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Abstract—This paper presents a dynamic restoration strategy 
for active distribution networks (ADNs) by coordinating repair 
crew dispatch and frequency-constrained cold load pickup. To in-
corporate the stochastic repair time, the repair crew dispatch is 
formulated as “event-driven” with the implementation of model 
predictive control (MPC). The stochastic repair time is estimated, 
convexified, and updated dynamically with each MPC execution. 
The finish of a repair task triggers the subsequent cold load pickup 
model, where the frequency dynamics are computed and linearly 
constrained with the help of a uniform frequency response model 
for low-inertia systems. Next, a co-optimization framework of the 
two models is developed to coordinate the repair crew dispatch 
and cold load pickup under a unified time scale. Numerical results 
on a modified IEEE 33-node test feeder and a real-world 136-node 
distribution system have verified the effectiveness of the proposed 
model.   

Index Terms—Active distribution network, dynamic restora-
tion, repair crew dispatch, cold load pickup, frequency dynamics. 

NOMENCLATURE 

Indices and Sets 
𝑖𝑖, 𝑗𝑗, 𝑚𝑚, 𝑛𝑛 ∈  Indices and set of nodes. 
(𝑖𝑖, 𝑗𝑗), (𝑚𝑚, 𝑛𝑛) ∈  Indices and set of branches. 

F, O, N ⊆  Set of faulted branches, outage branches 
without faults, and operating branches. 

𝑖𝑖𝑖𝑖 ⊆  Set of branches adjacent to branch(𝑖𝑖, 𝑗𝑗). 
c ∈  Index and set of repair crews. 
𝑘𝑘, 𝑙𝑙 ∈  Indices and set of recovery operations. 
𝑔𝑔 ∈  Index and set of synchronous generators. 
𝑑𝑑 ∈  Index and set of droop-controlled DGs. 
𝑣𝑣 ∈  Index and set of VSM-controlled DGs. 

Parameters 
𝑅𝑅𝑖𝑖𝑖𝑖, 𝑋𝑋𝑖𝑖𝑖𝑖 Resistance and reactance of branch (𝑖𝑖, 𝑗𝑗). 
𝑉𝑉min, 𝑉𝑉max Minimum and maximum voltage magnitude. 

𝐹𝐹𝑖𝑖𝑖𝑖,max  Maximum apparent power allowed to flow on 
branch (𝑖𝑖, 𝑗𝑗). 

𝑃𝑃𝑖𝑖,min
G , 𝑃𝑃𝑖𝑖,max

G  Minimum and maximum active power gener-
ation at node 𝑖𝑖. 

𝑆𝑆𝑖𝑖
G Rated capacity of the generator at node 𝑖𝑖. 
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𝑃𝑃𝑖𝑖
L, 𝑄𝑄𝑖𝑖

L Rated active and reactive power demands of 
the load at node 𝑖𝑖. 

𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚
avg , 

𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚
var  

Mean and variance of the repair time required 
by repair crew 𝑐𝑐  to fix branch (𝑚𝑚, 𝑛𝑛)  (the 
rough approximation). 

𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚
avg , 

𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚
var , 

Mean and variance of the repair time required 
by repair crew 𝑐𝑐  to fix branch (𝑚𝑚, 𝑛𝑛)  (the 
more accurate approximation). 

𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚
− , 

𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚
+  

Pessimistic and optimistic estimation of the re-
pair time required by repair crew 𝑐𝑐  to fix 
branch (𝑚𝑚, 𝑛𝑛) (the more accurate approxima-
tion). 

𝑇𝑇𝑖𝑖𝑖𝑖,𝑚𝑚𝑚𝑚
tr , 𝑇𝑇0,𝑚𝑚𝑚𝑚

tr  Transportation time from branch (𝑖𝑖, 𝑗𝑗) and re-
pair station to (𝑚𝑚, 𝑛𝑛). 

𝜆𝜆𝑖𝑖 Weighted coefficient of load at node 𝑖𝑖. 

𝑇𝑇end User-defined end time of the restoration pro-
cess. 

𝜀𝜀 User-defined probability level. 

𝑃𝑃𝑖𝑖
T, 𝑃𝑃𝑖𝑖

S Magnitude of the transient and steady-state 
plateaus of the CLPU curve of node 𝑖𝑖. 

𝑇𝑇1 Duration of the transient process of CLPU. 

𝜌𝜌 The ratio of the steady-state plateau to the 
transient plateau in the CLPU curve. 

𝑀𝑀, 𝐷𝐷 Aggregate inertia and damping constants of 
the energized part of the ADN. 

RoCoFmax  Maximum RoCoF allowed. 
Δ𝑓𝑓max

ndr  Allowed frequency nadir. 
Δ𝑓𝑓max

ss  Maximum steady-state frequency deviation. 
𝑥𝑥𝑖𝑖,∞, 𝑦𝑦𝑖𝑖𝑖𝑖,∞, 
𝑥𝑥𝑖𝑖,∞

L  
Energization statuses of nodes, branches, and 
loads in the restored ADN. 

Decision Variables of the Repair Crew Dispatch Model 

𝑧𝑧𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘 Binary repair decision of faulted branch (𝑚𝑚, 𝑛𝑛) made 
by repair crew 𝑐𝑐 in the 𝑘𝑘th recovery operation. 

𝑡𝑡𝑚𝑚𝑚𝑚 Restoration time of faulted branch (𝑚𝑚, 𝑛𝑛). 
𝑡𝑡𝑘𝑘F Finishing time of the 𝑘𝑘th recovery operation. 
𝑢𝑢𝑚𝑚𝑚𝑚,𝑘𝑘 Binary status of faulted branch (𝑚𝑚, 𝑛𝑛). 
𝑥𝑥𝑖𝑖,𝑘𝑘, 𝑦𝑦𝑖𝑖𝑖𝑖,𝑘𝑘 Binary status of node i and branch (𝑖𝑖, 𝑗𝑗). 
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𝑥𝑥𝑖𝑖,𝑘𝑘
L  Binary status of the load at node 𝑖𝑖. 

𝑝𝑝𝑖𝑖𝑖𝑖,𝑘𝑘, 𝑞𝑞𝑖𝑖𝑖𝑖,𝑘𝑘 Active and reactive power flows on branch (𝑖𝑖, 𝑗𝑗). 
𝑝𝑝𝑖𝑖,𝑘𝑘

G , 𝑞𝑞𝑖𝑖,𝑘𝑘
G  Active and reactive power generation at node 𝑖𝑖. 

𝑝𝑝𝑖𝑖,𝑘𝑘
L , 𝑞𝑞𝑖𝑖,𝑘𝑘

L  Active and reactive load demand at node 𝑖𝑖. 
𝑣𝑣𝑖𝑖,𝑘𝑘 Squared value of voltage magnitude of node 𝑖𝑖. 

𝑡𝑡𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘 Required repair time if faulted branch(𝑚𝑚, 𝑛𝑛) is re-
paired by repair crew 𝑐𝑐 in the 𝑘𝑘th recovery operation.  

𝑤𝑤𝑖𝑖𝑖𝑖,𝑚𝑚𝑚𝑚 Binary variable denoting that branch (𝑚𝑚, 𝑛𝑛) is fixed 
following branch (𝑖𝑖, 𝑗𝑗) by the same repair crew. 

𝑤𝑤0,𝑚𝑚𝑚𝑚 Binary variable denoting that branch (𝑚𝑚, 𝑛𝑛) is first 
fixed. 

Decision Variables of the Sequential Cold Load Pickup Model 
The definition of the following variables is the same as that of 
the repair crew dispatch model with subscript 𝑘𝑘 discarded. 
𝑥𝑥𝑖𝑖, 𝑦𝑦𝑖𝑖𝑖𝑖, 𝑥𝑥𝑖𝑖

L Topology-related variables. 
𝑝𝑝𝑖𝑖𝑖𝑖, 𝑞𝑞𝑖𝑖𝑖𝑖, 𝑝𝑝𝑖𝑖

G, 𝑞𝑞𝑖𝑖
G, 𝑝𝑝𝑖𝑖

L, 𝑞𝑞𝑖𝑖
L, 𝑣𝑣𝑖𝑖 Power flow-related variables. 

I.  INTRODUCTION 
AST and efficient restoration is crucial for enhancing dis-
tribution system resilience. High resilience has become an 

increasingly challenging problem for Active Distribution Net-
works (ADNs) that require well-designed control schemes for 
active lines and Distributed Energy Resources (DER) [1]. The 
restoration process, involving comprehensive coordination of 
repair crew dispatch, switch operations, and load pickup meet-
ing the transient and steady-state security constraints, is known 
as one of the most complicated power system optimization 
problems [2]. 

