be integer.

Consequently, we calculate the expected cycle time using the two nearest integer values to s and

compute a weighted average to estimate the expected cycle time with s unique totes. For example,

the expected cycle time for s = 9.91 is calculated as 0.09E[CT ]9 + 0.91E[CT ]10.

Table 5 provides the expected cycle time over all instances tested, as well as the percent improve-

ment in throughput of batching over sequential processing. As the batch size increases, throughput

increases because the expected cycle time and the number of unique totes decrease. Batching re-

duces only the horizontal rotation time (and does not impact the vertical travel time or handling

time). Consequently, the benefits of batching decrease as b increase.

Table 6 provides the average, maximum, and minimum percent throughput improvement (Ψ)

for various batch sizes for all designs tested in Table 5. For the instances tested, an average im-

provement of 20.03% is achieved over the case of sequential sequencing. In general, batch processing
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Table 5: The Impact of Batching on Throughput Performance for a Wide Range of Systems.

g b m n s E[CT ]s Ψ g b m n s E[CT ]s Ψ

0.025 0.10 130 1 1.00 0.286 0.00 0.100 0.10 130 1 1.00 0.397 0.00
0.025 0.10 130 10 9.91 0.174 39.79 0.100 0.10 130 10 9.91 0.310 22.57
0.025 0.10 130 20 19.60 0.155 46.85 0.100 0.10 130 20 19.60 0.301 25.66
0.025 0.10 130 30 29.07 0.152 48.62 0.100 0.10 130 30 29.07 0.300 26.70
0.025 0.10 130 40 38.43 0.151 49.38 0.100 0.10 130 40 38.43 0.300 27.37
0.025 0.10 130 50 47.53 0.150 50.02 0.100 0.10 130 50 47.53 0.300 28.14

0.025 0.25 61 1 1.00 0.374 0.00 0.100 0.25 61 1 1.00 0.502 0.00
0.025 0.25 61 10 9.81 0.309 19.17 0.100 0.25 61 10 9.81 0.454 11.32
0.025 0.25 61 20 19.16 0.302 22.83 0.100 0.25 61 20 19.16 0.450 14.03
0.025 0.25 61 30 28.16 0.301 24.65 0.100 0.25 61 30 28.16 0.450 15.83
0.025 0.25 61 40 36.80 0.300 26.22 0.100 0.25 61 40 36.80 0.450 17.51
0.025 0.25 61 50 45.06 0.300 27.75 0.100 0.25 61 50 45.06 0.450 19.20

0.025 0.50 31 1 1.00 0.580 0.00 0.100 0.50 31 1 1.00 0.720 0.00
0.025 0.50 31 10 9.61 0.553 8.35 0.100 0.50 31 10 9.61 0.702 6.37
0.025 0.50 31 20 18.40 0.551 12.67 0.100 0.50 31 20 18.40 0.700 10.55
0.025 0.50 31 30 26.61 0.550 15.87 0.100 0.50 31 30 26.61 0.700 13.79
0.025 0.50 31 40 34.12 0.550 19.13 0.100 0.50 31 40 34.12 0.700 17.11
0.025 0.50 31 50 41.15 0.550 21.96 0.100 0.50 31 50 41.15 0.700 20.02

0.025 0.75 21 1 1.00 0.814 0.00 0.100 0.75 21 1 1.00 0.960 0.00
0.025 0.75 21 10 9.46 0.802 6.89 0.100 0.75 21 10 9.46 0.951 6.27
0.025 0.75 21 20 17.77 0.800 12.67 0.100 0.75 21 20 17.77 0.950 12.01
0.025 0.75 21 30 25.26 0.800 17.28 0.100 0.75 21 30 25.26 0.950 16.64
0.025 0.75 21 40 32.00 0.800 21.42 0.100 0.75 21 40 32.00 0.950 20.81
0.025 0.75 21 50 38.12 0.800 25.11 0.100 0.75 21 50 38.12 0.950 24.53

