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Abstract. In this study, the Online Facility Location Problem is ex-
amined using historical data on 911 EMS calls in Montgomery County. 
K-means clustering and the offline solution to a past year’s data are 
both explored as solutions to the online facility location problem and 
compared to existing online solutions both with and without advice, and 
an approximation of the offline solution. In the given data set, the pro-
posed solutions were found to outperform the existing solutions, with the 
most optimistic solution having a competitive ratio of 1.005036. The pro-
posed solutions also show better performance in terms of computation 
time and memory costs. 

Keywords: Facility location problem, online algorithms, empirical anal-
ysis 

1 Introduction 

Traditional algorithms operate with full knowledge of the input data before pro-
ducing an output. These algorithms are also known as offline algorithms. How-
ever, such approaches are often impractical in real-world scenarios where com-
plete input information is unavailable. Instead, online problems present input 
data incrementally, with new elements—called requests or arriving sequentially. 
Algorithms designed for online problems must make decisions without access to 
the entire input[1]. 

For offline problems, the performance is measured through time and space 
complexity, but for online problems, these cannot be directly applied since re-
quests are tied to time. To evaluate the quality of an online algorithm, the 
competitive ratio is used instead. [1]. This compares the output of the online 
algorithm with the solution from an optimal offline algorithm which knows the 
entire input and can generate an optimal solution. The closer the approximation 
of the online algorithm is to the optimal offline solution, the more competitive 
the algorithm is [1]. 

Formally, a c-competiticve online algorithm is defined as follows. 
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Definition 1 (c-competitive Online Algorithms [4]). An online algorithm 
ALG is c-competitive if there is a constant a such that for all finite input se-
quences I, ALG(I) ≤ c ∗ OP T (I) + a, ALG attains a competitive ratio c. 

This means that for each input I, a c-competitive algorithm will incur a cost 
within a factor c of the offline optimal cost, up to the additive constant a. It 
should be noted that the competitive ratio is always at least 1, and the smaller 
it is, the better ALG performs with respect to OP T , the optimal algorithm that 
produces the minimum cost for each feasible input and output[4]. 

The Facility Location Problem takes as input a collection of demand points, 
a cost function that defines the expense of serving a demand point from a facility, 
and the cost associated with opening a facility. The objective is to determine a set 
of facilities such that each demand point is assigned to exactly one facility. The 
goal is to minimize the combined cost of establishing the facilities and the service 
costs for meeting the demands. Formally, the problem is defined as follows: 

Definition 2 (Facility Location Problem). 
Input: Set of Demands U = {u1, u2, . . . un}, Facility opening cost c, Service cost 
function cost(u, f ) 
Output: Set of Facilities F = {f1, f2, . . . , fk} 
Goal: Minimize total cost of serving all demands and opening facilities, totalcost = 
c ∗ k + 

n 
t=1 cost(ut, ft) where ft is the closest facility to ut. 

The Facility Location Problem is known to be NP-hard [7], which implies 
that no polynomial-time algorithm is currently known to solve it optimally un-
less P = NP. This complexity arises from the need to balance two conflicting 
objectives: minimizing the cost of opening facilities and minimizing the cost of 
assigning demand points to these facilities. Finding the optimal combination 
of facility locations and assignments requires exploring an exponential number 
of possible configurations, making the problem computationally intractable for 
large instances. Consequently, approximation algorithms and heuristics are often 
employed to achieve near-optimal solutions efficiently. 

The online variant of FLP (OFLP) was introduced by Meyerson[13]. In the 
online variant, the inputs, also referred to as demands, arrive one at a time and 
are serviced in order of their arrival. For their proposal, both uniform and non-
uniform facility costs and both a randomized and adversarial way of receiving 
requests were considered. Facilities and requests are in a metric space where the 
cost of serving requests is the distance from a request to the facility it is assigned 
to. Their algorithm is randomized in choosing whether to open a new facility or 
use an existing facility. 