In order to simplify the problem, the restoration process is 
assumed to be divided into multiple steps with a fixed duration. 
This extensively adopted assumption lies in the backbone of 
modeling the repair crew dispatch in ADNs. Based on the mod-
eling techniques of the Vehicle Routing Problem (VRP), the 
repair crew dispatch is formulated as a Mixed-Integer Linear 
Programming (MILP) problem in [3], considering the interde-
pendence between crew traveling and repairing. References [4] 
and [5] further develop the role of a repair crew into operating 
manual switches and clearing faults, which are co-optimized to 
provide a pragmatic crew dispatch scheme. The models devel-
oped in [3-5] are complicated and time-consuming to solve, so 
preliminary processes, including clustering loads into a node 
cell and pre-assigning faults to a repair station/depot, are used 
to ease the computational burden [6]. The discussed repair crew 
dispatch models [3-6] rely on a binary variable 𝑧𝑧𝑐𝑐,𝑚𝑚,𝑛𝑛, indicat-
ing whether crew 𝑐𝑐 travels from fault 𝑚𝑚 to fault 𝑛𝑛. Then the 
energization statuses of faulted components are determined and 
assigned to a pre-defined time series, based on crews’ travel 
time, repair time, and the routing path 𝑧𝑧𝑐𝑐,𝑚𝑚,𝑛𝑛. 

Another modeling method for repair crew dispatch directly 
associates the repair operation with specific time steps, using a 
binary variable 𝑧𝑧𝑐𝑐,𝑚𝑚,𝑡𝑡  to denote whether crew 𝑐𝑐  is repairing 
fault 𝑚𝑚 at time step 𝑡𝑡. Typically, the travel time and repair time 
should be provided as deterministic inputs, for imposing re-
strictions on adjacent time steps of 𝑧𝑧𝑐𝑐,𝑚𝑚,𝑡𝑡  [7]. This type of 

modeling makes it convenient to coordinate repair crew dis-
patch with subsequent system reconfiguration and scheduling 
problems [8-9]. On this basis, simpler and efficient models are 
developed. In [10] and [11], the number of repair crews is mod-
eled as restoration resources to restrict the number of faults 
under clearance at a time step. As a result, 𝑧𝑧𝑐𝑐,𝑚𝑚,𝑡𝑡 is simplified 
as 𝑧𝑧𝑚𝑚,𝑡𝑡, denoting whether fault 𝑚𝑚 is being repaired at time step 
𝑡𝑡. In [12], the restoration time of a fault is estimated using the 
upper bounds of the travel time and repair time. Then this res-
toration time is imposed on 𝑧𝑧𝑚𝑚,𝑡𝑡 to guarantee that enough and 
consecutive time steps be spent on repairing the fault. 
 

TABLE I Comparisons of repair crew dispatch models 
Models Characteristics Pros and cons* 

VRP-based 
models [3-6] 

1. Decision variable 𝑧𝑧𝑐𝑐,𝑚𝑚,𝑛𝑛 
2. Detailed modeling of repair 
crew routing 
3. Restoration time is obtained 
by summing up the travel time 
and repair time in a routing path 

[p] Benchmark models for 
comparison and improvement 
[c] Need additional constraints 
to couple 𝑧𝑧𝑐𝑐,𝑚𝑚,𝑛𝑛 and compo-
nents’ energization statuses 
[c] High complexity: a pre-as-
signment process is required 

Multi-time-step 
models [7-12] 

1. Decision variable 𝑧𝑧𝑐𝑐,𝑚𝑚,𝑡𝑡/𝑧𝑧𝑚𝑚,𝑡𝑡 
2. Repair operations are associ-
ated directly with time steps 
3. Deterministic travel time and 
repair time 

[p] Easy to integrate subse-
quent system reconfiguration 
and scheduling problems 
[p] Able to be simplified as 
needed 
[c] Inaccurate restoration time 
by large duration between ad-
jacent time steps  
[c] Unable to incorporate sto-
chastic travel and repair time 

Stochastic 
models [13, 14] 

1. Based on the VRP model [3] 
2. Truncated normal distribu-
tion and (truncated) lognormal 
distribution are assumed for 
travel time and repair time 
3. Monte Carlo-based sample 
generation 

[p] First attempts to tackle sto-
chastic travel and repair time 
[c] Hard to obtain the proba-
bility distribution 
[c] Significantly increased 
complexity due to numerous 
samples 

Event-driven 
model [15] 

1. Decision variable 𝑧𝑧𝑐𝑐,𝑚𝑚,𝑛𝑛
𝑘𝑘 , 

where 𝑘𝑘 denotes a repair event 
2. The pre-defined time series is 
discarded 

[p] Restoration time is more 
accurate 
[c] Over-complicated 

* The pros and cons are indicated by [p] and [c] in this column 
 

The characteristics of the aforementioned two types of repair 
crew dispatch models are summarized as VRP-based models 
[3-6] and multi-time-step models [7-12] in TABLE I. Follow-
ing these existing models, recent research efforts highlight the 
necessity to address stochastic travel and repair time [13, 14] as 
well as event-driven repair crew dispatch [15]. These recent im-
provements are discussed as follows. 

1) Stochastic modeling of repair crew dispatch: This model-
ing technique is important as crew traveling and repairing 
processes are highly stochastic in the real world; if neglected, 
the resulting solution could lead to suboptimality. In the worst 
case, it can provide prohibitive operations, e.g., energizing a 
large load in a heavily loaded subsystem before Distributed 
Generators (DGs) are restored. This is because by deterministic 
modeling, the DGs are always assumed to be restored earlier 
than the large load, while an opposite situation may occur due 
to the stochasticity of the repair process. To overcome this dif-
ficulty, stochastic optimization techniques are employed, and 
the repair time is assumed to follow a lognormal distribution 
[13] or truncated lognormal distribution [14]. The Monte Carlo 

F 
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sampling method is then adopted to convey the stochasticity to 
numerous deterministic scenarios. In other words, the stochas-
tic repair time is addressed by a deterministic optimization 
problem with numerous scenarios. However, the large number 
of scenarios can lead to intractability of the problem. In this re-
gard, a novel repair crew dispatch model is entailed to address 
the stochastic repair process with reduced complexity  

2) Event-driven modeling of repair crew dispatch: As noted, 
the application of the repair crew dispatch models in [3-12] re-
quires a pre-defined time series with a fixed duration (e.g., 
[𝑡𝑡1, 𝑡𝑡2, … , 𝑡𝑡𝑛𝑛] and Δ𝑡𝑡 = 𝑡𝑡2 − 𝑡𝑡1 = ⋯ = 𝑡𝑡𝑛𝑛 − 𝑡𝑡𝑛𝑛−1 = 30 min). 
Although a smaller duration (e.g., Δ𝑡𝑡 = 5 min ) provides a 
more accurate repair crew dispatch scheme, it drastically in-
creases the complexity of the restoration model that normally 
extends to hundreds of minutes. On the other hand, defining a 
larger duration (e.g., Δ𝑡𝑡 = 60 min) could lead to unpractical 
solutions. For example, if a repair crew clears a fault at the 61st 
min, the multi-time-step models only allow the newly restored 
component to be energized in the next time step, i.e., the 120th 
min, prolonging the restoration process by 59 min. To over-
come this difficulty, an event-driven repair crew dispatch model 
is proposed in [15] to avoid the pre-defined time series, and the 
clearance time of faults will be the “exact” instant when they 
are removed, e.g., the 59th or 61st min. However, the binary var-
iable 𝑧𝑧𝑐𝑐,𝑚𝑚,𝑛𝑛 defined in [3] are duplicated once for every repair 
event as 𝑧𝑧𝑐𝑐,𝑚𝑚,𝑛𝑛

𝑘𝑘  (𝑘𝑘 indicates a repair event) in [15], overcompli-
cating the mathematical model. Hence, modeling repair crew 
dispatch in an event-driven manner without significantly affect-
ing the problem complexity is another crucial task. 

Given these two recent improvements and their limitations, 
a novel modeling method of repair crew dispatch is entailed to 
consolidate and incorporate the stochastic and event-driven 
characteristics in one model. Moreover, this model should be 
highly tractable, as a fundamental requirement is that the ADN 
restoration problem should be solved in a relatively short time. 
In this regard, considering the restoration process dynamically 
permits more efficient dispatch of repair crews, by looking 
ahead only a few future operations. In this way, the model com-
plexity can be significantly reduced. The well-established 
Model Predictive Control (MPC), due to its cyclic “prediction-
solution-implementation” characteristic, is ideally suited for the 
event-driven repair crew dispatch. Moreover, compared to sam-
pling numerous scenarios, convex approximation of the 
stochastic repair time contributes to a more efficient optimiza-
tion model. Therefore, it is challenging and crucial to design a 
new repair crew dispatch model to incorporate these advanced 
and promising modeling techniques. 

