
  

 
Abstract—There has been a growing incidence of adverse 

weather events leading to substantial power black outs in recent 
years.  Proper hardening of the distribution system significantly 
improves its resilience to extreme climatic conditions. In this 
paper, we propose a set of four resilience indices to evaluate the 
resilience of the distribution system from various perspectives and 
combine them into a single index to get a holistic measure of 
distribution feeder resilience. This resilience framework has the 
capability to analyze realistic performance curves (PCs) of the 
distribution system with multiple periods of performance 
degradation and recovery. Additionally, a greedy resilience 
hardening strategy is proposed which uses the resilience 
framework and historical storm outage data for determining the 
set of lines to be hardened to maximally improve the resilience of 
the distribution feeder. The proposed resilience framework and 
greedy line hardening strategy are implemented on a real-world 
distribution feeder (Feeder 91) to demonstrate their efficacy.     

Index Terms— Resilience planning, Line identification, Line 
Reinforcement, Resilience Metrics, Infrastructure Upgrade 

I. INTRODUCTION 

dverse weather events like storms and hurricanes causing 
extreme power disruptions to increase steadily in 
frequency and severity in the U.S. over the last 40 years 

[1]. These events result in significant economic losses, 
estimated between 25 to 70 billion dollars annually [2]. 
Historically, power system planning did not account for such 
extreme climate-driven disturbances. Consequently, enhancing 
the resilience of existing distribution systems through 
infrastructure reinforcements is now essential to mitigate future 
outages. 

Providing infrastructural reinforcements in distribution 
systems is called hardening. Primary hardening measures like 
reinforcing distribution lines and properly managing vegetation 
are deemed to be very effective in protecting it from adverse 
weather events [3] and they also minimize the outages taking 
place due to extreme weather. However, the investment needed 
to carry this out successfully is substantial. Hence, designing 
the power system reinforcements in a cost-effective manner is 
a challenge on its own. 

 Recent studies have addressed various aspects of resilience 
enhancement. For instance, targeted hardening approaches that 
prioritize high-risk components have shown promise in 
improving distribution system reliability [4]. Strategic defense 
modeling, such as defender–attacker–defender frameworks, has 
also been explored in the context of both natural and malicious 

threats to grid infrastructure [5], [6]. These works do not 
consider resilience against extreme weather events. 

Several recent works have further advanced the state of 
resilience modeling in distribution networks against extreme 
weather events. In [7], they propose a tri-level optimization 
model to select the best line reinforcements for improving 
resilience against storms. In [8], a data-driven spatiotemporal 
storm impact analysis is used to optimize resilience investment 
in distribution networks. [9] proposes machine-learning-guided 
reinforcement planning to proactively identify vulnerable 
feeder segments. [10] introduces a probabilistic resilience 
assessment framework that integrates real-time weather 
forecasting with outage simulation to support grid hardening 
decisions. Furthermore, adaptive reinforcement strategies using 
graph neural networks, as demonstrated in [11], offer new 
directions for efficiently modeling complex outage and 
recovery dynamics. 

Recent literature [7–14] reveals two key limitations in 
existing resilience planning frameworks. First, many of the 
resilience metrics employed offer only a one-dimensional view 
of resilience, failing to capture its multifaceted nature. Second, 
these frameworks typically assume that all disruptions during 
extreme weather events—such as storms—occur in a single, 
continuous period of performance degradation, followed by a 
single, uninterrupted recovery phase. However, real-world 
storm events often exhibit more complex behavior, where some 
components may fail even after partial restoration has begun. 
This leads to performance curves (PCs) with multiple intervals 
of degradation and recovery, a pattern largely overlooked by 
current models. Additionally, most prior works do not 
incorporate historical outage data when assessing feeder 
resilience. 

To address the first limitation, we previously proposed a 
composite resilience framework in [15] that integrates multiple 
performance indicators into a single index to more 
comprehensively quantify distribution feeder resilience. In this 
paper, we enhance that framework to support PCs with multiple 
degradation and recovery phases, aligning more closely with 
the realities of storm-induced outages. Furthermore, we 
introduce a greedy resilience enhancement strategy that utilizes 
both the extended framework and historical outage data to 
systematically identify and reinforce critical feeder lines. This 
approach ensures an effective balance between computational 
tractability and resilience improvement and is validated through 
case studies on a real-world distribution feeder (Feeder 91). 

