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Optimal Routing and Assignment of Consultants
for Energy Education, Inc.

Junfang Yu
Department of Engineering Management, Information and Systems, Southern Methodist University,
Dallas, Texas 75205, yuj@lyle.smu.edu

Randy Hoff

Energy Education, Inc., Dallas, Texas 75225, rhoff@energyed.com

Energy Education, Inc. (EEI), a US management consulting firm, specializes in implementing energy conserva-
tion programs for schools, universities, and large churches. Similar to many consulting firms, travel expenses
are among its largest budget items. Managing consultant travel for minimum cost and in a manner that meets
client needs is critical. Typically, a subject matter expert at the company produces a consultant routing and
assignment schedule using a labor-intensive, time-consuming, manual process; the schedule produced is usually
far from optimal. The objective of our research is to minimize the total cost of consultant travel and staffing.
Our models use a cluster-first, route-second methodology. We developed a set-covering binary integer program-
ming heuristic to cluster clients based on geographic location. The relaxed consultant routing and assignment
problem is formulated as a mixed-integer linear programming model using cluster locations and demand with
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consultant skills and availability.

In a recent 12-week period, the results of our research reduced EEI costs by 24 percent and provided several
qualitative benefits. We conducted sensitivity analysis to provide EEI with improved decision analytics for
additional modification of its existing processes and business routines.

Key words: vehicle routing; employee assignment; cluster analysis; consulting.
History: This paper was refereed. Published online in Articles in Advance January 14, 2013.

Energy Education, Inc. (EEI) is a 25-year-old con-
sulting firm that focuses solely on the design,
implementation, and service of energy conserva-
tion programs for educational institutions and large
churches. It uses a high-touch model (i.e.,, consul-
tants typically interact with clients face to face).
Consultants implement nearly 100 percent of their
engagements at the client site, frequently during
unoccupied hours (i.e., nights, weekends, holidays,
extended breaks). EEI consultants interact person-
ally with all levels of client employees, using spe-
cialized implementation skills that cannot be easily
replicated or for which other consultants cannot be
easily cross-trained. Therefore, consultants travel to
almost all client assignments and incur significant
travel expenses for flights, hotels, rental cars, and
meals. In 2010, each consultant spent an average of
$1,000 per week in flight costs.

Managing consultant travel at minimum cost and
in a manner that meets client needs is one of EEI'’s
most important objectives. Our research enabled the
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firm to reduce its travel costs by 24 percent and focus
on specific areas for additional future cost savings.
This paper reports on the process, methodology, and
insights gained from improving EEI’s consultant rout-
ing and assignment process.

The Problem and Study Purpose

Consulting firms desire a solution to their consultant
routing and assignment problem to help them make
dramatic improvements to these key metrics; how-
ever, no current methodology or repeatable process
that a firm can apply directly is available. In this paper,
we discuss our development of new algorithms for
assigning and routing traveling consultants. Our solu-
tion incorporates integer programming models and
heuristic techniques. In using our model to create a
weekly schedule, we incorporate guidelines concern-
ing supply, demand, capacity, flow balance, safety,
employee quality of life, and feasible travel schedules.
The model’s objective is to minimize the total cost
of employee travel and the variable expenses of the
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consultant population. Although routing and assign-
ment problems have been studied and solved using a
variety of methods, EEI's problem has several unique
requirements because of the distributed nature of the
clients and consultants, variation in client needs, and
combinations of skill sets available.

Manual Approach to
Consultant Scheduling

At EEI, scheduling was a highly manual process that
a subject matter expert (SME) at the company’s head-
quarters completed. SMEs used their knowledge of
client and consultant locations and their understand-
ing of reasonable travel schedules to allocate consul-
tant supply to client demand. This manual scheduling
process used a greedy method of visit allocation. It
was a labor-intensive process that required significant
experience and more than 16 hours of dedicated effort
each week. Therefore, cross-training EEI staff was dif-
ficult. Figure 1 presents the steps in the high-level
decision process EEI used in its manual consultant
scheduling.