Another major factor requiring a dynamic approach to ADN 
restoration is the Cold Load Pickup (CLPU) effect, which re-
sults in a drastic increase in load demand due to the transient 
inrush current and loss of diversity [16]. In ADNs embedded 
with numerous inverter-interfaced DGs that generally do not 
contribute to inertia provision, the system frequency subject to 
CLPU could drop dramatically, causing undesirable protection 
operation to trip loads and DGs. Several research efforts have 
formulated the CLPU effect by historical data fitting. The report 
[16] provides some essential data and analysis for modeling the 

CLPU, such as the lasting time, transient peak, and impact fac-
tors of the peak power demand. On this basis, a simple model 
considering only the transient peak is proposed in [17]. For 
higher accuracy, the CLPU demand is formulated as an expo-
nentially decreasing curve [18]. However, the data required for 
modeling the exponential curve is only available after the end 
of the CLPU effect. Hence, it is suggested in [19] to use a more 
general model considering the peak value and lasting time of 
the CLPU effect. Even with a proper CLPU model used, the 
calculation of the frequency dynamics subject to CLPU remains 
demanding. The dynamic frequency profile is typically com-
puted by electromechanical transient simulation using detailed 
control parameters. For example, a second-level simulation 
model is proposed in [20] to obtain the transient frequency nadir 
after load pickup, which is then fed back to the first-level opti-
mization model. Alternatively, to formulate the frequency 
dynamics mathematically, reference [21] provides a uniform 
frequency response model for low-inertia power systems con-
sidering both the traditional governor control and converter-
based control. With applications to the unit commitment prob-
lem, the accuracy of this model has been validated with 
simulation data [22]. Typically, the load pickup power is for-
mulated as a constant input for the uniform frequency response 
model [21]. Then the system frequency can be obtained by solv-
ing the swing equation. However, the CLPU demand is time-
dependent, involving a transient peak and a gradually decreas-
ing steady-state curve. This makes the calculation of frequency 
dynamics challenging. In this regard, it is of practical signifi-
cance to develop a transient frequency-constrained CLPU 
model, as the fast-changing frequency is a primary cause of in-
stability in low-inertia ADNs [23]. To achieve this, new 
modeling techniques of the CLPU effect and their applications 
in calculating frequency dynamics remain to be investigated. 

Given the background above, this paper contributes to dy-
namic ADN restoration by coordinating two improved models, 
the event-driven Repair Crew Dispatch (RCD) model and the 
transient frequency-constrained Sequential Cold Load Pickup 
(SCLP) model. The main contributions are detailed below:  

1) A novel event-driven RCD model with reduced complex-
ity and improved capability is formulated to address stochastic 
repair time. Compared to the binary variable 𝑧𝑧𝑐𝑐,𝑚𝑚,𝑛𝑛

𝑘𝑘  used in the 
event-driven model [15], the proposed event-driven RCD 
model requires only a 3-dimensional binary variable 𝑧𝑧𝑐𝑐,𝑚𝑚,𝑘𝑘. Be-
sides, the stochastic repair time is addressed by convex 
approximation instead of scenario generation used in [13, 14], 
avoiding to overcomplicate the model. A dynamic update 
scheme is also designed to evaluate the stochastic repair time 
dynamically and more accurately, based on different timings of 
the RCD process. 

2) A frequency-constrained SCLP model is developed, 
where the transient Rate of Change of Frequency (RoCoF), fre-
quency nadir, and steady-state frequency can be imposed as 
convex constraints. To achieve this, the peak demand model [17] 
of the CLPU effect is improved as a step function considering 
the transition between the transient and steady-state demands. 
Then the expressions of the three frequency indicators are de-
rived with mathematical details, using the improved CLPU 
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model as the input. 
3) A MPC-based co-optimization framework is designed for 

the proposed RCD and SCLP models to facilitate dynamic and 
real-time ADN restoration. The MPC-based framework is able 
to respond to real-time repair events, including the arrival of 
repair crews and the completion of fault clearance, by recur-
sively updating system conditions and co-optimizing the RCD 
and SCLP models. Under this framework, the dispatch of repair 
crews and implementation of load pickups are coordinated to 
restore de-energized loads quickly and securely. 

The remainder of this paper is organized as follows. Section 
II discusses the coordination between the RCD and SCLP mod-
els. Sections III and IV formulate the event-driven RCD and 
frequency-constrained SCLP models, respectively. Section V 
presents the solution methodology of these two models. Numer-
ical results are given in Section VI. Section VII concludes the 
paper. 

II.  COORDINATION BETWEEN RCD AND SCLP 

0 t1

Restored loads Pre-outage condition

Initial
condition

Fast damage 
assessment

t2 t3Effective loss 
mitigation

Timet4Dynamic system 
restoration

Fault identification

Trouble call analysis

Unmanned inspection
Microgrid 
formation

Microgrid 
scheduling

Repair crew dispatch

Cold load pickup

 
Fig. 1 Restoration of an ADN subject to catastrophic events. 
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Fig. 2 Co-optimization framework of the proposed RCD and SCLP models. 
 

To highlight the effectiveness of the proposed dynamic ADN 
restoration strategy, this paper focuses on a worst case, i.e., the 
ADN is suffering simultaneous substation disconnection and in-
ternal faults. Fig. 1 depicts the typical stages of restoring such 
a faulted ADN. The fast damage assessment aims to identify 
trouble spots, evaluate the extent of damages, and estimate re-
quired restoration resources [24]. Useful information can be 
obtained from advanced fault diagnosis and identification algo-
rithms [25], consumers’ trouble calls, and unmanned inspection 
systems [26]. Next, effective loss mitigation is conducted to 
provide emergency support to critical loads, utilizing available 
and controllable DGs. In this stage, restorative operations are 
executed to separate the faulted system into one or multiple mi-
crogrids that can function sustainably [27]. Lastly, in the 
dynamic restoration stage, the formed microgrids are extended 
and interconnected, and the faulted system returns to the normal 

operating state gradually. The practical and significant issue 
during this stage is to coordinate the repair crew dispatch and 
cold load pickup. 

Targeting at the dynamic system restoration stage, the pro-
posed strategy is implemented at time instant 𝑡𝑡3, when the fast 
damage assessment and effective loss mitigation stages have 
been completed. Hence, fault knowledge (e.g., locations and 
types of faults) and components’ energization statuses are con-
sidered as deterministic input parameters, and DGs’ black-start 
process is considered finished. 

The proposed dynamic ADN restoration strategy consists of 
two stages: an event-driven RCD model and a frequency-con-
strained SCLP model. Fig. 2 illustrates the co-optimization 
framework of these two models. At the start of the dynamic res-
toration stage (𝑡𝑡 = 𝑡𝑡3), the RCD model is solved to dispatch 
repair crews to assigned faults. When a fault is cleared (consid-
ered as a repair event), a trigger signal is sent, indicating the 
availability of a repair crew. This triggers the next execution of 
the RCD model to dispatch the newly available repair crew. In 
this way, the RCD model is solved repeatedly in response to the 
clearance of a fault, by employing the MPC method. Simulta-
neously, the cleared fault allows the extension of the microgrids 
by energizing the branches and loads initially separated by the 
fault. Hence, the trigger signal also activates the initial execu-
tion of the SCLP model (indicated by the dashed arrow in green 
color), which selects cold loads that can be restored safely. Then 
the SCLP model runs dynamically to achieve sequential and se-
cure load pickup. After each load pickup, the system condition 
is updated accordingly (indicated by the dashed arrow in blue 
color). The next execution of the SCLP model occurs when the 
system frequency returns to around the nominal value, indicat-
ing the completion of the frequency transient and the readiness 
of the ADN for the next step of cold load pickup. 

The proposed co-optimization framework aims to provide 
seamless coordination between the RCD and SCLP models in 
low-inertia ADNs. To achieve this, new modeling techniques 
are adopted in this paper, including the event-driven formula-
tion of the RCD model with MPC implementation, derivation 
of transient frequency constraints for the SCLP model, and co-
optimization solution method. Mathematical formulations are 
detailed in the following sections. 

III.  DECISION-MAKING OF EVENT-DRIVEN RCD  
In order to address the novelty of the proposed RCD model 

compared to [3-15], the following assumptions are adopted: 
1) All distribution lines (branches) and loads in the ADN are 

assumed to be equipped with a remote-controlled switch. The 
control time is negligible compared to the repair crew dispatch 
process that lasts for hours. This assumption is made for the 
purpose of focusing on the event-driven formulation and the in-
corporation of stochastic repair time in the proposed RCD 
model. Nevertheless, real-world scenarios are likely to be dif-
ferent. In cases where only a limited number of remote-
controlled branch switches are installed, the proposed RCD 
model is still applicable by merging the uncontrollable branches 
and load nodes in an entire load zone, whose energization status 
is controlled by the adjacent remote-controlled switches [28]. 
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On the other hand, when applying the proposed RCD model to 
a system with both manual and remote-controlled switches, the 
modeling techniques in [4] and [5] can be integrated without 
significant modification of the mathematical model. In such 
cases, the role of repair crews can be divided into two tasks: 
clearing faults and operating manual switches. The former task 
does not require any changes to the proposed model, while the 
latter can be addressed by incorporating a manual switch oper-
ation time into the energization process. 