II. PROPOSED METRICS FOR RESILIENCE EVALUATION 

PCs capture the operational performance of the feeder before, 
during and after adverse weather events like storms. The 
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occurrence of extreme weather events results in outages which 
lead to a dip in system performance. Upon clearing the outages 
through appropriate restoration activities, the performance 
comes back to normal.  The resilience evaluation framework we 
propose is based on the PC of the distribution feeder plotted 
during the storm. The performance of the feeder at any given 
time during the storm is described as in (1). 

𝑄(𝑡) =
்௢௧௔௟ ௟௢௔ௗ ௦௘௥௩௘ௗ ௕௬ ௧௛௘ ௗ௜௦௧௥௜௕௨௧௜௢௡ ௙௘௘ௗ௘௥ ௔௧ ௧௜௠௘ ᇱ௧ᇱ

்௢௧௔௟ ௟௢௔ௗ ௗ௘௠௔௡ௗ ௜௡ ௧௛௘ ௗ௜௦௧௥௜௕௨௧௜௢௡ ௙௘௘ௗ௘௥ ௔௧ ௧௜௠௘ ᇱ௧ᇱ
       (1)                                                                 

Fig. 1. shows a typical PC of a distribution feeder with two 
periods of degradation and recovery. The feeder operates at a 
performance Q0 at the beginning of storm t01. At t11, the first 
outage occurs, which leads to a reduction in feeder load and 
thus, the performance drops. Following a series of outages, the 
performance reaches a minimum of Q31 at t21. Between t21 and 
t31, the distribution system operators evaluate the damage done 
to the feeder and begin restoration of disrupted components at 
t31. As the outages get restored, we see a gradual improvement 
in the feeder performance until t41. However, before all the 
outages are recovered, new outages occur between t12 and t22 
which brings about a second dip in the performance until Q32. 
The damage is then reassessed by the operators who continue 
with their restoration process. At t42, the performance is 
observed to return to pre-storm levels and at t52, all the outages 
are restored. 

 
Fig. 1. PC of the feeder during adverse weather event 

This PC encapsulates different resilient properties of a feeder 
as to how robust a feeder is towards outages or how flexible it 
is in responding to the outages. Hence, we propose various 
resilience indices based on the PC to evaluate the resilience of 
the feeder as shown below, 
 Worst Performance (𝑅ఈ): This index defined in (2) shows 

the least value of performance during the adverse event. It 
shows the retainability of power to the loads after the storm 
has occurred. Having a larger value of this index indicates 
that the feeder is more resilient. 
                          𝑅ఈ = 𝑚𝑖𝑛(𝑄(𝑡))                               (2) 

 Accumulated Loss (𝑅ఉ): This index shown in (3) captures 
the loss in feeder performance between the occurrence of 
first outage and restoration of last outage (i.e., between t11 
and t42). It measures the system’s response to outages 
during the storm. Having a lower value in this index shows 
that the system is least affected by the adverse event.                                                       

                     𝑅ఉ =  
ଵ

௧రమି௧భభ
∫ [1 − 𝑄(𝑡)]

௧రమ

௧భభ
 𝑑𝑡                    (3) 

 Resistive Capability (𝑅ఊ
௞): This index shown in (4) holds 

an inverse relation to the rate of performance drop over a 
period of performance degradation. It shows how resistant 
a feeder is to system outages. Having a lower value of this 
index suggests that it degrades very quickly. In Fig. 2, there 
are two periods of performance degradation i.e., from t01 to 
t21 and another from t02 to t22. It means that the feeder has 
two values of resistive capability 𝑅ఊ

ଵ and 𝑅ఊ
ଶ. In general, the 

number of resistive capabilities for a specific feeder and a 
specific storm may be more or less depending on the PC. 