Step 1. Gather all the new information for the cur-
rent scheduling period, including data on consul-
tant supply. The SME determined consultant supply
by the amount of time each person is willing and
able to work, excluding days for personal leave, hol-
idays, training, or other company meetings. Client
demand was guided by a separate process that fac-
tored in client size, age, performance level, and spe-
cial requests. Consultant supply must equal or exceed
client demand. If demand exceeded supply, a manage-
ment review was required to artificially reduce prior-
ities for client visits. Fixed visits were also included
for clients who requested a specific consultant with a
special skill during a given week.

Step 2. Assign fixed visits to each consultant’s
travel calendar. The location of a fixed visit becomes
an anchor point for the consultant, who will likely
be scheduled to visit other clients in the same loca-
tion to save travel costs. Thus, this simple process of

assigning fixed visits gave anchor points for a few
consultants. Once this step was completed, the SME
indexed consultant availability and reduced it on an
individual level.

Step 3. Assign consultants to home area visits. The
SME manually matched consultants who have the
required skills to clients in their home area. These vis-
its support client needs at the lowest cost because con-
sultants do not require air flights and usually do not
require hotel accommodations. After assigning these
visits, the SME indexed and reduced consultant avail-
ability. Following this step, some consultants have no
capacity (i.e., they have no available time left).

Step 4. Allocate consultants with remaining capac-
ity for available visits near their assigned fixed visits.
The logic was that because a consultant had to travel
to a distant area, the sunk cost of the airline ticket
might cover other visits in that vicinity. Once again,
the SME indexed and reduced consultant availability
and removed consultants with no remaining capacity
from consideration for this schedule.

Step 5. Manually match all remaining visit demands
with the remaining consultant supply. Although this
step attempted to minimize travel difficulty for each
consultant, it was not mathematically optimized in
any way. To meet demand, consultants often were
required to take one or more flights per day.

Step 6. Review calendar. Management and peers at
EEI reviewed the entire calendar to verify the valid-
ity of the completed consultant schedule set. If any
member of the review team felt that a travel sched-
ule was infeasible, the review team asked the SME
to rework the flow. This often had a cascading effect
because visits were shuffled among consultants.

A New Approach: Cluster First,
Route Second
Based on our research, we defined a two-stage process

model (see Figure 2) that automates and optimizes
the process of routing consultants in a manner that

(1) Gather new (2) Assign fixed > (3) Assign home-
information visits area visits

(4) Assign near- S (5) Assign >

. .. - 6) Final revi
fixed visits leftover visits (6) Final review

Figure 1: The diagram shows the six steps of the manual scheduling process for consultants.
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Hub location, hub size,
hub-client distance

Clustering procedure Stage 1: Cluster generation

Cluster skill demand, I
consultants supply, Cluster locations
travel & consultant cost l

Stage 2: Cluster assignment &

Assignment & routing routing

Consultant & cluster routing

$

Figure 2: The consultant assignment and routing heuristic has two stages.
The flowchart shows the input to each stage and the output from that stage.

(1) minimizes the number of flights and consultants
required by EEI each week, and (2) fully meets client
demand. In Stage 1, we establish clusters of clients,
using preferred airports as centroids. The cluster-
ing methodology uses a set-covering integer linear
programming model to group and aggregate client
demand by skill type. We assign clients to clusters in
a mutually exclusive fashion that ensures no overlap
in support area. In Stage 2, we use a mixed-integer
linear programming (MILP) model to create weekly
assignments and routes for each consultant.