0.025 1.00 16 1 1.00 1.058 0.00 0.100 1.00 16 1 1.00 1.205 0.00
0.025 1.00 16 10 9.29 1.051 7.77 0.100 1.00 16 10 9.29 1.201 7.52
0.025 1.00 16 20 17.22 1.050 14.54 0.100 1.00 16 20 17.22 1.200 14.27
0.025 1.00 16 30 24.14 1.050 20.13 0.100 1.00 16 30 24.14 1.200 19.88
0.025 1.00 16 40 30.19 1.050 25.11 0.100 1.00 16 40 30.19 1.200 24.87
0.025 1.00 16 50 35.71 1.050 29.14 0.100 1.00 16 50 35.71 1.200 28.91

0.050 0.10 130 1 1.00 0.321 0.00 0.150 0.10 130 1 1.00 0.477 0.00
0.050 0.10 130 10 9.91 0.218 32.85 0.150 0.10 130 10 9.91 0.406 15.69
0.050 0.10 130 20 19.60 0.203 38.12 0.150 0.10 130 20 19.60 0.400 17.71
0.050 0.10 130 30 29.07 0.201 39.49 0.150 0.10 130 30 29.07 0.400 18.70
0.050 0.10 130 40 38.43 0.200 40.16 0.150 0.10 130 40 38.43 0.400 19.41
0.050 0.10 130 50 47.53 0.200 40.83 0.150 0.10 130 50 47.53 0.400 20.25

0.050 0.25 61 1 1.00 0.416 0.00 0.150 0.25 61 1 1.00 0.590 0.00
0.050 0.25 61 10 9.81 0.357 15.96 0.150 0.25 61 10 9.81 0.552 8.28
0.050 0.25 61 20 19.16 0.351 19.19 0.150 0.25 61 20 19.16 0.550 10.74
0.050 0.25 61 30 28.16 0.350 20.98 0.150 0.25 61 30 28.16 0.550 12.56
0.050 0.25 61 40 36.80 0.350 22.59 0.150 0.25 61 40 36.80 0.550 14.30
0.050 0.25 61 50 45.06 0.350 24.18 0.150 0.25 61 50 45.06 0.550 16.06

0.050 0.50 31 1 1.00 0.627 0.00 0.150 0.50 31 1 1.00 0.815 0.00
0.050 0.50 31 10 9.61 0.602 7.55 0.150 0.50 31 10 9.61 0.801 5.56
0.050 0.50 31 20 18.40 0.600 11.82 0.150 0.50 31 20 18.40 0.800 9.71
0.050 0.50 31 30 26.61 0.600 15.03 0.150 0.50 31 30 26.61 0.800 12.97
0.050 0.50 31 40 34.12 0.600 18.31 0.150 0.50 31 40 34.12 0.800 16.32
0.050 0.50 31 50 41.15 0.600 21.17 0.150 0.50 31 50 41.15 0.800 19.25

0.050 0.75 21 1 1.00 0.863 0.00 0.150 0.75 21 1 1.00 1.057 0.00
0.050 0.75 21 10 9.46 0.851 6.64 0.150 0.75 21 10 9.46 1.051 6.00
0.050 0.75 21 20 17.77 0.850 12.41 0.150 0.75 21 20 17.77 1.050 11.74
0.050 0.75 21 30 25.26 0.850 17.03 0.150 0.75 21 30 25.26 1.050 16.38
0.050 0.75 21 40 32.00 0.850 21.18 0.150 0.75 21 40 32.00 1.050 20.55
0.050 0.75 21 50 38.12 0.850 24.88 0.150 0.75 21 50 38.12 1.050 24.28