                           𝑅ఊ
௞ =

௧మೖି௧బೖ

ொబೖିொమೖ
                                 (4)                                                     

 Recovery Rapidity (𝑅ఋ
௞): This index shown in (5) measures 

the speed of performance improvement over different 
periods of performance recovery and ranges between 0 to 
infinity. A larger value indicates that the system recovers 
swiftly from outages. There can be multiple recovery 
periods in the PC and the recovery rapidity is individually 
calculated for each period respectively. 
                                    𝑅ఋ

௞ =
ொఱೖିொయೖ

    ௧ఱೖି௧యೖ
                               (5) 

 Integrated Feeder Resilience Index (𝑅௙): The indices 
defined in (2)-(5) each describe a specific aspect of power 
system resilience. The overall definition of resilience of a 
feeder would be inadequate if these indices were to be used 
independently. We combine the previously defined indices 
into an Integrated Feeder Resilience Index (𝑅௙) for 
describing the resilience of a distribution feeder as in (6),  

             𝑅௙ = ൤𝑅ఈ  . ൫1 − 𝑅ఉ൯ . ∏ ൜𝑒𝑥𝑝 ൬−𝜀௞ .
ଵ

ோം
ೖ.ோഃ

ೖ 
൰ൠௗ

௞ୀଵ   ൨    (6) 

where εk is a user-specified parameter that adjusts the effect 
of exponential term on the index and d is the number of 
degradation/recovery periods in the PC. 

It is reasonable to use 𝑅௙ in place of multiple one-sided 
indices for resilience quantification. 𝑅௙ ranges between 0 
to 100%, in which a larger 𝑅௙ denotes a higher resilience. 
However, every extreme event affects the feeder in a 
unique way and hence, an average value of the integrated 
feeder resilience index (< 𝑅௙ >) computed over multiple 
events is used as a holistic indicator of feeder resilience. 

The parameter ε governs the balance between two key 
dimensions of the performance curve: the magnitude of 
performance degradation and the duration of low-
performance operation. A low ε value makes 𝑅௙ highly 
sensitive to sharp drops in system performance, effectively 
highlighting scenarios where infrastructure limitations lead 
to severe degradation. However, in such cases, the index 
becomes less responsive to the length of time the system 
operates under degraded conditions, potentially 
overlooking the operational resilience aspect. Conversely, 
a high ε value shifts the 𝑅௙’s sensitivity towards the 
temporal dimension, capturing extended periods of 
reduced performance more accurately. While this reflects 
the impact of operational strategies in an enhanced manner, 
it can underrepresent the severity of performance drops. 

The optimal choice of ε should reflect the nature of the 
loads connected to the feeder. For feeders supplying 
critical loads like hospitals—where sustained low 
performance is preferable to complete outages—a lower ε 



  

emphasizes the importance of maintaining any level of 
service. In contrast, feeders serving facilities like 
airports—where quick restoration is essential even if 
temporary outages occur—benefit from a higher ε, which 
prioritizes timely recovery over immediate performance 
dips. In essence, ε serves as a tuning knob that aligns the 
𝑅௙ with the resilience priorities of different types of 
electrical loads, making careful selection essential for 
meaningful resilience assessment. 

III. PROPOSED HARDENING STRATEGY 

The idea of the line hardening strategy is to find the best set of 
lines to be reinforced in the distribution feeder so as to 
maximize the feeder’s resilience to extreme weather events. 
The flowchart for the greedy line reinforcement strategy is 
shown in Fig. 2. 
 

 
Fig. 2. Flowchart for the Greedy Line Reinforcement Procedure  
 

The first step in this process is to determine Ω௅  and Ωோ. Ωோ 
is the set of planned line reinforcements and Ω௅  is the set of 
identified lines for reinforcement testing. Ωோ is decided by 
investors based on budget. To populate Ω௅ , we look for two 
types of lines, namely, the lines along which outages occur and 
the lines that get loaded to maximum capacity during storms. 
The lines along which the outages occur are determined from 
historical data whereas the lines that get loaded to maximum 
capacity are determined after running the power flow analysis 
for various historical storms.  

Following this, we select a line in  Ω௅ , provide 
reinforcements to the selected line and run the power flow for 
various historical storm outage data. The new average feeder 
resilience < 𝑅௙

ᇱ > and improvement in average feeder 
resilience < 𝛿𝑅௙ > =< 𝑅௙

ᇱ >  − < 𝑅௙ >  is computed after 
adding the new line. This process is repeated for all the lines in 
Ω௅ . The line with the highest value of  < 𝛿𝑅௙ > is selected and 
added to the distribution feeder. Once, the line is added to the 
feeder, it is deleted from Ω௅ . 

