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Abstract

With the need for extremely high accuracy in pharmaceutical distribution, automated technologies are standard for
order fulfillment and specifying the automated system that best meets storage and throughput constraints is a complex
process. This research provides a heuristic to address the issues related to SKU assignment and allocation in the most
common automated order picking system, an A-frame dispenser system. Representative data from the pharmaceutical
industry are used to illustrate the heuristic and the economics involved in these systems.
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1. Introduction

Orders can be fulfilled at the pallet, case or piece level. There are three main piece-level fulfillment strategies:
picker-to-stock, stock-to-picker, and automated dispenser. In a picker-to-stock strategy, an operator visits fixed loca-
tions to make a pick. In such systems, pick-to-light technology can be employed to reduce the amount of time an
operator spends searching for the next pick or for increasing accuracy. In a stock-to-picker strategy, the materials
being picked are transported to the operator. Examples include carousels, vertical lift modules (VLM’s), and miniload
automated storage and retrieval systems (AS/RS’s). Finally, in an automated dispenser strategy, automated order pick-
ing machines (called dispensers) can be used to eliminate manual picking (although replenishment is still performed
manually in most cases). An added benefit of automation is in terms of the extremely high order accuracy. These
factors have resulted in automated dispensers being standard in industries like the pharmaceutical industry.

The most common automated dispenser system used in industry is the A-Frame. As illustrated in Figure 1, the
products are placed in side-by-side channels of varying magazine length on two sides of a a collection belt, forming an
“A” and automatically dispensed onto the belt that passes through the tunnel created by the frame. Orders are filled one
at a time, with products then directly fed into customer order cartons or totes and transported via conveyor to another
picking station or the packing system. While the machine is operating, manual replenishment activities of the product
channels can be performed with no impact on the dispensing operations.

Figure 1: Depiction of an A-Frame System (Photo Courtesy of MHIA)

A-Frame systems are capable of filling orders quickly (up to 750,000 units/day, 1,200 – 2,400 orders per hour)
with incredible order accuracy (> 99.95%) [2]. They are prevalent in pharmaceutical distribution facilities, as well as
electronics and cosmetic industries where high volumes of highly-valued items are fulfilled in small orders, with the
need to be processed in a timely manner with extreme precision.
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Although there are models for automated stock-to-picker systems (see [6]), there is limited research performed
for automated dispensing systems. In [2], they design a decision-support tool used to modify the system setup once
demand is observed for a period of time. A significant component of their decision-support tool is the consideration of
channel fill-levels. The authors’ decision support tool suggests that these levels tended to be much higher in practice
than appropriate. A method for the assignment and allocation of SKUs to an A-Frame based on replenishment costs
only is presented in [1, 5].

There are currently no analytical models in the literature capable of addressing which SKUs to assign to an A-
Frame system and in what quantity that considers labor and infrastructure costs [2]. This is a critical decision as it has a
direct impact on the efficiency of an A-Frame through the balancing of replenishment, picking, and infrastructure costs,
as well as the throughput of the order fulfillment process. Furthermore, it is common for pharmaceutical distribution
facilities to have more than 30,000 SKUs, and thus, this is not a trivial task.

In Section 2 we formally define the problem we wish to solve, which addresses the assignment and allocation of
SKUs in an A-Frame system. Then in Section 3 we provide a knapsack-like heuristic for this problem. The purpose
of Section 4 is to provide details about a data set representative of the pharmaceutical industry and the economics
involved in designing these systems. In Section 5 we provide the results from an example. We provide conclusions
and opportunities for future research in Section 6.

2. Model Description
The overall objective of our research is to understand the dynamics of using an A-Frame in a distribution center. In
this paper we focus our attention on the SKU assignment and allocation problem. The basic questions in the SKU
assignment and allocation in an A-Frame system with a given number of modules are: 1. Given replenishment and
picking costs, along with SKU demand rates, which SKUs should be considered for inclusion in an A-Frame? 2.
Given a limited number of channels, which SKUs should be assigned to the A-Frame? 3. Given replenishment rates,
how many channels should be allotted to each SKU, and of what magazine length?

