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This study examines the problem of post-earthquake hospital transportation planning. 
This study focuses on the uncertainty of road network conditions, while the framework of the 
study could also be expanded to include other uncertainty modules. This problem is modeled 
as a one-step Markov decision problem, with the state space defined as the distribution of 
casualties and hospital capacity, action space as patients to hospital transportation plan and 
an objective to minimize the cumulative transportation time plus wait time in hospital. 

I. Introduction 
A large earthquake in the bay area is a highly probable event, as seismological research indicates. However, the 

outcome of such an event is very uncertain. Thus, decisions related to lifeline infrastructure construction and emergency 
plan development are complex. This study attempts to optimize casualty to hospital transportation in post-earthquake 
conditions aiming to minimize the cumulative time traveling on the road or waiting in hospital for all patients. This 
project is inspired by previous research on post-earthquake hospital system planning in Lima, Peru [1] and Abruzzo [2].   

There are many sources of uncertainty in this system: the number, location, and severity of casualties, the capacity 
of hospitals and road network conditions. This study examines a simplified representation of the system, focusing on 
the uncertainty of the road network alone and working on a single realization of ground motion and casualty distribution 
due to limited computational power.  

The problem is modeled as a one-step Markov decision problem. The state space is defined as the casualty 
distribution and hospital capacity. The action space defined as patients to hospital transportation plans. The hidden 
model is the road network which's condition determines the time patients spend on the trip to the hospital. The reward 
is the negative value of hours patients collectively spend on traveling to and waiting in the hospital. 

II. Problem Setup 

A. Casualty Simulation 
The casualty simulation is constructed based on performance-based earthquake engineering methodology [3] and 

HAZUS earthquake loss estimation methods [4]. The process consists of three steps: simulate ground motion, simulate 
building damage status, and simulate casualties. Each step above involves sampling from a probability distribution of 
possible outcomes.  

The study considers a single large earthquake event: magnitude 8 earthquake on San Andreas fault. The earthquake 
ground motion intensities across the area of interest are simulated through OpenQuake Engine [5] with ground motion 
prediction equations Boore and Atkinson [6] and ground motion correlation equations Jayaram and Baker [7]. 

    Building damage simulation is performed for over 120,000 buildings in the county of San Mateo. The building 
stock information comes from Microsoft building footprint data [8] and CoreLogic tax assessor record [9]. The damage 
state of each individual building is sampled from a probability distribution determined by the structure type (an indicator 
of the strength of buildings) and location ground motion intensity according to HAZUS [4]. 

    Casualty is simulated by sampling from the probability of injury determined by each building's damage state and 
for the number of occupants inferred from census population data [10].  

    According to a local emergency manager, the bay area operates a local triage system after major disasters. So this 
study assumes that all casualties will be gathered locally and the patients who need hospital treatment will be identified 
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and sent to hospitals together. Working on this assumption, the number of people in the 2 casualty category that required 
hospital treatment are identified and clustered in each transportation analysis zones [11]. 

    Due to the large size of the building stock in any urban area, each realization of the simulation workflow takes 
significant computation time. So a simplification is made for this study that it takes in only one single casualty 
realization as the state space. Due to a large number of buildings in each aggregation zone, the result of a single 
realization should be somewhat representative to provide informative results in this study. However, a mean casualty 
scenario could also be used in its place if available. The number of casualties requiring hospital treatment is mapped in 
Figure 1. 
 

 
Figure 1 Casualty Aggregated in TAZ 

B. Road Network Simulation 
The road network system is simulated based on HAZUS methodology as well [4]. The damage state of each road 

segment is sampled from a probability distribution predicted by the local ground motion intensity. To simplified the 
problem and given limited available data, only the major highways are considered in this study, assuming that from 
each triage center and hospital, it takes the same amount of time to reach the nearest highway, which is the major route 
people take. Such a uniform increase in travel time would not affect the policy optimization result. The road considered 
are mapped in Figure 2. 