The consultant scheduling problem requires deci-
sions regarding the assignment of consultants in
support of client cluster demand. We constrain the
categories into three primary groups: cluster demand,
consultant availability, and consultant travel flow.
Cluster demand requires all required visits, includ-
ing fixed visits by a specific consultant, to be filled
during the scheduling period. Consultant availabil-
ity requires conditions such that (1) consultants can
only fill demand if they are proficient in the necessary
skills, and (2) consultants cannot be assigned more
visits that they are capable of filling. Finally, consul-
tant travel constraints are used to organize the flow
of visits such that consultants start their travel from
the farthest point away from home and work toward
home during each scheduling period in the most effi-
cient manner. The model minimizes the total direct
cost for all consultants within the scheduling week,
including travel from and to consultants” homes and
among clusters.
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Clustering Clients

Many routing and assignment problems such as
the traveling salesman problem, are NP-hard (ie.,
nondeterministic, polynomial-time hard) with solu-
tion times that increase exponentially as additional
variables are introduced. For this reason, clustering
a set of data into homogeneous groups can greatly
simplify a model’s solution and reduce its comput-
ing time. Using clustering, we reduce the mathemat-
ical model from a huge number of clients to a small
number of clusters, thus sharply reducing the prob-
lem size. Many techniques have been used to cluster
clients for routing problems. One promising heuris-
tic technique (Mastrogiannis et al. 2011, Toregas et al.
1971) formulated an integer linear program set-cover
model as the basis for clustering. This technique used
an m-row, n-column, zero-one matrix, with specific
costs assigned to each column. The clustering heuris-
tic defined a method for partitioning the columns into
homogeneous clusters and gave a rule for selecting
the best column for the each cluster. The researchers
(i.e., authors) defined an iterative process for selecting
the prime cover for each row attribute.

We use client clustering based on geographic loca-
tion as our approach to relax the problem structure
and reduce the number of variables and constraints
needed. Our model uses a set-cover binary integer
programming heuristic. The goal of our analysis was
to find the minimum number of airportcentric clusters
that will cover all clients so that we could aggregate
client demand. Appendix A shows the details of the
model for clustering clients.

Finally, we conduct a manual review of each client
to assign a best fit. In EEI’s process, this step required
the SME to choose the best natural cluster for a client
who could potentially be assigned to multiple groups.
The natural cluster considers nearby towns and cities,
or physical barriers such as rivers, mountains, and
interstate highways. Our model requires assigning
clients to mutually exclusive cluster groups.

Routing and Assigning Consultants to Clusters

The process of routing and assigning consultants to
clusters is similar to a vehicle routing problem (VRP),
which provides a solution method for distributing
goods from a depot to multiple customers through
a known set of routes. The solution of a VRP is a
minimum-cost routing schedule that fulfills customer
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demand and satisfies all other constraints. Beck et al.
(2003), Cheng and Wang (2009), Bard et al. (2002), Toth
and Vigo (2002), and Diaz (2005) researched vehicle
routing or documented the similarities between vehi-
cle routing and various scheduling applications. Their
research identified specific areas of overlap that con-
tribute to the performance of solution methodologies.
The multiple-depot vehicle routing problem (MDVRP)
is a specific and relevant type of VRP. In this method,
a company may have several depots from which it can
serve customers. Because these depots and customers
are commonly intermingled, a solution that uses seg-
mentation and multiple models is not feasible. The
objective of the MDVRP is to service all customers
while minimizing the number of vehicles and travel
distance. The main difference between our consultant
routing and assignment problem and an MDVRP is
the skill requirement of each visit and the unique set of
skills specific to each consultant. Therefore, our model
has additional constraints to address these differences.

We formulate the consultant routing and assign-
ment problem as an MILP model using the clustered
clients, as we describe above. In our formulation,
each cluster represents a group of clients; these clus-
ters have a specific demand for a number of skills.
Each consultant has a specific skill set and availabil-
ity. Consultants must fully satisfy all cluster demands
by starting at their home location, traveling to var-
ious clusters, and then returning home at the end
of the period. A small percentage of EEI consul-
tants are independent consultants. EEI hires these
contract consultants as needed on weekly basis. The
model’s objective is to minimize the total flight cost
for all consultants and the variable labor cost for all
assigned contract consultants in a scheduling week.
Appendix B shows the model formulation for routing
and assigning consultants to clusters.