The first question, which SKUs should be considered for inclusion in an A-Frame, can be answered by calculating
a labor benefit of including a SKU in the A-Frame. If a SKU is picked manually, there are labor costs associated
with picking the SKU and replenishing the fast-pick area. If the SKU is picked in the A-Frame, there is no longer a
labor pick cost, but a replenishment cost still exists, although it is now an item-level replenishment cost (as opposed
to a case-level replenishment cost in a manual system). The labor benefit is calculated as the labor cost of picking
and replenishing from a manual system minus the labor cost of replenishing an item to the automatic system. If the
labor benefit of including a SKU in the A-Frame is negative (i.e., the labor cost of manually picking is less than the
labor cost associated with restocking the A-Frame), then this SKU is not considered for inclusion in the A-Frame, and
instead is picked manually.

Once the set of SKUs that should be considered for inclusion in the A-Frame is identified, we next need to deter-
mine which SKUs are assigned to the A-Frame since it is possible that there will not be sufficient capacity for doing
so for all SKUs. This second question can be answered with a knapsack-like formulation since there is a net benefit of
including a SKU in the A-Frame as well as a cost based on the amount of A-Frame storage space consumed.

The third question, how many channels should be allocated to each SKU, and of what magazine length is associated
with the allocation of space within the A-Frame. This process allots SKUs to a certain number of channels based on
how many times the A-Frame is replenished in a single shift of operation. We assume an equal-time allocation, which
is the predominant policy used in industry. It should be noted that we are aware of the optimal allocation policy
presented by Bartholdi and Hackman [1], but after talking to industry representatives, this policy was not commonly
practiced in industry due to the discreteness of the channels and the complexity of the replenishment system. In our
model we enforce a maximum number of channels that can be allocated to any single SKU (U). This is based on
the assumption that although the A-frame is in general a very efficient order fulfillment technology (and in particular,
more efficient than a pick-to-light system), there are some very high-moving (VHM) SKUs that will be be fulfilled in
an even more efficient manner (i.e., pulling cartons from a pallet at the end of the picking area).

In order to allocate space within the A-frame, we first must calculate the total length and weight of one replen-
ishment cycle’s demand for each SKU. The total length, ls, is the minimum physical dimension of SKU s multiplied
by the cycle demand for SKU s. We assume that items are stacked in the magazine with their smallest dimension as
a height, which is typical of SKUs picked in an A-Frame (i.e., pharmaceutical products, CD’s, cosmetics). The total
weight of one replenishment cycle of SKU s, ws, is the unit weight multiplied by the cycle demand for SKU s.

Given a specific A-Frame, the maximum weight capacity of one channel, W max, can be determined. Due to physical
limitations, each channel can only effectively store a finite amount of product and a typical channel can handle weight

771



Meller and Pazour

up to, say, 15 pounds. Note that A-frames consist of a set of channel modules with roughly 64 single-level channels
or 128 double-level channels in a module.

Once we have this information concerning our SKUs and A-Frame configuration, we can then apply the heuristic
presented next in Section 3 to determine the assignment and allocation of SKUs in the A-Frame.

3. Heuristic for Sku Assignment and Allocation
In this section we present a heuristic for SKU assignment and allocation in an A-frame system. We first define the
notation in terms of sets, parameters and decisions variables, and then the heuristic algorithm itself.

Sets:
S SKUs; indexed on s, s = 1, . . . , |S|
M magazine lengths; indexed on m = 1,2,3, . . . , |M|

Parameters:
bs per-unit benefit of placing SKU s in the A-Frame
nm

s the number of channels required for SKU s of magazine length m
ls total length of one replenishment cycle demand for SKU s in centimeters
ws total weight of one replenishment cycle demand for SKU s in pounds
W max maximum weight capacity of one channel in pounds
β(s) the net benefit per length of including SKU s in the A-Frame
ds number of items demanded in one replenishment cycle for SKU s
am number of channels available in the A-Frame system of magazine length m
cm a cost factor for magazine length m
U maximum number of channels allowed to be allocated to one SKU
C a very large cost

Decision Variables:
xs = 1 if SKU s is placed in the A-Frame; 0 otherwise
ym

s = 1 if magazine length m is used to slot SKU s; 0 otherwise
zm

s = number of channels of length m slotted to SKU s

Before presenting the heuristic, we observe that typical values for the ordered set M are 80 cm., 135 cm., 180 cm., and
250 cm. We denote the mth element in the lowest-to-highest ordered set, M, as M[m], where M[∗]

s denotes the longest
weight-feasible channel length for SKU s.