2) Only branch faults are considered, as faults at nodes (e.g., 
a fallen utility pole) can be formulated in the same way as 
branch faults, i.e., one can assign a “shared” fault to all branches 
adjacent to the faulted node. The branches are allowed to be 
energized only after the “shared” fault has been cleared. 

Some explanations of the terms used in the RCD model are: 
1) Recovery operation: An operation conducted by a repair 

crew to restore a faulted branch, indicated by 𝑘𝑘 ∈ , comprises 
a transportation process and a fault clearance process. 

2) Repair time (of a faulted branch): The duration required 
by a repair crew to fix the faulted branch, indicated by 𝑡𝑡𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘. 

3) Restoration time (of a faulted branch): The time between 
0 and the end of the restoration process 𝑇𝑇end, when the faulted 
branch is back online, indicated by 𝑡𝑡𝑚𝑚𝑚𝑚. 

Based on the MPC, the RCD model is solved over a set of 
recovery operations  = {1,2,… , ||} (|| ≤ |F|), i.e., || 
future recovery operations are carried out in each MPC step.  

A.  Modeling of Repair Crew Dispatch 
The dispatch of a repair crew to a faulted branch is formu-

lated as 𝑧𝑧𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘 , taking 1 if faulted branch (𝑚𝑚, 𝑛𝑛) is fixed by 
repair crew 𝑐𝑐 in the 𝑘𝑘th recovery operation. The value of 𝑧𝑧𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘 
is restricted by (1a) and (1b), imposing that only one faulted 
branch can be fixed in each recovery operation, and a faulted 
branch cannot be fixed more than once. 

� � 𝑧𝑧𝑐𝑐,𝑛𝑛𝑛𝑛,𝑘𝑘
𝑐𝑐∈(𝑚𝑚,𝑛𝑛)∈F

≤ 1,   ∀𝑘𝑘 ∈  (1a) 

� � 𝑧𝑧𝑐𝑐,𝑛𝑛𝑛𝑛,𝑘𝑘
𝑐𝑐∈𝑘𝑘∈

≤ 1,   ∀(𝑚𝑚, 𝑛𝑛) ∈ F (1b) 

The binary variable 𝑧𝑧𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘  helps to sort the || recovery 
operations chronologically. The 𝑘𝑘th recovery operation should 
be finished not earlier than the (𝑘𝑘 − 1)th recovery operation, i.e., 

𝑡𝑡𝑘𝑘−1
F ≤ 𝑡𝑡𝑘𝑘F,   ∀𝑘𝑘 ∈  (1c) 

𝑡𝑡𝑘𝑘F = � � 𝑧𝑧𝑐𝑐,𝑛𝑛𝑛𝑛,𝑘𝑘𝑡𝑡𝑚𝑚𝑚𝑚
𝑐𝑐∈(𝑚𝑚,𝑛𝑛)∈F

,   ∀𝑘𝑘 ∈  (1d) 

where the finishing time of the kth recovery operation 𝑡𝑡𝑘𝑘F is the 
time instant when the specific faulted branch is restored in that 
recovery operation. In (1d), the value of 𝑡𝑡𝑘𝑘F is obtained by the 
product of 𝑧𝑧𝑐𝑐,𝑛𝑛𝑛𝑛,𝑘𝑘  and 𝑡𝑡𝑚𝑚𝑚𝑚 , as there is only one non-zero 
𝑧𝑧𝑐𝑐,𝑛𝑛𝑛𝑛,𝑘𝑘  throughout all faulted branches and repair crews in 
every recovery operation, as restricted by (1a). 

B.  Energized Network Identification 
The system-level branch status after the 𝑘𝑘th recovery opera-

tion, 𝑦𝑦𝑖𝑖𝑖𝑖,𝑘𝑘, is determined based on the following scenarios: 

1) The consistently operating branches without faults, i.e., 
𝑦𝑦𝑖𝑖𝑖𝑖,𝑘𝑘 = 1,   ∀(𝑖𝑖, 𝑗𝑗) ∈ N, 𝑘𝑘 ∈  (2a) 

2) The faulted branches, i.e., 

𝑦𝑦𝑖𝑖𝑖𝑖,𝑘𝑘 = � � 𝑧𝑧𝑐𝑐,𝑖𝑖𝑖𝑖,𝑙𝑙
𝑐𝑐∈

𝑘𝑘

𝑙𝑙=1
,   ∀(𝑖𝑖, 𝑗𝑗) ∈ F, 𝑘𝑘 ∈  (2b) 

The status of a faulted branch after the 𝑘𝑘th recovery operation 
is set as 1, if a repair crew restores it in the 𝑘𝑘th or previous re-
covery operations. Equation (2b) features system status when a 
recovery operation has finished. In this way, system changes 
are captured using a limited number of variables. 

3) A de-energized branch without faults is allowed to be re-
stored when there is at least one adjacent healthy branch, i.e., 

𝑦𝑦𝑖𝑖𝑖𝑖,𝑘𝑘 ≤ � 𝑦𝑦𝑎𝑎𝑎𝑎,𝑘𝑘
(𝑎𝑎,𝑏𝑏)∈𝑖𝑖𝑖𝑖

,   ∀(𝑖𝑖, 𝑗𝑗) ∈ O, 𝑘𝑘 ∈  (2c) 

Based on the above branch statuses, the restoration status of 
nodes after the 𝑘𝑘th recovery operation is described as (2d), re-
quiring the energization of the two end nodes (𝑥𝑥𝑖𝑖,𝑘𝑘 = 𝑥𝑥𝑗𝑗,𝑘𝑘 = 1) 
of an energized branch (𝑦𝑦𝑖𝑖𝑖𝑖,𝑘𝑘 = 1). 

�
𝑦𝑦𝑖𝑖𝑖𝑖,𝑘𝑘 ≤ 𝑥𝑥𝑖𝑖,𝑘𝑘
𝑦𝑦𝑖𝑖𝑖𝑖,𝑘𝑘 ≤ 𝑥𝑥𝑗𝑗,𝑘𝑘

,   ∀(𝑖𝑖, 𝑗𝑗) ∈ , 𝑘𝑘 ∈  (2d) 

C.  Operating Constraints 
For every recovery operation (𝑘𝑘 ∈ ), the following con-

straints (3a)-(3f) are imposed for every possible change of the 
system state. Equations (3a) and (3b) are the power flow equa-
tions of the linearized DistFlow model [29], where the voltage 
magnitude and branch flow are calculated. The secure operating 
region, expressed by the upper and lower limits of the voltage 
magnitude and power flow, is described in (3c) and (3d). 

⎩�
�⎨
��
⎧ � 𝑝𝑝ℎ𝑖𝑖,𝑘𝑘

ℎ:(ℎ,𝑖𝑖)∈
− � 𝑝𝑝𝑖𝑖𝑖𝑖,𝑘𝑘

𝑗𝑗:(𝑖𝑖,𝑗𝑗)∈
= 𝑝𝑝𝑖𝑖,𝑘𝑘

G − 𝑝𝑝𝑖𝑖,𝑘𝑘
L

� 𝑞𝑞ℎ𝑖𝑖,𝑘𝑘
ℎ:(ℎ,𝑖𝑖)∈

− � 𝑞𝑞𝑖𝑖𝑖𝑖,𝑘𝑘
𝑗𝑗:(𝑖𝑖,𝑗𝑗)∈

= 𝑞𝑞𝑖𝑖,𝑘𝑘
G − 𝑞𝑞𝑖𝑖,𝑘𝑘

L
,   ∀𝑖𝑖 ∈   (3a) 

�
𝑣𝑣𝑖𝑖,𝑘𝑘 − 𝑣𝑣𝑗𝑗,𝑘𝑘 ≥ 2�𝑅𝑅𝑖𝑖𝑖𝑖𝑝𝑝𝑖𝑖𝑖𝑖,𝑘𝑘 + 𝑋𝑋𝑖𝑖𝑖𝑖𝑞𝑞𝑖𝑖𝑖𝑖,𝑘𝑘� − 𝑉𝑉max

2 �1 − 𝑦𝑦𝑖𝑖𝑖𝑖,𝑘𝑘�
𝑣𝑣𝑖𝑖,𝑘𝑘 − 𝑣𝑣𝑗𝑗,𝑘𝑘 ≤ 2�𝑅𝑅𝑖𝑖𝑖𝑖𝑝𝑝𝑖𝑖𝑖𝑖,𝑘𝑘 + 𝑋𝑋𝑖𝑖𝑖𝑖𝑞𝑞𝑖𝑖𝑖𝑖,𝑘𝑘� + 𝑉𝑉max

2 �1 − 𝑦𝑦𝑖𝑖𝑖𝑖,𝑘𝑘�
, 

∀(𝑖𝑖, 𝑗𝑗) ∈  
(3b) 

𝑉𝑉min
2 𝑥𝑥𝑖𝑖,𝑘𝑘 ≤ 𝑣𝑣𝑖𝑖,𝑘𝑘 ≤ 𝑉𝑉max

2 𝑥𝑥𝑖𝑖,𝑘𝑘,   ∀𝑖𝑖 ∈  (3c) 

𝑝𝑝𝑖𝑖𝑖𝑖,𝑘𝑘
2 + 𝑞𝑞𝑖𝑖𝑖𝑖,𝑘𝑘

2 ≤ 𝐹𝐹𝑖𝑖𝑖𝑖,max
2 𝑦𝑦𝑖𝑖𝑖𝑖,𝑘𝑘,     ∀(𝑖𝑖, 𝑗𝑗) ∈  (3d) 

Since the proposed RCD model focuses on assigning repair 
tasks to available crews, the DGs and loads are modeled simply 
as constant power injections. In (3e), the DGs’ active and reac-
tive power outputs are restricted within their operating limits. 
Electric loads are modeled in (3f) by their on/off switching state, 
and further requirements are imposed so that a load can be 
picked up only after energizing the node where it is connected, 
and a load should keep energized once it has been restored. 