3 68 67 61
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Implementation Methodology

The SME role is required to plan the consulting
demand for each applicable client, including numbers
of visits (shifts), type of visits (skills), and specific
consultants (fixed visits). The SME also maintains each
consultant’s skill-set matrix and captures consultant
availability for the planning week in terms of number
of available shifts. The client cluster is formed using
a set-cover model. The client clustering structure does
not change each week; it changes only if the mix or
location of a considerable number of clients changes.

Based on the client clusters obtained (see Figure 3),
the client-based consulting demands are converted to
cluster-based demands. The flight cost for each pos-
sible origin-destination pair is adjusted based on the
airfares during the planning week, as does the labor
cost for each potential contract consultant.

We prepare the demand-and-cost data and other
supporting data in a format needed by our solver
interface (note that we use CPLEX) and solve it
within one hour. For this implementation, we did not
develop any specific software for the project. How-
ever, we have plans to develop software to automate
the processes listed above. For each consultant, the
output includes a weekly assignment and a travel
route that starts at the consultant’s home and has a
list of consecutive clusters to be visited. The assign-
ment and route include the number of visits (shifts)
for each type (skill) and cluster.

For each cluster, the cluster-based consultant
assignments are allocated back to client based within
the cluster. Because no additional cost is considered
within a cluster, any feasible allocation will serve the
purpose. The allocation process always begins with
fixed visits, if any are present. The SME reviews the
final assignment schedule and, for specific business
reasons, may apply manual adjustments that do not

18181614111110865544
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Figure 3: The graphic displays the number of clients in each cluster in descending order.
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incur additional cost and are within a predefined tol-
erance. The assignment schedule is posted on each
consultant’s calendar.

The SME’s use of mathematical programming is
still a manual process because we are waiting for
funding to allow us to fully implement and automate
the scheduling. We summarize the steps that the SME
performs in developing the weekly schedule.

(1) Collect weekly demand data for each client and
each visit type, including fixed visits.

(2) Aggregate client-based demand to cluster-based
demand for both fixed and nonfixed visits.

(3) Collect the availability data for all consultants.

(4) Update the cost data for flights and contract
consultants.

(5) Manually run CPLEX to generate the cluster-
based schedule, including the routing information,
among the clusters.

(6) Manually disaggregate the cluster-based sched-
ule to the client-based schedule for each consultant.

(7) Publish each consultant’s schedule.

Model Input

We collected data over a scheduling period start-
ing with the week of February 7, 2011 (identified as
week 1) and ending with the week of May 16, 2011
(identified as week 15); this equates to 15 scheduling
weeks. We removed three weeks (week 2, week 11, and
week 14) from consideration, because we considered
them atypical because of artificially low consultant
supply numbers. The model significantly improved
cost and performance for these three weeks; however,
we could not extrapolate the results over a longer
period. Final data analysis yielded a nonconsecutive
12-week period that we used as the basis for all anal-
yses and comparisons.

The typical scheduling week averaged 229 visits
required by clusters. Figure 4 shows the variation in
demand by week.

The consultant supply was stable and exceeded
demand each week. Many consultants are employed
as independent contractors to EEL as needed, they
provide scheduling flexibility. These independent con-
tractors are paid on a weekly basis. If they are asked
to make a single visit in a given week, they receive
their full compensation and are treated as variable
costs. Therefore, balancing capacity and the use of
independent contractors is critical. Consultant capac-
ity approached 300 shifts per week in each schedul-
ing period.

Fixed visits, which occur when a client demands
a specific consultant to fill a need, are an impor-
tant demand type to monitor. Increasing fixed vis-
its reduces scheduling flexibility and increases cost.
Although the average demand for fixed visits is nearly
45 per week, these visit requests are highly variable
and based on specific needs. Figure 5 shows the num-
ber of fixed visits demanded by clusters each week.