We will focus on the simplest variant of the problem where we expect a 
uniform cost of opening a facility, service cost will be based on a distance function 
in the metric space, the facilities are incapacitated, meaning that facilities can 
service an unlimited amount of demands. We also assume an oblivious adversary 
feeding input to the algorithm, meaning demands do not arrive in such a way 
that would maximize the cost of the objective function. Based on the survey 
paper by Markarian [12], the current best algorithms have competitive ratios
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that are functions of the input size. This means that the error grows alongside 
input size, and this error can still be mitigated. The results are summarized in 
Table 1. 

When it comes to real-world applications of the OFLP, background infor-
mation and context is usually available to help solve these kinds of problems. 
For example: in disaster response for typhoons, data is available on where the 
disaster may take place, the population density in the area, intensity of the dis-
aster, etc.. Knowing this, the introduction of advice on OFLP can improve the 
performance of algorithms and provide more meaningful insights on practical 
solutions to OFLPs in real-world problems. 

This study empirically evaluates a number of online algorithms, including 
ones with advice for the online facility location problem using real-time 911 call 
datasets. First, Meyerson’s algorithm will be compared to the existing human-
made solution as seen in the dataset, an online algorithm with advice, and a 1.52-
approximation algorithm for the offline solution to the facility location problem. 
This will show how impactful introducing advice may be to an online algorithm. 
Existing online algorithms with advice are also compared against each other, as 
well as to two new online algorithms made for this study. In comparing online 
algorithms with advice, we not only look at how close the solution gets to the 
offline solution, but also the efficiency and practicality of generating the advice, 
since the goal is for these solutions to be applied to real-world scenarios. 

2 Related Work 

Empirical competitive analysis was demonstrated in the paper of Kasilag et 
al.[10], but on a different problem. In their study, the effect of the prediction 
error on the competitive ratio of their online algorithm is analyzed. It was shown 
that as ML prediction error increases, solution quality decreases; the magnitude 
of error is directly proportional to the size of the input; and for some tolerable 
errors, the solution quality is improved by their proposed algorithm, but when 
exceeding the tolerance, using the best existing online algorithm has a higher 
solution quality[10]. 

A variation of the OFLP is studied by Almanza et al.[2], where some infor-
mation on the problem is known in advance. For their study, advice came in the 
form of multiple sets of potential facility locations to open, referred to as S. By 
predicting the optimal facility locations, the output set of facilities to open will be 
closer to the solution produced by an optimal offline algorithm. Their algorithms 
exhibit good theoretical guarantees as well as good practical performance[2]. 
Three algorithms are outlined in the paper. For the purposes of this research, 
the TAKEHEED algorithm of Almanza et al. is noted by the researchers. This is 
an online randomized algorithm whose expected cost is O(log (|S|) ∗ OP T (S)), 
where OP T (S) is the best solution that can be obtained using only facilities in 
S. For this study, their TAKEHEED algorithm is evaluated both with offline 
advice, meaning reliable and correct advice coming from the offline solution for 
the inputted demands, and random advice, meaning advice that has the poten-
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tial to be incorrect. Almanza et al. also used the 1.52 approximation algorithm 
for offline facility location by Mahdian et al. [11], referred to as THEBASELINE 
in their work. The Max Planck Institute implementation is used [9], and will 
similarly be adapted for this study. Additionally, the amount of data evaluated 
at a single moment is notable since while the overall size of the dataset is large 
and spans around a year, the input instance consists of the activities for only 
one day. 

Markarian [12] made a survey of recent findings related to the online facility 
location problem. Included in this survey is a summary of the performances of 
different algorithms and their classifications. Additionally, the fields in which 
the problem has been applied were noted, such as leasing, clustering and urban 
planning. Markarian [12] notes that the only other survey related to the online 
facility location problem is one by Fotakis in 2011, but unlike Fotakis, she aims 
to ”target all variations and online settings for OFL, discuss their scenarios from 
real-world applications, and shed light on the arising open problems.” 

The portion of the survey most relevant to the researchers is the analysis 
of Classical OFL, encompassing the metric and non-metric variations of the 
problem. Through Markarian’s summary of different algorithms [12], a narrative 
of the work done on the problem is effectively made, illustrating the progression 
of different algorithms. 

The researchers have based the following table illustrating the different al-
gorithms tackling the metric OFLP, their authors, result, and approach on this 
work. The work of Almanza et al. [2] was also added to this table as it also 
works on the metric OFLP, but stands out due to utilizing advice. For the fol-
lowing table, n is equal to the number of facilities, and S contains multiple sets 
of potential facility locations to open. 