If there are more lines to be reinforced or Ωோ is non-empty, 
we repopulate Ω௅  and repeat the process. This procedure 
continues till all the planned lines are reinforced at suitable 
locations. 

IV.  RESULTS AND DISCUSSION 

A.  Average Feeder Resilience( < 𝑅௙ >) Evaluation: 

Fig. 3. shows the one-line diagram of a three-phase 
unbalanced distribution system called Feeder 91. Feeder 91 
contains a total of 91 nodes and 91 lines with the substation 
located at 903. The feeder operates at a base voltage of 12.5 kV 
and serves a load demand of 6.42 MW and 3.05 MVAR.  

 
  Fig. 3.  One line diagram of Feeder 91 with all the outages of four storms  



  

To evaluate the average feeder resilience index for Feeder 91, 
we use the outage data related to four different storms namely 
Storm 2017, Storm 2019, Storm 2021, and Storm 2022 that 
affected the feeder in the past. Table I provides the information 
on these outages including location of the outage, time of 
outage and time of recovery during all the historical storms. 
O11-14 belong to Storm 2017, O21-23 belong to Storm 2021, 
O31-36 belong to Storm 2019 and O41-44 belong to Storm 
2022. All these outages are marked in red in Fig. 3.  

The outages in these cases can be classified into two types – 
outages at specific nodes and outages along the line. When 
outages occur at a specific node, they disconnect the loads 
present only at a particular node. However, when outages occur 
along a line, they result in disconnecting more loads connected 
to other nodes along the line on outage. The outages affecting 
specific nodes are marked in Fig. 3. By a black circle with the 
node number written in red and the outages along the line are 
marked with a red cross on the line. The outage names along 
with the phases affected by the outage are also marked in red. 
 

1) Case 1: Storms with outages on specific nodes  
 In the case of Storm 2017, the four outages O11-O14 shown 

in Table I disconnect loads at specific nodes. Such outages 
result in smaller performance dips compared to the outages 
along the line. The PC for Feeder 91 is plotted after running the 
power flow analysis on an hourly basis as outages occur and get 
repaired during the storm and is shown in red in Fig. 4.  

TABLE I 
OUTAGE DETAILS FOR THE FOUR STORMS 

 
At the beginning of the storm, all the loads in the feeder are 

connected to the substation at 903. Since all the loads are 
connected, the performance of the feeder is initially at 1. At t=3, 
outages O11 and O12 occur which disconnect 8.25kW load on 
the C phase of node 145 and 10.32 kW on the C phase of node 
765. Due to this, a drop in performance is observed.  At t=21, 
outage O13 disconnects 18kW on phase A at node 910 which 
further drops the performance. The loads disconnected due to 
outage O13 get re-connected to the feeder at t=26 and increase 
the performance. Following this, the outage O11 gets restored 
at t=32 leading to further increase in the system performance to 
0.998. However, before recovering from all the outages, 
another outage occurs at t=33 in which 110kW load was 
disconnected leading to a steep decline in the system 
performance. Following this, O12 and O14 are repaired 
immediately at t= 35 and the system returns to pre-storm 
performance levels. 

In the red colored PC shown in Fig. 4, there are two periods 
of performance degradation, one from t=0 to t=21 and t=32 to 
t=33. Similarly, there are also two periods of performance 

recovery, one from t=23 to t=32 and another from t=33 to t=35. 
While the worst performance (𝑅ఈ) and the accumulated loss 
(𝑅ఉ) are computed for the entire PC, the resistive capability 
(𝑅ఊ

௞) and recovery rapidity (𝑅ఋ
௞) are computed individually for 

the two respective periods of degradation and recovery. The 
integrated feeder resilience index (𝑅௙) is finally computed using 
(6). All the computed resilience indices for this case are shown 
in Table II. 

2) Case 2: Storms with outages along the line  
The details of Storm 2021 are provided in Table I. In this 

storm, there are three outages O21-O23 that happen along the 
line. The associated PC is plotted in red in Fig. 5.  