Results and Comparison to Actual Schedules

We used the routing and assignment model for all
12 weeks in the scheduling period. Because of the
model’s size and complexity, we could not achieve
optimality in any model run. To obtain our solutions,
we used a CPLEX version 12 solver running on a
Linux server with a dual six core Intel Xeon 3.4 GHz
processor and 96 GB memory. Figure 6 illustrates a
typical model run. We scheduled the model to run
for 20 hours. The objective function improved signif-
icantly in the first several hundred seconds of run
time. At the one-hour (3,600-second) mark, it was

Number of shifts by week

266
230 2B 29 g
] 194 I I I I
T I T T T T T

25 BT 242 239 5y
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Figure 4: Weekly cluster demand varies from week to week.
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Number of fixed visits
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Figure 5: The graph displays the demand for fixed visits during each week that we modeled.
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Figure 6: The results from week 3 demonstrate how the solution approaches its optimality over time.

$19,106; at the end of the 20 hours, it was $18,952—
only 0.8 percent less. Therefore, the model made no
improvement for the last 16 hours of run time. After
comparing the trade-off between run time and objec-
tive function improvement, we determined that end-
ing each run at the 3,600-second mark achieved an
effectively balanced solution.

Table 1 shows a comparison of flight costs from
actual schedules and the model. Using the SME (i.e.,
manual) method, actual flight costs for the 12-week

Actual ($) Model ($) Savings (%)
Week 1 11,996 6,264 48
Week 3 10,721 5,313 50
Week 4 12,355 5,849 53
Week 5 11,036 6,947 37
Week 6 11,266 7,273 35
Week 7 10,831 5,744 47
Week 8 10,210 5,420 47
Week 9 10,737 5,783 46
Week 10 11,600 6,637 43
Week 12 10,503 6,265 40
Week 13 11,886 6,073 49
Week 15 11,519 7,312 37
Total 134,660 74,882 44

Table 1: The table shows flight costs from the actual schedule and the
model, and the resulting savings percentages.
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period were $134,660; using the MILP model, they
were $74,882—a 44 percent reduction.

Table 2 compares costs for independent contrac-
tor consultants. Independent contractors are variable
costs because no costs are incurred if they are not
used. The model reduced direct labor costs of these
consultants by 15 percent from $323,350 to $273,630.

The combined flight and labor cost reduction
for the 12-week period was $109,498, a 24 percent
reduction in direct costs. This annualizes to savings

Actual ($) Model ($) Savings (%)
Week 1 29,640 28,915 2
Week 3 21,545 13,740 36
Week 4 32,090 22,800 29
Week 5 26,840 25,190 6
Week 6 26,715 21,445 20
Week 7 26,895 23,020 14
Week 8 23,795 20,095 16
Week 9 24,240 22,090 9
Week 10 29,315 23,650 19
Week 12 28,645 25,000 13
Week 13 27,515 24,185 12
Week 15 26,115 23,500 10
Total 323,350 273,630 15

Table 2: The table shows consultant variable costs from the actual
schedule and the model, and the resulting savings percentages.
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(note that F&C represents flight and consultant).

of $474,490 as a result of routing and assignment
improvements. Figure 7 shows the savings for each
week modeled.

Sensitivity Analysis and Additional Benefits
Sensitivity analysis, which can be used to improve
management decision making or simulate business
process changes, is also a benefit of using the model.
For this project, we conducted sensitivity analysis
on two key business areas involving seven modeling
scenarios. We modeled each scenario independently
and compared the impact by ranking additional cost
savings achieved on a percentage basis (see Table 3
and Figure 8). In the next two paragraphs, we
describe the scenarios. Note that the scenarios listed
in Table 3 and Figure 8 are shown in parentheses.
The first business area we analyzed was the impact
of personnel and training decisions EEI can make in
the future. In the first scenario (maximum training),
we looked at decisions on the cost savings associated
with expanding consultant training and skills devel-
opment. The second scenario (new hire) involved