Heuristic Algorithm:

1 Sku Inclusion:
For s ∈ S, If bs < 0 then S = S−{s}

2 Sku Assignment and Allocation:
For s ∈ S and m ∈ M, calculate,
nm

s =
⌈

ls
M[m]

⌉
While ws

nm
s

> W max

nm
s = nm

s +1

End While

β(s) = bsds

n[∗]
s M[∗]

While ∑
m

am > 0 and ∑
s

β(s) > 0

s′ = argmax
s

{β(s)} (break ties arbitrarily)

m′ = argmin
m

{cmnm
s′ }

If am′ −nm′

s′ > 0 and nm′

s′ ≤U

Then xs’ = 1, ym’
s’ = 1, zm’

s’ = nm’
s’ ,

am′
= am′ −nm′

s′
β(s′) = 0

Else: cm′
= C

While min
m
{cmnm

s′ } < C

m′ = argmin
m

{cmnm
s′ }

If am′ −nm′

s′ > 0 and nm′

s′ ≤U

Then xs’ = 1, ym’
s’ = 1, zm’

s’ = nm’
s’ ,

am′
= am′ −nm′

s′
β(s′) = 0
Else: cm′

= C

End While
β(s′) = 0

End While
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4. Data Structure and Cost Model
In the process of performing this research we became intrigued by the economics of these systems and in which situa-
tions an economical argument could be made to deploy this technology. Our research determined that the structure of
the data that describe these systems was critical in obtaining “reasonable” results. Therefore, the purpose of this sec-
tion is to describe the data structure and cost models used to evaluate these systems so as to increase the understanding
of these systems.

A claim made in the A-Frame supplier industry is that if an A-Frame can average around 18 order-lines per
channel per day, then it will pay for itself in 18 months [3]. Although this claim is specific to one supplier and every
system is unique, claims by other suppliers are similar and so trying to verify this claim seemed important to us. The
following assumptions (based on interactions with a supplier and a customer that has applied the technology in their
pharmaceutical distribution center) were made to verify this claim:

• A pharmacy averages 1.5 units per order-line.

• The average cost of a channel is approximately $1,000, which includes the fixed cost of software and infrastruc-
ture. (I.e., an average A-Frame system with 25 to 30 modules costs between $1.5 to $2 million dollars. Each
module has roughly 64 channels. Thus, each channel costs, on average, $1,000 per channel.)

• The average cost of a pick-to-light display is $280, which includes the light display, flow rack, and the associated
conveyor.

• There are an average of 250 working days per year.

These assumptions result in the following calculation of the average savings per unit:

$1,000−$280
channel-18 months

× channel-day
18 order-lines

× 1 order-line
1.5 units

× 18 months
375 days

×=
$0.07
unit

.

Therefore, if a labor savings of $0.07 per pick over the manual system is generated, a company that utilizes each
channel 18 order-lines per day will experience an 18-month payback. Thus, our next task was to determine if a labor
savings of $0.07 per pick was reasonable. Again, based on industrial interactions, we assume the following in order to
complete this task:

• Average manual replenishment rate = 40 cases/hour

• Average manual pick rate = 320 items/hour

• Average replenishment rate to the A-Frame = 1850 items/hour

• Average items per case = 24 items/case

• Average labor wage = $19/hour

With these assumptions, then the following cost per pick results:

• Cost to pick in a pick-to-light system = $0.0594/item

• Cost to replenish in a pick-to-light system = $0.0198/item

• Cost to replenish to the A-Frame = $0.0103/item

Therefore, the average savings per pick of the automated system is equal to:

($0.0594+$0.0198)−$0.0103 = $0.0689/pick,

which is comparable to the $0.07 calculated previously.
With the economics of A-Frame order fulfillment verified, we present an example from pharmaceutical distribution.