Given the damage state of each road segment, the travel time is calculated based on the following assumption: on 
a slightly, moderately and extensively damages road segment, the average speed of travel is 60 miles per hour, 30 
miles per hour and 15 miles per hour. 

 
Figure 2 Major Highway, Hospitals and Aggregated Casualties 
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C. Hospital Capacity Estimation  
An assumption is made, again to simplify the problem, that patients are only sent to hospitals in San Mateo county. 

There are 7 hospitals in the county with emergency care facilities. The number of beds is taken as an approximation 
of the capacity of those hospitals. The location and capacity of hospitals are mapped in Figure 2. 

Wait time is calculated made based on the assumption that each hospital has the capacity to see the number of beds 
divided by 4.5 (average length of hospital stays) patients every 30 minutes (normal wait time in the emergency 
department). Such an assumption only gives a very crude approximation of actual wait time and serves as a place 
holder until more accurate information is available. 

III. Model Description 

The problem is modeled as a one-step Markov decision process. 

A. State Space 
The real state space is all possible number of casualties at all possible locations, which is infinite. The simplified 

state space in this study only contains one initial state, the current realization, where casualties requiring hospital 
treatment occur in 47 of the zones and has a total number of 294.  

B. Action Space and Exploration Strategy 
Each local triage center has the choice of sending each of their patients to one of the 7 hospitals. The real action 

space is 294$ ≈ 1.9 × 10*$. To simplify the problem, assume that each triage center sends all their patients to the same 
hospital, which reduces the action space to  47$ ≈ 1.0 × 10*,. An action consists of a set of policies matching each 
triage center to a hospital. Due to the large size of action space, it is impossible to explore every action. A local 
maximum action exploration strategy is adopted: loop through all triage center in sequence and select the policy (which 
hospital to send patients to) associated with the highest reward. The policy update is described in Algorithm 1. 

 
Algorithm 1 Exploration Strategy 

C. Reward  
 The reward is defined as the negative value of accumulated travel time on the road and waiting time in the hospital. 
It is calculated as the following steps: make a simulation on the road network condition, with each segment of road has 
a damage state, average speed and travel time. Construct a network with each segment of the road as an edge and travel 
time on that edge as weight. Then find the weighted shortest path length between each triage center and hospital using 
“dijkstra_path_length” function in Networkx [12]. Shortest travel times are represented by a matrix 𝑀 of 47 by 7 where 
𝑀./ equals the shortest travel time between triage center i and hospital j. An action plan is represented by a matrix 𝐴 of 
47 by 7 with 𝐴./ = 1 indicating that the triage center i is sending its patients to hospital j. The number of casualties 
going to the hospital is represented by a vector 𝐶 of 47 elements and the number of beds in each hospital is represented 
by a vector 𝐻 of 7 elements. The reward is calculated following the Algorithm 2. 

 
Algorithm 2 Reward Calculation 
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D. Policy Search 
 Then the policy search is performed by the following algorithm: initialize the action by directing patients for all 
triage centers to their nearest (by travel time) hospital, then update the policy until the policy stops changing or a set 
number of the round is completed. The policy search algorithm is described in Figure 5. 

 
Algorithm 3 Policy Search 

IV. Results and Discussions 

Executing the above-described model, the policy converges to a stable score after 3 rounds of updating. Because of 
the stochastic processing simulation road network uncertainty, the policy itself keeps changing beyond 50 rounds of 
updating. Because this is a local maximum search algorithm, it’s possible that the model ended up in a local optimum 
policy. However, the final accumulative wait time from 294 patients is around 300 hours, which indicates that the 
final policy is satisfiable even if it’s not the global optimum (on average all patients get to be seen in around 1 hour). 
The reward versus the number of update rounds for the first 3 rounds is plotted in Figure 3. 