�
𝑃𝑃𝑖𝑖,min

G 𝑥𝑥𝑖𝑖,𝑘𝑘 ≤ 𝑝𝑝𝑖𝑖,𝑘𝑘
G ≤ 𝑃𝑃𝑖𝑖,max

G 𝑥𝑥𝑖𝑖,𝑘𝑘

�𝑝𝑝𝑖𝑖,𝑘𝑘
G �2 + �𝑞𝑞𝑖𝑖,𝑘𝑘

G �2 ≤ �𝑆𝑆𝑖𝑖
G�2𝑥𝑥𝑖𝑖,𝑘𝑘

,     ∀𝑖𝑖 ∈  (3e) 

�
𝑝𝑝𝑖𝑖,𝑘𝑘

L = 𝑃𝑃𝑖𝑖
L𝑥𝑥𝑖𝑖,𝑘𝑘

L ,    𝑞𝑞𝑖𝑖,𝑘𝑘
L = 𝑄𝑄𝑖𝑖

L𝑥𝑥𝑖𝑖,𝑘𝑘
L

𝑥𝑥𝑖𝑖,𝑘𝑘
L ≤ 𝑥𝑥𝑖𝑖,𝑘𝑘, 𝑥𝑥𝑖𝑖,𝑘𝑘−1

L ≤ 𝑥𝑥𝑖𝑖,𝑘𝑘
L ,   ∀𝑖𝑖 ∈  (3f) 
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D.  Modeling of Stochastic Repair Time  
Due to the inherent stochasticity of the fault clearance pro-

cess, it is essential to account for the variable nature of repair 
time rather than treating it as a constant parameter. This paper 
proposes a dynamic evaluation of the stochastic repair time, uti-
lizing two different approximations to capture the evolving 
availability of fault information to system operators.  

After a major disruption occurs, the locations of faults can 
be determined shortly after the interruption, thanks to well-es-
tablished fault diagnosis algorithms in ADNs. Additionally, 
transient voltage and current analysis enables an early classifi-
cation of open-circuit and short-circuit faults. This valuable 
fault information is swiftly available and shared with the dis-
patch center following the emergency event. On this basis, a 
rough approximation can be developed to provide initial esti-
mation of the stochastic repair time before dispatching repair 
crews. 

Once the repair crews physically reach the fault area, they 
gain direct visibility of the ongoing failure and can assess the 
repair time more accurately based on the observed details, such 
as a broken conductor, fallen utility pole, or damaged insulator. 
In such case, the rough approximation is updated and replaced 
with a more accurate approximation. This refined estimation is 
carried out by the repair crews upon their arrival at the fault 
location, leveraging their expertise and the firsthand infor-
mation gathered. 

These two approximation techniques are detailed as: 
1) Rough approximation: A statistics-based approach is em-

ployed to estimate the repair time required by repair crew c to 
clear the fault on faulted branch (𝑚𝑚, 𝑛𝑛). Mathematically, the 
stochastic repair time is described by a mean 𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚

avg  and a var-
iance 𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚

var . These values can be derived from historical 
performance data of the repair crews. 

2) More accurate approximation: The truncated normal dis-
tribution [30] is utilized to describe the stochastic repair time in 
an informative manner. In addition to a mean 𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚

avg  and a 
variance 𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚

var , two estimations, one pessimistic and one op-
timistic, are integrated to describe the lower and upper bounds 
(𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚

−  and 𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚
+ ) of the stochastic repair time. 

On this basis, the stochastic repair time can be formulated as 
chance constraints with a desirable probability level 𝜀𝜀, i.e., 

𝐹𝐹�𝑡𝑡𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘� ≥ 𝜀𝜀,   ∀𝑐𝑐 ∈ , (𝑚𝑚, 𝑛𝑛) ∈ F, 𝑘𝑘 ∈  (4a) 
where 𝐹𝐹(∙) is the Cumulative Distribution Function (CDF). 

The repair time 𝑡𝑡𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘 is dynamically updated, according to 
the following procedure: 

1) Before dispatching repair crews, the repair time 𝑡𝑡𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘 is 
determined by the rough approximation, i.e., 

𝑡𝑡𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘 ≥ 𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚
avg + �

𝜀𝜀
1 − 𝜀𝜀𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚

var  (4b) 

Equation (4b) is a deterministic surrogate of the chance con-
straint (4a), approximated by the Cantelli-Chebyshev inequality 
[31], which is guaranteed to hold for any distribution with the 
mean and variance provided as foreknowledge. The key ad-
vantage of surrogate (4b) is that it does not require a specific 
distribution, which is hard to obtain due to the long-tail feature 

of repair time [32]. 
 

 
Fig. 3 The PDF of the stochastic repair time 𝑡𝑡𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘. 
 

2) After a repair crew has arrived at the fault area and esti-
mated the repair time, chance constraint (4a) can be convexified 
based on the more accurate approximation. Fig. 3 depicts the 
Probability Density Function (PDF) of the stochastic repair 
time 𝑡𝑡𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘 , which follows a truncated normal distribution 
within the interval �𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚

− , 𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚
+ �. According to [30], the 

inverse CDF of 𝑡𝑡𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘 can be expressed as 

𝐹𝐹𝑐𝑐,𝑚𝑚𝑚𝑚
−1 (𝜀𝜀) = 𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚

avg + Φ−1(𝜅𝜅𝜅𝜅 + Φ(𝛼𝛼1))�𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚
var  (4c) 

where Φ(∙) and Φ−1(∙) are the CDF and inverse CDF of the 
standard normal distribution, respectively; 𝜅𝜅, 𝛼𝛼1, and 𝛼𝛼2 are in-
troduced parameters with the following expressions. 

⎩
��
⎨
��
⎧𝜅𝜅 = Φ(𝛼𝛼2) − Φ(𝛼𝛼1)

𝛼𝛼1 = �𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚
− − 𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚

avg � �𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚
var�

𝛼𝛼2 = �𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚
+ − 𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚

avg � �𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚
var�

 (4d) 

Therefore, the following linear constraint on the stochastic 
repair time 𝑡𝑡𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘 can be derived by inverting both sides of (4a). 

𝑡𝑡𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘 ≥ 𝐹𝐹𝑐𝑐,𝑚𝑚𝑚𝑚
−1 (𝜀𝜀)

= 𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚
avg + Φ−1(𝜅𝜅𝜅𝜅 + Φ(𝛼𝛼1))�𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚

var
 (4e) 

E.  Modeling of Restoration Time 
Given the repair time 𝑡𝑡𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘 above, the restoration time of 

faulted branch (𝑚𝑚, 𝑛𝑛) can be obtained by the three terms in (5a): 
1) the repair time required to fix branch (𝑚𝑚, 𝑛𝑛); 2) the past time 
before repairing branch (𝑚𝑚, 𝑛𝑛), including the restoration time 
of the previously restored branch and the transportation time, if 
branch (𝑚𝑚, 𝑛𝑛) is not first restored; 3) the transportation time 
from the repair station/depot, if branch (𝑚𝑚, 𝑛𝑛) is restored first. 