The different variants of OFLP discussed by Markarian [12] include non-
metric OFLP, connected OFL; where facilities need to be connected, OFL with 
deadlines; where facilities are only opened momentarily and disappear once de-
mands are assigned to them, and OFL with delays; where demands can wait 
before they are assigned to a facility for a cost. Other variants also include 
OFL in leasing framework, and OFL in dynamic environments. For the metric 
setting, extensions of the problem include considering penalties, commodities, 
and multiple facilities. For the non-metric setting, extensions of the problem 
include considering service installation costs, service-quality costs, and multiple 
facilities. A number of open problems were also discussed. 

3 Empirical Analysis 

This research implements an empirical approach to evaluating the performance 
of different methods of solving the facility location problem as presented through 
the 911 calls dataset. The methods tested are as follows: 

1. Offline 
– THEBASELINE, a 1.52 approximation of the offline solution [2][11][9]
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2 Online without advice. 

– Meyerson’s Algorithm, with an oblivious adversary [13] 
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3. Online with advice 

– TAKEHEED with offline advice [2] 

– TAKEHEED with random advice [2] 

– K-means clustering of previous year as facilities for current year 

– OfflinePrev (facilities from the previous year used for the current year) 

The last two items (also in italics), K-means clustering and OfflinePrev, are 
solutions unique to this study, though the application of all of these methods to 
the 911 calls dataset has also not been done before. 

K-means clustering is an unsupervised machine learning algorithm in which 
k points called means or cluster centroids are initialized. Then, each item is 
categorized to its closest mean and the mean’s coordinates are updated to be the 
averages of the items categorized in that cluster so far. This process is repeated 
for a given number of iterations and at the end, we have our clusters[8]. For this 
problem, the cluster centroids represent the facilities. For a given facility cost, 
the optimal number of facilities would have to be known beforehand. K-means 
clustering is applied in this study by finding the k clusters to be set as facilities 
from the demands from 2016, as this would be known data. These facilities are 
then used to service demands that arrive in 2017, with each demand simply 
being assigned to the nearest facility, with no new facilities being built. 

OfflinePrev is an algorithm that utilizes a set of facilities from the offline 
solution of a previous year and assigns incoming demands to their nearest facility. 

For the purposes of this analysis, only the EMS calls from 2017 were evaluated 
as demands, and only the EMS calls from 2016 were used as advice. 

Additionally, a representation of the operating cost of the actual dataset was 
calculated by finding the sum of all distances between each call and the station 
that serviced them, and adding the total facility cost. Although the dataset for 
the EMS stations in Montgomery County listed 60 stations [15], only 49 stations 
were found throughout the dataset, and only 33 were utilized in 2017. As other 
solutions only build facilities when they will be used, the total facility cost was 
calculated with 33 facilities. 

All scenarios and solutions were tested with facility costs from 500 to 5000 in 
intervals of 500. Meyerson’s algorithm was run 10 times, with its results being 
averaged out to get a more consistent idea of its performance. Each run of 
K-means clustering was done with 200 iterations, with k = 11, 26, 33 to more 
accurately compare to different solutions as facility cost increases. Haversine 
distance was used as the distance function for this study.
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Fig. 1. Side by side of the plot of demands for 2016 and 2017 on the map. 

Both the solution utilizing K-means clustering and OfflinePrev are inspired 
by the observed visual similarity in distribution of EMS calls between 2016 
and 2017 as seen in Figure 1. Based on Definition 2, given the same facility 
opening cost and service cost function, only the difference between two sets of 
demands will cause a difference in their optimal sets of facilities. Thus, since the 
distribution of demands in 2016 is observed to be similar to the distribution of 
demands in 2017, it is hypothesized that the optimal location of facilities in 2016 
is similar to the optimal location of facilities in 2017. 