 
Figure 3 Score Record 

The distribution of casualties and hospitals in Figure 2 shows that there are more casualties no the northside of the 
county, due to its large density of buildings and large potential ground motions. However, there are more hospital beds 
on the southside of the county. Such a mismatch of demand and capacity will cause people to travel a longer distance 
in order to reduce their wait time in the hospital. The resulting policy from this search confirms that. 

The resulting policy is color-coded and mapped in Figure 4 below. Each hospital and the triage center who send 
patients to that hospital are colored the same, with black circled dot indicate hospital and the result indicate triage 
centers. The size of dots indicates the size of either treatment demand or hospital capacity. It could be seen that the 
largest hospital on the northside, Seton Medical Center (light blue) treats patients from nearby triage centers, while 
largest the hospital one the southside, Sequoia Hospital (light green) treats patients from all over the county. This two 
cases are mapped in Figure 5. 

V. Conclusion and Next Steps 
This study is a preliminary attempt to solve the problem of post-earthquake hospital transportation planning. It 

focuses on the uncertainty of road network conditions while taking counting a single realization of casualty 
distribution. The problem is modeled as a one-step Markov decision problem, with state-space defined as the 
distribution of casualties and hospital capacity, action space as patients to hospital transportation plan and an objective 
to minimize the cumulative transportation time plus wait time in hospital. Many naïve assumpts were made either to 
simplify the problem so that it’s computationally feasible at under the current scope or due to lack of information. So 
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the cumulative wait time calculated can only provide relational information in order to compare policies should not 
be taken as any true estimation of such subject. The repetitive local maximum policy search results in a reasonably 
good action plan according to manual inspection.  

 

 
Figure 4 Result Policy Color Coded 

 
Figure 5 Largest Hospital On The Northside And Southside 

The next step of the project is to replace the many assumptions made in this study with real information and 
expand the scope of the simulation. 

The simulation should eventually include all 9 counties in the bay area since they are one single urban area and 
their governments, as well as emergency responses, are tightly connected.  

The workflow should change to simulate a different casualty distribution each time so that the state space could 
be fully explored, and all the uncertainties related to casualties will be considered. However, note the building by 
building damage and casualty simulation is the most computationally intense part of the project, thus either large 
computational resources need to be utilized or a method of simplifying such simulation needs to be adopted (like the 
one mentioned in Ceferino 2018 [13]). 
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The building by building casualty should change to be aggregated at a smaller scale than transportation analysis 
zones, which could be very large in a rural area, to achieve more realistic results. However, such geospatial aggregation 
is also computationally intensive as well. 

A more detailed road network should be used in the place of the simple highway network here since other 
secondary road parallels to the highways are highly utilized paths in daily travels. And they may be faster alternatives 
in a post-earthquake setting, especially considering potential collapses in elevated highway bridges, which is not 
considered here. Such improvement requires good geographical information data on bay area road systems and 
additional computation power. 

There is no specific information in HAZUS methods to translate from roadway damage state to average travel 
speed, so such information needs to obtained other sources and used in place of the rough estimation in this study. 
Also as mentioned before, complete collapse in elevated highway bridges needs to be considered since then some 
major transportation corridors may be completely unavailable.  

Finally, more information needs to be obtained about the hospital system’s capacity under such emergency 
simulation. As previous studies point out [1], functional operating rooms and surgeons are the more critical resources 
in a post-earthquake setting. Thus, the number of hospital beds is not a very good approximation of hospital capacity 
in this sense. Further investigation is required to access the possibility that hospital emergency centers would be 
damages in a large earthquake, which has happened before in the U.S. and elsewhere. Data is also required to 
realistically estimate the number of patients a given medical team could see in a certain time.  

Because of the large amount of unknown information related to estimating transportation time and hospital wait 
time, the more realistic policies could be something very different from the result of this study if the relative size of 
these two components significantly differs from the assumptions made here. 

 

Note 
The casualty simulation section is partially work from Yue Zeng’s independent research project.  
Both members of the group contribute to other sections of the project. 
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