0.050 1.00 16 1 1.00 1.107 0.00 0.150 1.00 16 1 1.00 1.304 0.00
0.050 1.00 16 10 9.29 1.101 7.67 0.150 1.00 16 10 9.29 1.300 7.41
0.050 1.00 16 20 17.22 1.100 14.44 0.150 1.00 16 20 17.22 1.300 14.16
0.050 1.00 16 30 24.14 1.100 20.03 0.150 1.00 16 30 24.14 1.300 19.77
0.050 1.00 16 40 30.19 1.100 25.01 0.150 1.00 16 40 30.19 1.300 24.77
0.050 1.00 16 50 35.71 1.100 29.05 0.150 1.00 16 50 35.71 1.300 28.81
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decreases the expected cycle time and increases throughput over sequential processing; however, the

improvements seen are impacted by the physical design. For example, a batch size of 30 produces

an average decrease in cycle time of 20.62%, but the decrease ranges between 12.56% and 48.62%

as the length, height, and handling time change.

Table 6: Average, Maximum, and Minimum Percent Improvement (Ψ) in Throughput Performance Over the Case of
No Batching.

n Average Max. Min.

1 0.00 0.00 0.00
10 12.48 39.79 5.56
20 17.31 46.85 9.71
30 20.62 48.62 12.56
40 23.58 49.38 14.30
50 26.18 50.02 16.06

Overall 20.03 50.02 5.56

6. Conclusions and Future Research

In summary, we analyzed the impact of a batch processing strategy on the throughput per-

formance of a complex order fulfillment technology, a carousel system with an S/R machine. We

contributed to the academic literature in carousel performance models by developing an expected

single-command cycle time model that considers batch processing of totes with an S/R machine.

Through validation with a discrete-event simulation, we showed that our analytical model is capable

of providing good estimates for management purposes.

Through testing we illustrated how our analytical models can guide management decisions.

Batch processing has the ability to increase the throughput of a carousel system. As carousel

systems are typically limited by throughput capacity (rather than by space capacity), increasing

the throughput through batching has the potential to reduce the number of carousel systems pur-

chased, which can be financially advantageous. For the instances tested, an average improvement of

20.03% was achieved over the case of sequential sequencing. Our results indicated that with batch

processing adding to the carousel’s length will increase storage capacity and will have a negligible

impact to the throughput performance.

Our research could be extended in the following ways. We studied a carousel system with a

random storage policy; however, class-based storage policies that assign fast-moving items near - in

the vertical sense - the I/O point could further improve throughput performance. We also studied
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the carousel system separately; therefore, an extension of our work could be to take a holistic

approach to the throughput of the order-fulfillment process by incorporating the interactions with

conveyor systems and picking stations.
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Appendix A. Details of the Expected Cycle Time Derivation

[Note this Appendix is intended as an on-line supplement.]

Appendix A.1 Larger Horizontal Time Carousels (i.e., τ = th)

We denote X as a random variable that represents the horizontal rotation time. The probability

distribution function for X, Pr{X = z}, is defined by (A.1) and the cumulative distribution

function for X, Pr{X ≤ z}, is defined by (A.2),

Pr{X = z} =

 Me−Mz

1−e−M for 0 ≤ z ≤ 1,

0 for z > 1.
(A.1)

Pr{X ≤ z} =

 eM−eM(1−z)

eM−1
for 0 ≤ z ≤ 1,

1 for z > 1.
(A.2)
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Let Y denote the time required in the vertical direction by the S/R machine. Using the expres-

sions developed in Killman and von Collani (2001), the probability distribution function for Y is

defined by (A.3),

Pr{Y = z} =



0 for z < g,

z−g
b2

for g ≤ z < g + b,

2b+g−z
b2

for g + b ≤ z < g + 2b,

0 for z ≥ g + 2b,

(A.3)

The cumulative distribution function, Pr{Y ≤ z}, is defined by (A.4):

Pr{Y ≤ z} =



0 for z < g,

(z−g)2

2b2
for g ≤ z < g + b,

1
2 + 4b(z−g)−3b2−(g−z)2

2b2
for g + b ≤ z < g + 2b,

1 for z ≥ g + 2b.