𝑡𝑡𝑚𝑚𝑚𝑚 ≥ 𝑡𝑡𝑚𝑚𝑚𝑚
re + 𝑡𝑡𝑚𝑚𝑚𝑚

pr + 𝑡𝑡𝑚𝑚𝑚𝑚
tr ,   ∀(𝑚𝑚, 𝑛𝑛) ∈  (5a) 

⎩
�
�
⎨
�
�
⎧𝑡𝑡𝑚𝑚𝑚𝑚

re = � � 𝑧𝑧𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘𝑡𝑡𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘
𝑐𝑐∈𝑘𝑘∈

𝑡𝑡𝑚𝑚𝑚𝑚
pr = � 𝑤𝑤𝑖𝑖𝑖𝑖,𝑚𝑚𝑚𝑚�𝑡𝑡𝑖𝑖𝑖𝑖 + 𝑇𝑇𝑖𝑖𝑖𝑖,𝑚𝑚𝑚𝑚

tr �
(𝑖𝑖,𝑗𝑗)∈F

𝑡𝑡𝑚𝑚𝑚𝑚
tr = 𝑤𝑤0,𝑚𝑚𝑚𝑚𝑇𝑇0,𝑚𝑚𝑚𝑚

tr

,   ∀(𝑚𝑚, 𝑛𝑛) ∈  (5b) 

Similar to (1d), the repair time 𝑡𝑡𝑚𝑚𝑚𝑚
re  is obtained by summing 

the products of 𝑧𝑧𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘 and 𝑡𝑡𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘, shown as the first equation 
of (5b). In the second equation, 𝑤𝑤𝑖𝑖𝑖𝑖,𝑚𝑚𝑚𝑚 takes 1 only if the res-
toration of branch (𝑚𝑚, 𝑛𝑛)  follows branch (𝑖𝑖, 𝑗𝑗)  by the same 
repair crew, and the previous past time 𝑡𝑡𝑚𝑚𝑚𝑚

pr  is expressed as the 
sum of the restoration time of the preciously restored branch 
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(𝑖𝑖, 𝑗𝑗) and the transportation time from branch (𝑖𝑖, 𝑗𝑗) to branch 
(𝑚𝑚, 𝑛𝑛). Lastly, whether branch (𝑚𝑚, 𝑛𝑛) is first restored is indi-
cated by the value of 𝑤𝑤0,𝑚𝑚𝑚𝑚 . The following constraints are 
imposed on 𝑤𝑤𝑖𝑖𝑖𝑖,𝑚𝑚𝑚𝑚 and 𝑤𝑤0,𝑚𝑚𝑚𝑚. 

⎩
��
�
⎨
��
�
⎧ � 𝑤𝑤𝑖𝑖𝑖𝑖,𝑚𝑚𝑚𝑚

(𝑖𝑖,𝑗𝑗)∈F

= � � 𝑧𝑧𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘
𝑐𝑐∈𝑘𝑘∈

− 𝑤𝑤0,𝑚𝑚𝑚𝑚

� 𝑤𝑤𝑚𝑚𝑚𝑚,𝑖𝑖𝑖𝑖
(𝑖𝑖,𝑗𝑗)∈F

≤ � � 𝑧𝑧𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘
𝑐𝑐∈𝑘𝑘∈

𝑤𝑤𝑚𝑚𝑚𝑚,𝑚𝑚𝑚𝑚 = 0

, ∀(𝑚𝑚, 𝑛𝑛) ∈ F 

 (5c) 

𝑤𝑤𝑖𝑖𝑖𝑖,𝑚𝑚𝑚𝑚 ≤ � � �𝑧𝑧𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘 � 𝑧𝑧𝑐𝑐,𝑖𝑖𝑖𝑖,𝑙𝑙

𝑘𝑘−1

𝑙𝑙=1
�

𝑐𝑐∈𝑘𝑘∈
, ∀(𝑖𝑖, 𝑗𝑗), (𝑚𝑚, 𝑛𝑛) ∈ F 

 (5d) 

� 𝑤𝑤0,𝑚𝑚𝑚𝑚
(𝑚𝑚,𝑛𝑛)∈F

≤ || (5e) 

Equation (5c) requires that every faulted branch has one pre-
decessor and one successor in the restoration sequence, except 
the first and last one to be restored. The value of 𝑤𝑤𝑖𝑖𝑖𝑖,𝑚𝑚𝑚𝑚 is next 
restricted by (5d), where it takes 1 only if the restoration of 
branch (𝑚𝑚, 𝑛𝑛) follows branch (𝑖𝑖, 𝑗𝑗) by the same repair crew. 
Lastly, the number of first restored branches should be less than 
that of repair crews, shown as (5e). 

It is worth noting that the product of a binary variable and an 
arbitrary variable can be linearized using the big-M method [33]. 
Hence, equations (1d), (5b), and (5d) are intrinsically linear. 
The linearization process is detailed as follows. 

For (1d), an auxiliary variable 𝑎𝑎𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘
1 = 𝑧𝑧𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘𝑡𝑡𝑚𝑚𝑚𝑚 is in-

troduced. Then 𝑎𝑎𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘
1  is restricted by (6a), where the first and 

second constraints require 𝑎𝑎𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘
1 = 𝑡𝑡𝑚𝑚𝑚𝑚  when 𝑧𝑧𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘 = 1 , 

and the third enforces 𝑎𝑎𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘
1 = 0 when 𝑧𝑧𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘 = 0. 

⎩�
⎨
�⎧

𝑎𝑎𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘
1 ≥ 𝑡𝑡𝑚𝑚𝑚𝑚 − 𝑇𝑇end�1 − 𝑧𝑧𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘�

𝑎𝑎𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘
1 ≤ 𝑡𝑡𝑚𝑚𝑚𝑚 + 𝑇𝑇end�1 − 𝑧𝑧𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘�

−𝑇𝑇end𝑧𝑧𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘 ≤ 𝑎𝑎𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘
1 ≤ 𝑇𝑇end𝑧𝑧𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘

 (6a) 

Hence, equation (1d) is linearized as 
𝑡𝑡𝑘𝑘F = � � 𝑎𝑎𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘

1

𝑐𝑐∈(𝑚𝑚,𝑛𝑛)∈F

,   ∀𝑘𝑘 ∈  (6b) 

Similarly, equation (5b) is replaced by (7a)-(7c), using vari-
ables 𝑎𝑎𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘

2 = 𝑧𝑧𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘𝑡𝑡𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘 and 𝑎𝑎𝑖𝑖𝑖𝑖,𝑚𝑚𝑚𝑚
3 = 𝑤𝑤𝑖𝑖𝑖𝑖,𝑚𝑚𝑚𝑚𝑡𝑡𝑖𝑖𝑖𝑖. 

⎩
�
�
⎨
�
�
⎧𝑡𝑡𝑚𝑚𝑚𝑚

re = � � 𝑎𝑎𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘
2

𝑐𝑐∈𝑘𝑘∈

𝑡𝑡𝑚𝑚𝑚𝑚
pr = � �𝑎𝑎𝑖𝑖𝑖𝑖,𝑚𝑚𝑚𝑚

3 + 𝑤𝑤𝑖𝑖𝑖𝑖,𝑚𝑚𝑚𝑚𝑇𝑇𝑖𝑖𝑖𝑖,𝑚𝑚𝑚𝑚
tr �

(𝑖𝑖,𝑗𝑗)∈F

𝑡𝑡𝑚𝑚𝑚𝑚
tr = 𝑤𝑤0,𝑚𝑚𝑚𝑚𝑇𝑇0,𝑚𝑚𝑚𝑚

tr

,  ∀(𝑚𝑚, 𝑛𝑛) ∈  (7a) 

⎩�
⎨
�⎧

𝑎𝑎𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘
2 ≥ 𝑡𝑡𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘 − 𝑇𝑇end�1 − 𝑧𝑧𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘�

𝑎𝑎𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘
2 ≤ 𝑡𝑡𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘 + 𝑇𝑇end�1 − 𝑧𝑧𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘�

−𝑇𝑇end𝑧𝑧𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘 ≤ 𝑎𝑎𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘
2 ≤ 𝑇𝑇end𝑧𝑧𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘

 (7b) 

⎩�
⎨
�⎧

𝑎𝑎𝑖𝑖𝑖𝑖,𝑚𝑚𝑚𝑚
3 ≥ 𝑡𝑡𝑖𝑖𝑖𝑖 − 𝑇𝑇end�1 − 𝑤𝑤𝑖𝑖𝑖𝑖,𝑚𝑚𝑚𝑚�

𝑎𝑎𝑖𝑖𝑖𝑖,𝑚𝑚𝑚𝑚
3 ≤ 𝑡𝑡𝑖𝑖𝑖𝑖 + 𝑇𝑇end�1 − 𝑤𝑤𝑖𝑖𝑖𝑖,𝑚𝑚𝑚𝑚�
−𝑇𝑇end𝑤𝑤𝑖𝑖𝑖𝑖,𝑚𝑚𝑚𝑚 ≤ 𝑎𝑎𝑖𝑖𝑖𝑖,𝑚𝑚𝑚𝑚

3 ≤ 𝑇𝑇end𝑤𝑤𝑖𝑖𝑖𝑖,𝑚𝑚𝑚𝑚

 (7c) 

Lastly, equation (5d) is linearized as (8a) and (8b), where the 
“big M” is set as 1, also the upper bound of the introduced var-
iable 𝑎𝑎𝑐𝑐,𝑖𝑖𝑖𝑖,𝑚𝑚𝑛𝑛,𝑘𝑘

4 = 𝑧𝑧𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘 ∑ 𝑧𝑧𝑐𝑐,𝑖𝑖𝑖𝑖,𝑙𝑙
𝑘𝑘−1
𝑙𝑙=1 . 