3.1 Preprocessing of the dataset 

The 911 calls dataset[14] was processed as follows. First, the EMS calls for 
each year were extracted from the dataset. The coordinates for the locations 
of the EMS stations within Montgomery County were also obtained from the 
county data center. [15] From this, the distance between each call and the station 
that serviced it was found. The sum of distances was also taken as part of the 
operation cost in order to compare the actual locations of the stations with 
THEBASELINE, and solution through Meyerson’s algorithm. Due to computing 
constraints, in order to use the implementation for THEBASELINE provided by 
Almanza et al. [2], a sample equal to 50% of the dataset for both 2016 and 2017 
was taken in order to be able to compare all solutions with THEBASELINE.
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Fig. 2. Line plot showing the total cost of setting up facilities for Meyerson’s algorithm, 
actual dataset with 33 facilities, K-means clustering with 33 facilities, and THEBASE-
LINE 

Starting with Figure 2, it can be observed that Meyerson’s algorithm has a 
higher total facility cost compared to both the actual dataset (hereon referred 
to as Actual) and K-means clustering with 33 facilities (hereon referred to as 
K-means 33) at 0 to 2500 cost, and lower total facility cost at 3000 facility cost 
onwards. Actual and K-means 33 occupy the same line as both solutions will 
always create 33 facilities. Through both Meyerson’s algorithm and THEBASE-
LINE, it can be observed that it is more optimal to create less facilities as the 
facility cost increases, though Meyerson’s algorithm creates far more than what 
is optimal as observed in the much lower total facility cost of THEBASELINE.

3.2 Comparison of Costs
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Fig. 3. Line plot showing the total cost of distances for Meyerson’s algorithm, actual 
dataset with 33 facilities, K-means clustering with 33 facilities, and THEBASELINE 

While at 3000 facility cost, Meyerson’s algorithm creates close to 33 facil-
ities on average, it can be observed in Figure 3 that the total distance cost 
of Meyerson’s algorithm is much higher than both Actual 33 and K-means 33. 
This shows us that even when creating the same number of facilities, the way 
that Meyerson’s algorithm places facilities is highly inefficient compared to K-
means 33 and even the human-made solution reflected in Actual 33 from costs 
1000 onwards. Additionally, Meyerson’s algorithm seems to follow a similar trend 
to THEBASELINE, albeit much less efficiently.
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Fig. 4. Line plot showing the total operation costs for Meyerson’s algorithm, actual 
dataset with 33 facilities, K-means clustering with 33 facilities, and THEBASELINE 

The culmination of this inefficiency in both deciding the number of facilities 
to set up and where to place these facilities can be seen in Figure 4, where 
Meyerson’s algorithm consistently has the highest total operation cost, never 
beating even Actual 33. In Figure 4, it can also be observed that K-means 33 
is more efficient compared to Actual 33, with its total operation cost actually 
being quite close to THEBASELINE at lower facility costs, where it creates a 
similar number of facilities: 42 facilities at 500 cost and 26 facilities at 1000 cost. 
This already shows the potential of utilizing K-means clustering as a solution to 
OFLPs.
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Fig. 5. Line plot showing the total operation costs for TAKEHEED with offline advice, 
TAKEHEED with random advice, and THEBASELINE 

In Figure 5, the total operation cost of the two TAKEHEED variations[2] 
are compared to THEBASELINE. Here, the lack of robustness to bad advice 
TAKEHEED has can be observed, which is already noted by Almanza et al. 
in their study[2]. Additionally, it can be observed that TAKEHEED with of-
fline advice performs very well, able to stay near THEBASELINE, with error 
increasing slightly as the facility cost increases.
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Fig. 6. Line plot showing the total operation costs for TAKEHEED with offline advice 
and K-means clustering with 11, 26, and 33 facilities 

Given the observed efficiency of TAKEHEED with offline advice relative 
to THEBASELINE, this is then further compared to the K-means clustering 
solution with 11, 26, and 33 facilities. In Figure 6, it can be observed that 
there are sections and points of the curve created by TAKEHEED with offline 
advice that overlap or are near to sections of the K-means clustering solutions. At 
1000 facility cost, K-means 26 almost overlaps with TAKEHEED, which is quite 
notable as TAKEHEED also creates 26 facilities at this facility cost. At 3500 
facility cost onwards, it can be observed that K-means 11 even performs better 
than TAKEHEED, which also creates 11 facilities, meaning that K-means 11 is 
able to more optimally place its 11 facilities relative to the demands. From here, 
it can be seen that given a set of previous demands that is close to the set of 
upcoming demands and an appropriate k relative to the facility cost, a solution 
utilizing K-means clustering on past data can perform better than TAKEHEED 
with optimal advice.
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Fig. 7. Line plot showing the total operation costs for TAKEHEED with offline advice, 
THEBASELINE, and OfflinePrev 