The first outage O21 occurs at t=3 due to opening of the line 
recloser between 795 and 216. Since the line recloser is situated 
between the two nodes, when it opens, it disconnects all the 
loads present on both 216 and 765 which is beyond 216. Node 
795 is still connected to the substation. The performance of the 
feeder reduces from 1 to 0.965.  

It further reduces when O22 happens and the fuse between 
561 and 697 opens at t=16 and disconnects the loads on 561, 
858 and 864.  This is followed by O23 at t=47 leading to a minor 
dip in performance followed by recovery of O22 and O23 at 
t=48 leading to full feeder recovery. The computed resilience 
indices are shown in Table II. 

TABLE II 
RESILIENCE INDICES FOR THE FOUR STORMS 

3) Cases 3-4: Storms with mixed outages 
In cases 3 and 4, we subject Feeder 91 to Storm 2019 and 

Storm 2022 with mixed outages, i.e., some outages happen 
along a line and some outages are limited to only specific nodes. 
as shown in Fig. 3 and Table I. The PCs for both these storms 
are shown in Fig. 6. and Fig. 7, in red, and the computed 
resilience indices for these two cases are shown in Table II.   

B. Resilience based Line Reinforcement Strategy 
In the previous subsection, the < 𝑅௙ >  of Feeder 91 is 

evaluated as 56.92% and thus needs to be enhanced. The 
location where a line is placed has an important role in 
determining the resilience enhancement of the feeder. For 
instance, if a new line is placed in parallel to a line which is 
never affected by any storm, the new line would not contribute 
to preserving any additional loads during outage and thus, it 
would not improve the resilience of the feeder. However, 
reinforcing lines that get frequently overloaded would improve 
power delivery to additional loads in the feeder during outages 
leading to better feeder resilience. 

In this paper, the objective is to select two lines for 
reinforcement among the 91 lines in Feeder 91 that enhance its 
resilience to the maximum. Hence, Ωோ contains two lines L1 
and L2. According to the algorithm, we find the set of outages 
that lead to disconnection along the line from the available 
outage history on the four storms. The lines along which the 
outage occurs are marked and populated into the set  Ω௅ . We 
further check for any lines which were overloaded during the 

Outage  
Name 

Outage 
Time(hr) 

Recovery 
Time (hr) 

Outage  
Name 

Outage 
Time (hr) 

Recovery 
Time (hr) 

O11 3 32 O33 6 10 
O12 3 35 O34 11 15 
O13 21 26 O35 11 22 
O14 33 35 O36 15 26 
O21 2 18 O41 4 20 
O22 16 48 O42 18 19 
O23 47 48 O43 20 24 
O31 4 12 O44 23 24 
O32 5 10    

Case 𝑅ఈ 𝑅ఉ 𝑅ఊ
ଵ 𝑅ఊ

ଶ 𝑅ఋ
ଵ 𝑅ఋ

ଶ 𝑅௙ (%)

1 0.9828 0.0049 3230.76 135.135 0.00045 0.008 87.5 
3 0.6553 0.0809 17.4064 57.8035 0.1094 0.003 44.3 
2 0.9465 0.0251 299.101 3670.04 0.0177 0.026 90.5 
4 0.1917 0.6486 4.9489 135.197 0.0895 0.032 5.32 



  

four storms and add them to Ω௅ . The various lines present in Ω௅  
and their associated < 𝛿𝑅௙ >  values after reinforcing the 
original feeder are shown in Table III. We choose to place line 
L1 between 556 and 1041 as it contributes to the highest 
improvement in average feeder resilience (14.19%). 

TABLE III 
  < 𝜹𝑹𝒇 > COMPUTATION FOR CHOOSING THE LOCATION OF L1 

 

According to the algorithm, after the first line L1 is placed 
between 556 and 1041, it gets deleted from Ω௅and Ωோ. 
However, Ωோ is still not empty. Hence, after adding the first line 
reinforcement, we rerun the power flow for all the four different 
storms and repopulate Ω௅ .  The new elements in  Ω௅  and the 
associated < 𝛿𝑅௙ >  are shown in Table IV. The best location 
for adding line L2 is between nodes 234 and 517 since it 
improves the average feeder resilience by a further 17.6%. It 
can be seen in Table III and Table IV that when some lines are 
reinforced, the resilience decreases. This is because, when some 
lines are reinforced, the time of degradation gets greatly 
reduced leading to very low resistive capability values that 
reduce the overall resilience of the feeder.  