𝑤𝑤𝑖𝑖𝑖𝑖,𝑚𝑚𝑚𝑚 ≤ � � 𝑎𝑎𝑐𝑐,𝑖𝑖𝑖𝑖,𝑚𝑚𝑚𝑚,𝑘𝑘
4

𝑐𝑐∈𝑘𝑘∈
,   ∀(𝑖𝑖, 𝑗𝑗), (𝑚𝑚, 𝑛𝑛) ∈ F (8a) 

⎩
��
�
⎨
��
�
⎧

𝑎𝑎𝑐𝑐,𝑖𝑖𝑖𝑖,𝑚𝑚𝑚𝑚,𝑘𝑘
4 ≥ � 𝑧𝑧𝑐𝑐,𝑖𝑖𝑖𝑖,𝑙𝑙

𝑘𝑘−1

𝑙𝑙=1
− �1 − 𝑧𝑧𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘�

𝑎𝑎𝑐𝑐,𝑖𝑖𝑖𝑖,𝑚𝑚𝑚𝑚,𝑘𝑘
4 ≤ � 𝑧𝑧𝑐𝑐,𝑖𝑖𝑖𝑖,𝑙𝑙

𝑘𝑘−1

𝑙𝑙=1
+ �1 − 𝑧𝑧𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘�

−𝑧𝑧𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘 ≤ 𝑎𝑎𝑐𝑐,𝑖𝑖𝑖𝑖,𝑚𝑚𝑚𝑚,𝑘𝑘
4 ≤ 𝑧𝑧𝑐𝑐,𝑚𝑚𝑚𝑚,𝑘𝑘

 (8b) 

F.  Objective Function 
The proposed RCD model aims to maximize the capacity of 

energized loads by the optimal repair crew dispatch, i.e., 
max � � 𝜆𝜆𝑖𝑖�𝑝𝑝𝑖𝑖,𝑘𝑘

L − 𝑝𝑝𝑖𝑖,𝑘𝑘−1
L �(𝑇𝑇end − 𝑡𝑡𝑘𝑘F)

𝑖𝑖∈𝑘𝑘∈
 (9) 

In (9), �𝑝𝑝𝑖𝑖,𝑘𝑘
L − 𝑝𝑝𝑖𝑖,𝑘𝑘−1

L � and (𝑇𝑇end − 𝑡𝑡𝑘𝑘F) are the restored load 
power in the 𝑘𝑘th recovery operation and its duration. 

IV.  DECISION-MAKING OF SEQUENTIAL COLD LOAD PICKUP 

 
Fig. 4 A real-world cold load pickup example in [16] and its exponential fitting. 
 

The proposed SCLP model aims to demonstrate whether a 
cold load pickup operation complies with the security con-
straints for frequency dynamics and steady-state operations 
(power flow-based security). These constraints are coordinated 
by considering the transition of cold load pickup demands be-
tween the transient and steady-state plateaus, as illustrated in 
Fig. 4. It should be noted that the proposed SCLP model focuses 
on determining a secure cold load pickup sequence, while 
power management schemes such as economic operating and 
scheduling can be further considered in subsequent steps [34]. 

Required variables in the SCLP model involve switching op-
erations (𝑥𝑥𝑖𝑖, 𝑦𝑦𝑖𝑖𝑖𝑖, 𝑥𝑥𝑖𝑖

L) and the steady-state power flow (𝑝𝑝𝑖𝑖𝑖𝑖, 𝑞𝑞𝑖𝑖𝑖𝑖, 
𝑝𝑝𝑖𝑖

G, 𝑞𝑞𝑖𝑖
G, 𝑝𝑝𝑖𝑖

L, 𝑞𝑞𝑖𝑖
L, 𝑣𝑣𝑖𝑖), which have the same meaning as those in 

the RCD model with the subscript 𝑘𝑘  discarded. System fre-
quency dynamics can be derived based on these variables. 

A.  Modeling of Cold Load Pickup 
As shown in the CLPU report [16], the CLPU demand ob-

tained by realistic tests can be generally described by Fig. 4. As 
shown, the CLPU demand reaches the peak value quickly after 
energization, due to transient inrush current. The typical dura-
tion of the peak transient plateau is 0.2-0.4 s [16]. Shortly after 
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this, the CLPU demand approaches the steady state and de-
creases gradually afterward. During the steady state, the loss of 
load diversity mainly causes the higher-than-normal load de-
mand. The power of the steady-state plateau is typically 40% to 
60% of the transient plateau, depending on load types, weather 
conditions, and outage duration. The CLPU effect vanishes as 
the demand reaches the pre-outage value. 

The dashed line in blue color in Fig. 4 provides an exponen-
tial fitting of the actual curve, which is adequately accurate for 
modeling the CLPU power. However, the accuracy is based on 
fitting the curve after actual measurement data is already avail-
able [19]. This data highly depends on the specific condition 
before CLPU, and the fitted curve based on historical data 
might lead to inaccuracy [19]. Nevertheless, evaluating the 
magnitude of the peak demand (transient plateau) is generally 
considered accurate, as indicated by a realistic prediction exam-
ple in [16] and the quantitative analysis in [19]. 

This paper proposes a novel CLPU model based on the tran-
sition between the transient and steady-state plateaus. The ratio 
of the two plateaus is denoted as 𝜌𝜌. The CLPU model proposed 
in (10a) uses the peak demand in the transient stage (𝑡𝑡 < 𝑇𝑇1) 
and the steady-state demand of the second plateau (𝑡𝑡 ≥ 𝑇𝑇1). The 
two demands are necessary to formulate the transient perfor-
mance (frequency dynamics) and steady-state security (power 
flow). 
𝑝𝑝𝑖𝑖

L = �𝑢𝑢(𝑡𝑡) − 𝑢𝑢(𝑡𝑡 − 𝑇𝑇1)�𝑃𝑃𝑖𝑖
T + 𝑢𝑢(𝑡𝑡 − 𝑇𝑇1)𝑃𝑃𝑖𝑖

S = 𝑝𝑝𝑖𝑖
T + 𝑝𝑝𝑖𝑖

S (10a) 
where 𝑝𝑝𝑖𝑖

L is the CLPU demand at node 𝑖𝑖, comprising a transient 
power 𝑝𝑝𝑖𝑖

T and a steady-state power 𝑝𝑝𝑖𝑖
S; 𝑢𝑢(𝑡𝑡) is the step function. 

The CLPU demand at the system level is then formulated as 
Δ𝑃𝑃 L = ��𝑥𝑥𝑖𝑖

L − 𝑥𝑥𝑖𝑖,0
L �𝑝𝑝𝑖𝑖

L

𝑖𝑖∈

= ��𝑥𝑥𝑖𝑖
L − 𝑥𝑥𝑖𝑖,0

L � �𝑢𝑢(𝑡𝑡)𝑃𝑃𝑖𝑖
T + 𝑢𝑢(𝑡𝑡 − 𝑇𝑇1)�𝑃𝑃𝑖𝑖

S − 𝑃𝑃𝑖𝑖
T��

𝑖𝑖∈

= 𝑢𝑢(𝑡𝑡)Δ𝑃𝑃 T + 𝑢𝑢(𝑡𝑡 − 𝑇𝑇1)(Δ𝑃𝑃S − Δ𝑃𝑃 T)

 (10b) 

where Δ𝑃𝑃 T and Δ𝑃𝑃 S are the transient and steady-state CLPU 
demand at the system level, respectively. 

B.  Frequency-Constrained Cold Load Pickup 
The high penetration of inverter-interfaced DGs results in 

low-inertia ADNs, as the fast-acting power inverters electri-
cally decouple the rotational kinetic energy stored in the rotor 
of turbine-interfaced generators from the system, if any. Main-
taining frequency stability is crucial in low-inertia systems, as 
the fast-changing frequency dynamics may undesirably trigger 
protection to shed loads and generators. 

The SCLP model focuses on system-level security, so the 
swing equation of Center-of-Inertia (CoI) [35] is used to model 
the frequency dynamics, as shown in (11). It should be noted 
that the inertia constant 𝑀𝑀  and damping constant 𝐷𝐷  in (11) 
should be obtained considering the energized part of the ADN. 

𝑀𝑀
𝑑𝑑Δ𝑓𝑓
𝑑𝑑𝑑𝑑

+ 𝐷𝐷Δ𝑓𝑓 = Δ𝑃𝑃 G − Δ𝑃𝑃 L (11) 

Δ𝑃𝑃 G and Δ𝑃𝑃 L are the generation power increase and restored 
load power, respectively. 