Furthermore, the potential of leveraging the patterns in data can be seen most 
optimistically in Figure 7. It can be observed here that OfflinePrev performs not 
just better than TAKEHEED with offline advice, but performs very closely to 
THEBASELINE, even performing marginally better at the highest facility costs. 
As OfflinePrev is just a solution that uses the offline solution of the previous year 
as the solution for the current year, the efficiency of this algorithm relies heavily 
on the distribution of demands between two time periods being similar. Fittingly, 
it can be observed in Figure 1 that this is the case, as the demands from 2016 
and 2017 seem to be almost identical based on the plot.
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Fig. 8. Line plot showing the total cost of setting up facilities for TAKEHEED with 
offline advice, THEBASELINE, and OfflinePrev 

To further analyze the performance of OfflinePrev relative to the two other 
algorithms, it can be observed that in Figure 8, that OfflinePrev largely follows 
the amount of facilities made by THEBASELINE and TAKEHEED, which oc-
cupy the same line. OfflinePrev actually sets up slightly less facilities at 1000 to 
3000 facility cost, and sets up the same number of facilities afterwards.
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Fig. 9. Line plot showing the total cost of distances for TAKEHEED with offline advice, 
THEBASELINE, and OfflinePrev 

Despite the difference in the number of facilities, it can be observed in Figure 
9 that OfflinePrev is still able to consistently reduce the total distance cost 
compared to TAKEHEED with offline advice, despite setting up less facilities 
than TAKEHEED at 1000 to 3000 facility cost. This is notable as we would 
expect that with less facilities, demands would have a larger minimum distance 
from their nearest facility. It can also be observed that the similar total operation 
cost between OfflinePrev and THEBASELINE despite having a different number 
of facilities can be attributed to the higher total distance cost of OfflinePrev 
being sufficiently offset by the lowered total cost of setting up facilities. Thus, 
even if OfflinePrev does not follow all of the choices as TAKEHEED does, as 
seen in Figures 8,9, and 7, OfflinePrev can still solve the objective function in 
such a way that outperforms TAKEHEED with offline advice.
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Fig. 10. Line plot showing the solution runtime for Meyerson’s algorithm, K-means 
clustering with 11, 26, and 33 facilities, TAKEHEED with offline advice, TAKEHEED 
with random advice, and OfflinePrev 

In evaluating the runtime of the solutions, it can be observed in Figure 10 
that both the TAKEHEED variations have the shortest runtime on average. This 
is especially notable given the performance of TAKEHEED with offline advice. 
The K-means clustering solutions have increasingly large and varying runtime 
due to the inefficient implementation of the function that assigns a demand to 
its nearest facility. Despite this, it should be noted that the runtime of these 
solutions is still a fraction of a second.
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Fig. 11. Line plot showing the runtime for advice generation through THEBASELINE 
and K-means clustering with 11, 26, and 33 facilities 

This is especially important when the time it actually took to generate the 
advice for the online algorithms that utilized advice is taken into account. In 
Figure 11, the large disparity between the running time of THEBASELINE 
versus the time to compute the clusters for K-means clustering can be observed. 
It takes roughly 350000 times longer to generate the offline solution for the 
dataset compared to conducting K-means clustering with a reasonable amount 
of facilities as k.
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Fig. 12. Line plot showing the competitive ratioes of Meyerson, TAKEHEED with 
random and offline advice, and OfflinePrev 

When the competitive ratios are calculated using THEBASELINE, it can be 
observed in Figure 12 that OfflinePrev and TAKEHEED with random advice 
are the two best performers overall, with OfflinePrev being slightly better than 
TAKEHEED. Meyerson’s algorithm and TAKEHEED with random advice have 
much worse competitive ratios, and lack consistency in performance.
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Fig. 13. Line plot showing the competitive ratioes of the k-means clustering with 11, 
26, and 33 facilities, TAKEHEED with offline advice, and OfflinePrev 