Test Scenario Total cost (§)  Savings ($)  Savings (%)
Original model 25,515
P&S  Maximum training 25,229 286 1.1
P&S  New hire 25,201 314 1.2
P&S  Relocation 25,347 168 0.7
BR Max flights = 6 25,449 66 0.3
BR Availability =12 25,057 458 1.8
BR Use excess capacity 24,979 536 2.1
BR Eliminate fixed 18,290 7,225 28.3

Table 3: We conducted sensitivity analyses for seven business scenarios.
This table shows the costs, savings, and percentage saved (note that P&S
represents personnel and staffing and BR represents business rules).
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Figure 8: The sensitivity analysis graph shows the percentage of savings
achieved for each scenario modeled.

determining the best cluster to hire one additional
consultant to achieve maximum cost reduction. In the
third scenario in this category (relocation), we ana-
lyzed quantifying the impact of relocating a consul-
tant from a cluster of excess visit supply to a place of
higher visit demand.

The second business area involved the impact of
modifying EEIl’s internal business rules and policy
decisions. We tested four specific scenarios in this
area. The first scenario we tested (max flights = 6)
addressed increasing the number of flights a consul-
tant can complete each week. In the second scenario
(availability = 12), we modeled increasing the max-
imum number of training visits a consultant could
complete each week. Third (use excess capacity), we
tested using consultants who are used only partially
to fulfill future visit needs in upcoming weeks. In the
fourth scenario (eliminate fixed), we analyzed the
impact of eliminating fixed visits where the client
requests a specific consultant and (or) specific date.

Table 3 and Figure 8 show the results of the sensi-
tivity analysis on week 8 costs. The most significant
impact was the elimination of fixed visits. Eliminat-
ing the 41 fixed visits in week 8 increased savings by
28.8 percent. This change would have saved $7,225
in additional costs or $176 per fixed visit. The model
realized the $7,225 savings by reducing staffing levels
by one consultant, reducing consultant variable costs,
and lowering flight costs.

Other benefits of reducing the number of airline
flights include reduced exposure to airline disruption,
increased sense of consultant ownership to clients
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in their home geography (i.e., consultants will be
assigned for visits to these clients whenever possi-
ble), increased productivity because of reduced time
on flights, and general morale improvement in field
consultants because of less time away from home.
Another indirect benefit of using a model for consul-
tant routing and assignment is a reduced dependency
on the SME for scheduling and logistics decisions.
This improves cross training and company flexibility.

Conclusions and Insights Gained

The heuristic model formulations in this paper are
flexible and robust and can be easily manipulated to
represent many possibilities encountered in real-life
situations. The model has applications in a wide range
of settings, including tactical, planning, and strategic
environments. The model gives consulting firm man-
agement a method for calibrating and quantifying the
impact of current decisions on future operations by
running multiple what-if scenarios.

When EEI implemented the solution in its consul-
tant scheduling process, it realized travel cost savings
and improved employee deployment. These savings
have nearly achieved the projected 24 percent travel
cost reduction; however, because overhead savings
(i.e., savings related to the overhead costs of the man-
ual method relative to the application of the solu-
tion described above) have not yet been realized,
additional work is underway to gain user accep-
tance and full adoption of the solution. The biggest
implementation challenge has been integrating vari-
ous legacy databases in an automated fashion. EEI
currently pulls information from five databases to
gather comprehensive information about clients, con-
sultants, and travel. Because these databases are con-
stantly updated, the SME must make manual queries
each week to populate the model, a time-consuming
process; thus, the SME’s weekly work effort has not
yet been reduced. Although EEI is in the process of
automating its data integration, the project will take
several years because of budget constraints and other
factors.