(A.4)

We assume X and Y are independent; therefore, their maximum is their joint cumulative

distribution. More precisely, let W (z) = max{X,Y } = Pr{X ≤ z}Pr{Y ≤ z}, and w(z) =

∂
∂zW (z). For g+ b < 1 and g+ 2b < 1, W (z) is defined by (A.5), and w(z) = ∂

∂zW (z) is defined by

(A.6).

W (z) =



0 for z < g,(
(z−g)2

2b2

)(
eM−eM(1−z)

eM−1

)
for g ≤ z < g + b,(

1
2 + 4b(z−g)−3b2−(g−z)2

2b2

)
eM−eM(1−z)

eM−1
for g + b ≤ z < g + 2b,

eM−eM(1−z)

eM−1
for g + 2b ≤ z < 1,

1 for z ≥ 1.

(A.5)
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w(z) =



0 for z < g,

eM−Mz(z−g)(2eMz−2−gM+Mz)
2b2(eM−1)

for g ≤ z < g + b,(
−eM−Mz

2b2(eM−1)

)
[2Mb2 + (g − z)(2− 2eMz + gM −Mz)−

4b(eMz − 1− gM +Mz)] for g + b ≤ z < g + 2b,

MeM−Mz

eM−1
for g + 2b ≤ z < 1,

0 for z ≥ 1.

(A.6)

For g + b < 1, g + 2b ≥ 1, and τ = th,

W (z) =



0 for z < g,(
(z−g)2

2b2

)(
eM−eM(1−z)

eM−1

)
for g ≤ z < g + b,(

1
2 + 4b(z−g)−3b2−(g−z)2

2b2

)
eM−eM(1−z)

eM−1
for g + b ≤ z < 1,

1
2 + 4b(z−g)−3b2−(g−z)2

2b2
for 1 ≤ z < g + 2b,

1 for z ≥ g + 2b.

(A.7)

w(z) =



0 for z < g,

eM−Mz(z−g)(2eMz−2−gM+Mz)
2b2(eM−1)

for g ≤ z < g + b,(
−eM−Mz

2b2(eM−1)

)
[2Mb2 + (g − z)(2− 2eMz + gM −Mz)−

4b(eMz − 1− gM +Mz)] for g + b ≤ z < g + 2b,

2b+g−z
b2

for 1 ≤ z < g + 2b,

0 for z ≥ g + 2b.

(A.8)

For g + b ≥ 1, g + 2b ≥ 1, and τ = th,
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W (z) =



0 for z < g,(
(z−g)2

2b2

)(
eM−eM(1−z)

eM−1

)
for g ≤ z < 1,

(z−g)2

2b2
for 1 ≤ z < g + b,

1
2 + 4b(z−g)−3b2−(g−z)2

2b2
for g + b ≤ z < g + 2b,

1 for z ≥ g + 2b.

(A.9)

w(z) =



0 for z < g,

eM−Mz(z−g)(2eMz−2−gM+Mz)
2b2(eM−1)

for g ≤ z < 1,

z−e
b2

for 1 ≤ z < g + b,

2b+g−z
b2

for g + b ≤ z < g + 2b,

0 for z ≥ g + 2b.

(A.10)

Finally, E[R]h when τ = th is defined by (A.11),

E[R]h =



1
b2(eM−1)M3 (−2e(−M(b+g−1)) + e(−M(2b+g−1))+

e(M−gM) + b2(b+ g)eMM3 − b2M2(1 +M)) for g + b < 1 and g + 2b < 1,

1
6b2M3(eM−1)

[6− 12e(−M(b+g−1)) + 6e(M−gM)−

6M(2b+ g − 1) + 3M2(2b2 + 4b(g − 1) + (g − 1)2)−

(8b3 + 6b(g − 1)2 + (g − 1)3+

6b2M3(2g − 1)) + 6b2eMM3(b+ g)] for g + b < 1 and g + 2b ≥ 1,

e−gM

6b2M3(eM−1)
[6eM + 6b2(b+ g)e(M+gM)M3+

egM (6M(g − 1)− 6− 3(g − 1)2M2+

M3((g − 1)3 − 6b3 − 6b2g))] for g + b ≥ 1 and g + 2b ≥ 1.