Algorithm/Solution Average Competitive Ratio 
Meyerson’s Algorithm[13] 1.708781 

Actual Dataset with 33 facilities 1.446904 
TAKEHEED with offline advice[2] 1.053476 
TAKEHEED with random advice[2] 1.400235 

OfflinePrev 1.005036 
K-means with 11 facilities 1.109851 
K-means with 26 facilities 1.170167 
K-means with 33 facilities 1.287749 

Table 2. Table containing the average competitive ratio of each algorithm 

Additionally, when observing the competitive ratios of the K-means cluster-
ing solutions and comparing them to the 2 best performing algorithms in Figure 
13 , it can be noted that there is a facility cost where the competitive ratio of the
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K-means clustering solution is closer to 1 (THEBASELINE) than TAKEHEED 
with offline advice is. However, all of the K-means clustering solutions perform 
worse than OfflinePrev. 

It can also be observed that the performance of K-means clustering improves 
as it gets closer to the optimal number of facilities (the optimal k) at the given 
facility cost. This is seen in how the competitive ratio of K-means with 11 fa-
cilities improves as the facility cost increases, while for K-means with 26 and 33 
facilities, their lowest point in found at facility cost 1000, with the competitive 
ratio increasing as facility cost increases. 

The average competitive ratio of each algorithm can be seen in Table 

3.3 Notable Observations 

As previously stated, the experiments conducted used a sample equal to 50% of 
the EMS calls in 2017. This is still a notably large amount of demands when 
compared to other studies such as Almanza et al.’s wherein the input instances 
were much smaller due to them being divided per day[2]. Interestingly, the re-
searchers also found that the implementation used for Meyerson’s algorithm was 
able to handle an input instance using 100% of the EMS calls in 2017, whereas 
the implementation of the 1.52-approximation solution had a high memory cost, 
resulting in the input instance needing to be cut down to 50%. The importance 
of utilizing advice for online algorithms in order to get closer to the offline so-
lution can be seen in how Meyerson’s algorithm is unable to place a number 
of facilities efficiently compared to other solutions placing the same number of 
facilities. The design in Meyerson’s algorithm to only place facilities at demand 
points may also contribute to this inefficiency. The performance of OfflinePrev 
is heavily influenced by how close the distribution of demands are between two 
years. Alongside the fact of how resource-intensive running THEBASELINE is, 
the application of OfflinePrev may ultimately still be limited. However, if a trend 
in data is observable, this may still be leveraged without the potentially high 
resource costs through a solution utilizing K-means clustering, which has shown 
to have the potential to be more efficient than the existing TAKEHEED-based 
algorithms provided by Almanza et al[2]. 

4 Conclusions 

In conclusion, the impact of advice in an online solution for the facility loca-
tion problem is clearly seen. On average, Meyerson performs 1.729 times worse 
than THEBASELINE. Meyerson’s algorithm can also perform worse than the 
configuration of facilities at the time. 

If the data between two years are similar or if the distribution of demands 
over a certain time frame can be expected to follow a similar pattern or trend, 
then calculating the offline solution of the previous year may give a very close 
result to getting the offline solution of the current year. This is seen optimisti-
cally with OfflinePrev, where on average, it performs 1.005 times worse than 
THEBASELINE[2].
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If there are existing memory and time constraints that would make the calcu-
lation of THEBASELINE[2] or any similar approximation to the offline solution 
impractical, a solution utilizing k-means clustering may be a sufficient replace-
ment provided an appropriate k can be used for the given facility cost, as seen 
with its close performance to TAKEHEED with offline advice[2]. 

As future work, the potential of k-means clustering can be explored by test-
ing for the optimal k for a given facility cost. Additionally, given the observed 
dependence on the similarity between the data points across 2016 and 2017, a 
proper metric for the similarity between the distribution of two different sets 
of demands and the resulting facilities should be pursued in order to properly 
describe the relationship between the two beyond visual inspection. Lastly, the 
researchers also recommend that the study be repeated with road network dis-
tance in order to see if there will be any changes in the observations made. 
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