Another implementation challenge relates to the
adoption of this new process by the consultants.
They have traditionally been given much autonomy
in promising dates for follow-up visits to clients.
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As needed, the SME would adjust the schedules to
accommodate these visit dates. Sensitivity analysis
of this project provided EEI with the information
needed to eliminate this common practice in favor of
more structured routing and assignment flows, result-
ing in some resentment and resistance from the con-
sultants. In retrospect, consultants should have been
more involved in the data collection and model devel-
opment process to ensure their acceptance and own-
ership of the process changes.

In summary, this research significantly improves
consultant planning models and algorithms for EEIL
The new process makes a significant impact on the
firm’s profit, staff utilization, and overall productivity,
while improving consultant quality of life and safety.

Appendix A. Model for Clustering Clients

Notation

M = number of client locations.

P = number of potential airportcentric cluster locations.

¢; = hub rating or cost associated with cluster j.

a;; = 1 if client i is within a cluster radius of cluster j;
0 otherwise.

xi=1 if cluster j is used; 0 otherwise.

P
j=1

P
subject to Zai]-x]_ >1, foralli=1,2,...,M, (A2)
=1

xje{O,l}, forall j=1,2,...,P. (A3)

The objective function in Equation (Al) minimizes the
total cost of airport hub clusters. Equation (A2) requires the
number of clusters covering client i to be greater than or
equal to 1. The radius of each cluster is determined based on
how a flight-versus-drive decision is made. For this project,
we determined the radius to be 300 miles for all clusters
based on a survey of the firm’s consultants, which we con-
ducted. Equation (A3) requires the decision variables to be
binary.

Appendix B. Model for Routing and Assigning
Consultants to Clusters Notation

I = number of consultants to be assigned.

C = number of clusters of clients to be sched-
uled (determined by solving the model in
Appendix A).

N = maximum number of trip legs allowed for a
consultant.
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S = number of skill levels.
ri = flight cost between clusters j and k.
gy = flight cost between consultant i’s home and
cluster k.
tijs = number of s-type fixed visits needed from consul-
tant 7 to cluster j.
u;; = 1 if consultant i has skill level s; 0 otherwise.
dy, = demand for skill level s visit by cluster k (i.e.,
number of visits).
a; = number of shifts available from consultant i.
w; = weekly wage for contract consultant i if he or she
is assigned.
Yijen = 1 if consultant i travels from cluster j to k on the
nth leg of trip; 0 otherwise.
Yiox1 = 1 if consultant i travels from home to cluster k on
the first leg of trip; 0 otherwise.
Yijc+1yn = 1 if consultant i returns home from cluster j on
the nth leg of trip; 0 otherwise.
x;s = number of visits assigned to consultant i for clus-
ter j for s type of visit.

cC C N

1 c I
Min {Z 2 @i+ W)Yo D023 D TiYin

i=1k=1 i=1 j=1k=1n=2

I C

N
+2°2° 2 Gi¥icm } , (B1)

i=1 j=1n=2

c+1
Yiokr = . VYan, forallk=1,2,...,C and

1=1, Ik .
i i=1,2,...,1, (B2)

Yikn =0, foralln=2,...,N;k=1,2,...,C,C+1and
i=1,2,...,1, (B3)

Yijr =0, forallk=1,...,C,C+1;j=1,2,...,C and
i=1,2,...,1, (B4)

C+1

c
> Yijkn = > Yikigneny, foralln=2,3,...,N—-1;
=1, j#k 1=1, Ik

k=1,2,...,Cand i=1,2,...,I, (B5)
Yictn =0, foralln=1,2,...,N; k=1,2,...,Cand
i=1,2,...,1, (B6)

c N c
2 Yicryn =D Yo, foralli=1,2,...,1, (B7)
k=1

j=1n=1
C+1 N
ZZyi]-knfl, forall j=0,1,...,Cand i=1,2,...,I, (B8)
k=1n=1

C N
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Objective Function for Routing and Assignment
The objective of the model, as defined in Equation (B1), is
to minimize the total flight cost for all consultants and the
variable labor cost for all assigned contract consultants.
The flight costs include the travel from and to consul-
tants” homes and among clusters. Variable labor cost is the
additional weekly expense incurred by scheduling a con-
sultant who is employed as an independent contractor. The
first component of the objective function minimizes the
travel cost for the first visit the consultant makes; it includes
the weekly wage because that wage is paid if the consultant
is used for any client visit. The middle component of the
objective function minimizes costs for the travel between
clusters. The final component of the objective function min-
imizes costs for returning the consultant home at the end of
the weekly scheduling period.