(A.11)

Appendix A.2 Larger Vertical Time Carousels (i.e., τ = tv)

When the normalized carousel has a larger vertical time dimension than a horizontal dimension

(i.e., τ = tv), we can derive the expected cycle time similarly to the case when τ = th, with the

following modifications.
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The expected cycle time when no horizontal rotation is required is modified to take into account

that the maximum vertical travel time is 1.0, not b, and is defined in (A.12),

E[CT |X = 0] =

(
1

2
+ g +

1

2
+ g

)
τ = (1 + 2g)τ. (A.12)

The carousel horizontal rotation time is truncated at b (instead of 1.0), where the probability

distribution function for X, Pr{X = z}, is defined by (A.13) and the cumulative distribution

function for X, Pr{X ≤ z}, is defined by (A.14),

Pr{X = z} =

 Me−Mz

1−e−bM for 0 ≤ z ≤ b,

0 for z > b.
(A.13)

Pr{X ≤ z} =

 ebM−eM(b−z)

ebM−1
for 0 ≤ z ≤ b,

1 for z > b.
(A.14)

The vertical time, Y , is the convolution of two uniformly distributed random variables, having

boundaries of 0 and 1 and e and e+1. Using the expressions developed in Killman and von Collani

(2001), the probability distribution function for Y is defined by (A.15),

Pr{Y = z} =



0 for z < g,

z − g for g ≤ z < 1 + g,

2− z + g for 1 + g < z < 2 + g,

0 for z ≥ 2 + g.

(A.15)

The cumulative distribution function, Pr{y ≤ Z}, is defined by (A.16),

Pr{Y ≤ z} =



0 for z < g,

(g−z)2

2 for g ≤ z < 1 + g,

1
2

(
−3− 4g − g2 + 4z + 2gz − z2

)
for 1 + g < z < 2 + g,

1 for z ≥ 2 + g.

(A.16)
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Let W (z) = max{X,Y } = Pr{X ≤ z}Pr{Y ≤ z} and w(z) = ∂
∂zW (z). For e ≤ b and τ = th,

W (z) =



0 for z < g,(
ebM−eM(b−z)

ebM−1

)(
(g−z)2

2

)
for g ≤ z < b,

(g−z)2

2 for b ≤ z < 1 + g,

1
2

(
−3− 4g − g2 + 4z + 2gz − z2

)
for 1 + g < z < 2 + g,

1 for z ≥ 2 + g.

(A.17)

w(z) =



0 for z < g,

eM(b−z)(−g+z)(−2+2eMz−gM+Mz)
2(−1+ebM )

for g ≤ z < b,

z − g for b ≤ z < 1 + g,

2 + g − z for 1 + g < z < 2 + g,

0 for z ≥ 2 + g.

(A.18)

For e > b, Pr{X ≤ z} = 1 for all X-values; therefore, the S/R machine always “loses the race.”

Consequently, W (z) is defined by (A.15), w(z) is defined by (A.16), and E[R] is equal to 1 + g.

Finally, E[R]v when τ = tv is defined by (A.19),

E[R]v =



1
6M3(ebM−1)

(−6 + 6e(b−g)M + 6gM − 3g2M2

−6M3 − b3M3 − 6gM3 + g3M3 + 6ebM (1 + g)M3

+3b2M2(gM − 1)− 3bM(2− 2gM + g2M2)) for g ≤ b,

1 + g for g > b.

(A.19)
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