In our analysis, we assume that our DC stores 30,000 different SKUs and has an average demand of 1,000 orders per
day. The average order size is uniformly discrete between 20 and 40 lines per order. We assume the inventory follows
a 60/20 ABC curve and we represent the ABC curve as presented by Hausman, Schwarz, and Graves [4]. If the SKU
is a “B” or “C” item, then the number of items per line equals 1. However, if the SKU is an “A” item, then the number
of items per line follows the distribution below:
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p(x) =



0.500 x = 1 item/line
0.250 x = 2 items/line
0.130 x = 3 items/line
0.070 x = 4 items/line
0.035 x = 5 items/line
0.015 x = 6 items/line

.

The weight and dimension of the products ejected from the A-Frame system in a pharmaceutical DC are fairly
random and therefore we assume that the minimum dimension is distributed uniformly from 1.2 to 9 cm and the
weight of each SKU is distributed uniformly from 0.01 to 0.75 pounds. We assume that there are two replenishment
cycles per day and set U = 7.

Because of the high-volume, short lead time, and high-accuracy requirements, we consider three methods for
piece-picking order fulfillment: an A-Frame system, a pick-to-light system, and a VHM SKU system. We apply our
heuristic to determine the assignment and allocation of SKUs in the A-Frame. If the SKU is not allocated to the
A-Frame and is not a VHM SKU, pick-to-light displays are purchased at $280 per lane and assume a lane can store up
to 5 cases per replenishment cycle. Therefore, if a SKU has a cycle demand greater than 5 cases, multiple pick-to-light
locations must be purchased. We assume a VHM SKU can be picked for 50% of a pick-to-light pick. There are both
fixed and variable costs associated with the acquisition of an A-Frame system. We assume that the fixed cost (i.e.,
software, control system, and implementation) makes up 25% of the purchase or $500,000. Depending on how many
modules are purchased, an additional variable cost of $60,000 per module is added. We implement A-Frame modules
that have 64 magazines of length 80 cm. and 32 magazines of length 135 cm. with cost factors equal to 0.7 and 1,
respectively. We assume a study period of 5 years and a MARR of 20%. In the next section, we discuss the results
from our cost model.

5. Example from the Pharmaceutical Industry
The objective of the heuristic is to take a large set of SKUs, determine how may channels are needed for a given
replenishment constraint, and then to allocate the total number of channels available to minimize total labor costs
(replenishment costs to the A-Frame and replenishment and picking costs in the manual system). In terms of opti-
mization, total costs, consisting of both labor costs and infrastructure costs, can then be determined for a range of
channels available (usually allocated in fixed increments of A-Frame modules). The heuristic from Section 3 is used
to solve this problem.

As the number of A-Frame modules increases, the number of SKUs that are able to be assigned to the A-Frame,
as well as the number of items that are dispensed from the A-frame, increases as shown in Figure 2(a) as well as the
total cost in the distribution center. Note that in this optimization problem an obvious trade-off exists: as the number
of A-Frame modules increases, the labor costs decrease but the infrastructure costs increase. Figure 3 plots the num-
ber of A-Frame modules versus the daily labor and infrastructure costs in the distribution center. As can be seen in
Figure 2(b), an A-Frame system with 38 modules is the most cost-efficient alternative for our example.

(a) A-Frame Allocation (b) Total Daily Costs

Figure 2: (a) The Number of A-Frame Modules Versus the Number of Skus Assigned and the Number of Items Picked
from the A-Frame and (b) the Total Daily Costs in the Distribution Center

6. Conclusions and Future Research
We developed a heuristic that addresses SKU assignment and allocation in an A-Frame system. We used representative
data from the pharmaceutical industry to illustrate the heuristic and the economics involved in these systems. As the
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(a) Daily Labor Costs (b) Daily Infrastructure Costs

Figure 3: The Number of A-Frame Modules Versus (a) the Daily Labor Costs and (b) the Daily Infrastructure Costs.

number of A-Frame modules increases, the cost of picking decreases, but the cost of infrastructure increases. We find
for our example that 38 is the optimal number of A-Frame modules that should be implemented for the largest total
cost savings. It is our hope that these models can be used by industry to determine the most economical manner in
which to conduct piece-picking order fulfillment.

More future research should be conducted in this area. First, an optimal SKU assignment and allocation model
should be developed for an A-Frame system. A-Frame systems are complex machines with interacting components
that affect the throughput and therefore these interactions should be formally understood and a throughput model
developed. Such modeling would provide additional resources needed to make the decision of whether or not to im-
plement an A-Frame system.
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