Constraints for Routing and Assignment

Constraints (B2) to (B3) define how each consultant will
travel from home to various clusters and return home at the
end of the period.

Constraint (B2) implies that if a consultant does not leave
home on the first leg of a trip, that consultant will not make
any more trips in the current scheduling period. Constraints
(B3) and (B4) enforce that the first leg of a trip for any
consultant must be the one in which that consultant leaves
home. Constraint (B5) ensures that, starting from the sec-
ond leg of a trip, a cluster will not be a starting cluster of
a new leg of a trip if it is not the destination in the previ-
ous leg. Constraint (B6) enforces that a consultant will not
travel on any additional leg of a trip after returning home.
Constraint (B7) ensures that a consultant will return home
if he or she leaves home for a trip. Constraints (B8) and (B9)
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mean that a consultant travels from or to a particular cluster
at most once in an entire trip. Constraint (B10) enforces the
constraint that a consultant can only be assigned to a cluster
if the cluster is one of that consultant’s destinations. Con-
straint (B11) ensures that at least one visit is scheduled if
a consultant stops over at a cluster. Constraint (B12) means
that no leg of a trip is allowed if the origin and the desti-
nation are the same cluster.

Constraints for Cluster Demand

Constraints (B13) and (B14) ensure that each cluster demand
of quantity of skills is fully satisfied by the available pool of
available consultants. Constraint (B13) means that demand
for a specific type of visit by a cluster will be satisfied.
Constraint (B14) ensures that all fixed visits are scheduled
accordingly.

Constraints for Consultant Supply

Constraints (B15) and (B16) require that only consultants
with a specific skill can satisfy a specific demand, and that
consultants have a finite capacity of availability during the
period. Constraint (B15) is the skill constraint (i.e., a consul-
tant who does not have a necessary skill will not be sched-
uled for a type of visit requiring that skill). Constraint (B16)
enforces the capacity constraint for a consultant.
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Verification Letter

Richard H. Roberson, CPA, Chief Financial Officer, Energy
Education, Inc., 5950 Sherry Lane, Suite 900, Dallas, Texas
75225, writes: “Energy Education, Inc. (EEl) has a single
goal with clients of reducing energy consumption through
culture change. Achieving this goal requires a combination
of practical experience in organizational behavior, techni-
cal expertise, the ability to effectively execute a large-scale,
complex program and the ability to teach an organization
to own and sustain their tailored program for the long
haul. The company has served more than 1,100 clients in 48
states over 25 years and helped our clients save in excess of
$2.3 billion in energy costs.

“Our business model requires intense, personal interac-
tions with each client and that generates significant travel
expenses. In fact, employee travel costs are the second
largest expense item for EEl after salaries. As an exam-
ple, in 2010 the company spent nearly $1,000 per consult-
ing employee per week. There has also been a significant
amount of management overhead expense associated with
managing and updating travel schedules.

“The operations research project that Dr. Yu and Mr. Hoff
completed has generated real savings and helped the com-
pany identify areas of further productivity gains. These
include:

(1) Reduction in consultant travel expenses of 24%
through more efficient flight selection and employee routing

(2) Reduction in overhead expense for scheduling deci-
sion making by subject matter experts

(3) Improvement in selection criteria for new hire and
employee training decisions.

“I verify the actual usefulness and benefits of the project
work completed for the Optimal Routing and Assignment
of Consultants project.”
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