TABLE IV 
  < 𝜹𝑹𝒇 >  COMPUTATION FOR CHOOSING THE LOCATION OF L2 

The total number of combinations of the locations we had to 
check was only 5+4=9 instead of 8281 (91x91) if we used brute 
force. This shows that the greedy hardening strategy gives us 
great computational advantage over the brute force method. The 
PCs for the four storms after adding the reinforcements L1 and 
L2 are shown in blue in Fig. 4. to Fig. 7.  

In Fig. 4. and Fig. 5, we see that there is no improvement in 
the PC even after adding L1 and L2. This is because all the 
outages in Case-1 occur directly at the node and adding a new 
line nearby does not provide for disconnected loads. In Case-2, 
the added lines do not provide any alternate paths for the 
electricity to provide extra loads and hence, the PC doesn’t 
change. In the remaining two cases, the outages that take place 
along the lines are reinforced. The load loss due to this type of 
outage is mitigated when redundant lines are present in the 
vicinity of outage and hence the performance improves. This is 
reflected in Fig. 6. and Fig. 7. The average resilience of the 
feeder is seen to improve from 56.92% to 88.71%. 

Although this reinforcement selection technique is fast and 
easy to implement, it has some limitations. The algorithm is 
based on greedy strategy which has the tendency to produce 
suboptimal solutions, as it makes decisions based solely on 
immediate gain without considering the global context. It does 
not have the facility to backtrack or revise previous choices, 
making it inflexible if an early decision is incorrect. In general, 

greedy algorithms lack the exhaustive search capability needed 
to explore all possible solutions. As a result, they cannot 
guarantee optimality in most scenarios. 

 
Fig. 4. PC for Feeder 91 during Storm 2017 before and after L1 and L2. 

 
Fig. 5. PC for Feeder 91 during Storm 2021 before and after L1 and L2. 

 
 Fig. 6. PC for Feeder 91 during Storm 2019 before and after L1 and L2. 

 
Fig. 7. PC for Feeder 91 during Storm 2022 before and after L1 and L2. 

Elements in Ω௅  From Node To Node < Rf > < 𝑹𝒇
ᇱ > < δRf > 

1 259 226 71.11 70.4 -0.71 
2 234 517 71.11 88.71 17.6 
3 795 216 71.11 72.35 1.24 
4 697 561 71.11 63.31 -7.8 

Elements in Ω௅  From Node To Node < Rf > < 𝑹𝒇
ᇱ > < δRf > 

1 259 226 56.92 56.71 -0.21 
2 234 517 56.92 66.19 9.27 
3 795 216 56.92 58.1425 1.2225 
4 697 561 56.92 49.1225 -7.7975 
5 556 1041 56.92 71.11 14.19 



  

 

V. CONCLUSION 

In this paper, we proposed various indices for evaluating the 
resilience of distribution feeders with historical outage data 
having PCs with multiple periods of performance degradation 
and recovery. The resilience framework and the greedy line 
hardening strategy is successfully tested on a 91-bus feeder. 
The conducted studies found that the proposed resilience 
analysis framework clearly reflects the resilience of the 
distribution feeder both in the presence and in the absence of 
reinforcements. The proposed greedy strategy greatly reduces 
computational complexity in the process of finding the lines to 
be reinforced to get maximum increase in feeder resilience.  

Implementing the proposed resilience framework and greedy 
reinforcement strategy in real-world settings faces several 
practical challenges. Key among these is the limited availability 
and quality of detailed historical outage and load data, which 
are essential for accurate performance curve analysis. Although 
the greedy algorithm reduces computational burden compared 
to brute-force methods, it still requires significant processing 
power, especially for large or complex feeders. Additionally, 
the method’s adaptability to diverse feeder types and 
operational conditions may require customization, potentially 
limiting its generalizability across different utility networks. 

In the future, along with the historical data, we will also 
employ a probabilistic framework to incorporate more adverse 
events for evaluating the feeder resilience. This will help us to 
reduce our reliance on accurate historical data. We will also 
extend the greedy framework to determine the best mix of 
resilience enhancement options including pole upgradation, 
line reinforcement, DG placement, etc within a given budget. 
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