    1)  Rate of Change of Frequency 
The RoCoF is derived by solving (11) at the very instant of 

load pickup, when the frequency deviation Δ𝑓𝑓  and generation 
power increase Δ𝑃𝑃 G  are considered as 0 . Considering the 
CLPU feature, the RoCoF is constrained by the transient plat-
eau in Fig. 4, i.e., 

|RoCoF| = �
−Δ𝑃𝑃 L

𝑀𝑀
� =

Δ𝑃𝑃 T

𝑀𝑀
≤ RoCoFmax (12) 

    2)  Transient Frequency Nadir 
 

 
Fig. 5 Uniform frequency response model for low-inertia systems [21]. 
 

In the context of ADNs, the active power increase Δ𝑃𝑃 G is a 
result of the governor control of synchronous generators and 
frequency control of inverter-interfaced DGs. The droop and 
Virtual Synchronous Machine (VSM) control schemes are con-
sidered in this paper to formulate Δ𝑃𝑃 G in a general manner. 
The simplified, but sufficiently accurate, uniform frequency re-
sponse model for low-inertia systems [21] is adopted, as shown 
in Fig. 5. For a synchronous generator 𝑔𝑔 ∈ , 𝑅𝑅𝑔𝑔  and 𝐾𝐾𝑔𝑔  are 
the respective droop and mechanical power gain factor, while 
𝑇𝑇𝑔𝑔 and 𝐹𝐹𝑔𝑔 denote the turbine time constant and the fraction of 
total power generated by the turbine, respectively. Inverter-in-
terfaced DGs do not have a complicated gas or water turbine, 
and their power adjustment relies mainly on the responsive 
droop control. For instance, the frequency response of a droop-
controlled DG 𝑑𝑑 ∈   can be expressed by the gain 𝐾𝐾𝑑𝑑 , the 
slope 𝑅𝑅𝑑𝑑, and the time constant 𝑇𝑇𝑑𝑑  of the droop. Furthermore, 
the synthetic inertia 𝑀𝑀𝑣𝑣 and damping 𝐷𝐷𝑣𝑣 of a VSM-based DG 
𝑣𝑣 ∈  are introduced with the time constant 𝑇𝑇𝑣𝑣 . 

By assuming equal time constants for all synchronous ma-
chines ( 𝑇𝑇𝑔𝑔 = 𝑇𝑇 , ∀𝑔𝑔 ∈  ) and neglecting the much smaller 
inverter time constants (𝑇𝑇 ≫ 𝑇𝑇𝑑𝑑 ≈ 𝑇𝑇𝑣𝑣 ≈ 0, ∀𝑑𝑑 ∈ , 𝑣𝑣 ∈  ), 
the frequency deviation can be expressed as in (13a), using the 
auxiliary parameters shown in (13b). 

Δ𝑓𝑓 = −
Δ𝑃𝑃 𝐿𝐿

𝑀𝑀𝑠𝑠𝑇𝑇
1 + 𝑠𝑠𝑠𝑠

𝑠𝑠2 + 2𝜁𝜁𝜔𝜔𝑛𝑛𝑠𝑠 + 𝜔𝜔𝑛𝑛
2  (13a) 
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⎩
��
��
��
⎨
��
��
��
⎧𝑀𝑀𝑠𝑠 = 𝑀𝑀 + � 𝑀𝑀𝑣𝑣

𝑣𝑣∈
, 𝐷𝐷𝑠𝑠 = 𝐷𝐷 + � 𝐷𝐷𝑣𝑣

𝑣𝑣∈

𝜔𝜔𝑛𝑛 =
⎷

��
� 1

𝑀𝑀𝑠𝑠𝑇𝑇
�𝐷𝐷𝑠𝑠 + �

𝐾𝐾𝑔𝑔

𝑅𝑅𝑔𝑔𝑔𝑔∈
+ �

𝐾𝐾𝑑𝑑
𝑅𝑅𝑑𝑑𝑑𝑑∈

�

𝜁𝜁 =
𝑀𝑀𝑠𝑠 + 𝑇𝑇 �𝐷𝐷𝑠𝑠 + ∑

𝐾𝐾𝑔𝑔𝐹𝐹𝑔𝑔
𝑅𝑅𝑔𝑔𝑔𝑔∈ + ∑ 𝐾𝐾𝑑𝑑

𝑅𝑅𝑑𝑑𝑑𝑑∈ �

2�𝑀𝑀𝑠𝑠𝑇𝑇 �𝐷𝐷𝑠𝑠 + ∑
𝐾𝐾𝑔𝑔
𝑅𝑅𝑔𝑔𝑔𝑔∈ + ∑ 𝐾𝐾𝑑𝑑

𝑅𝑅𝑑𝑑𝑑𝑑∈ �

 (13b) 

By inserting (10b) into (13a), the frequency nadir Δ𝑓𝑓ndr is  

Δ𝑓𝑓ndr = −
1

𝑀𝑀𝑠𝑠𝑇𝑇𝜔𝜔𝑛𝑛
2 Δ𝑃𝑃 S +

ℎ(𝑡𝑡𝑛𝑛)
𝑀𝑀𝑠𝑠𝑇𝑇𝜔𝜔𝑛𝑛𝜔𝜔𝑏𝑏

Δ𝑃𝑃 T +

ℎ(𝑡𝑡𝑛𝑛 − 𝑇𝑇1)
𝑀𝑀𝑠𝑠𝑇𝑇𝜔𝜔𝑛𝑛𝜔𝜔𝑏𝑏

(Δ𝑃𝑃 S − Δ𝑃𝑃 T)
 (13c) 

, where 

⎩
��
��
�
⎨
��
��
�
⎧ℎ(𝑡𝑡) = 𝑢𝑢(𝑡𝑡)𝑒𝑒−𝜁𝜁𝜔𝜔𝑛𝑛𝑡𝑡(sin(𝜔𝜔𝑏𝑏𝑡𝑡 + 𝜙𝜙) − 𝜔𝜔𝑛𝑛𝑇𝑇 sin(𝜔𝜔𝑏𝑏𝑡𝑡))

𝜔𝜔𝑏𝑏 = 𝜔𝜔𝑛𝑛�1 − 𝜁𝜁2, 𝜙𝜙 = arctan��(1 − 𝜁𝜁2) 𝜁𝜁⁄ �

𝜑𝜑 =
𝜔𝜔𝑏𝑏 + 𝜒𝜒�(𝜁𝜁𝜔𝜔𝑛𝑛 − 𝑇𝑇 −1)𝛽𝛽1 + 𝜔𝜔𝑏𝑏𝛽𝛽2�

(𝜁𝜁𝜔𝜔𝑛𝑛 − 𝑇𝑇 −1) + 𝜒𝜒�(𝜁𝜁𝜔𝜔𝑛𝑛 − 𝑇𝑇 −1)𝛽𝛽2 − 𝜔𝜔𝑏𝑏𝛽𝛽1�

𝑡𝑡𝑛𝑛 =
1
𝜔𝜔𝑏𝑏

arctan(𝜑𝜑) , 𝜒𝜒 = (𝜌𝜌 − 1)𝑒𝑒𝜁𝜁𝜔𝜔𝑛𝑛𝑇𝑇1

𝛽𝛽1 = sin(𝜔𝜔𝑏𝑏𝑇𝑇1) , 𝛽𝛽2 = cos(𝜔𝜔𝑏𝑏𝑇𝑇1)

 (13d) 

It is worth noting that Δ𝑓𝑓ndr in (13c) is a linear expression 
of Δ𝑃𝑃 T and Δ𝑃𝑃 S, which are also linear expressions of the load 
energization variables 𝑥𝑥𝑖𝑖

L. Thus, the following frequency nadir 
constraint is linear. 

|Δ𝑓𝑓ndr| ≤ Δ𝑓𝑓max
ndr  (13e) 

    3)  Quasi-Steady-State Frequency 
The constraint for assuring the steady-state frequency secu-

rity can be obtained from (11) by assuming that 𝑑𝑑Δ𝑓𝑓 𝑑𝑑𝑑𝑑⁄  is 0 
after the transient state is over. In this stage, only the steady-
state CLPU demand Δ𝑃𝑃 S  is considered, and the steady-state 
generation power increase Δ𝑃𝑃 G is determined based on the Fi-
nal Value Theorem (FVM), detailed as 

Δ𝑃𝑃 G = �−�
𝑅𝑅𝑔𝑔

𝐾𝐾𝑔𝑔𝑔𝑔∈
− �

𝑅𝑅𝑑𝑑
𝐾𝐾𝑑𝑑𝑑𝑑∈

− � 𝐷𝐷𝑣𝑣
𝑣𝑣∈

�Δ𝑓𝑓ss (14a) 

By combining (14a) and (11), the steady-state frequency de-
viation Δ𝑓𝑓ss can be expressed as 

|Δ𝑓𝑓ss| =
Δ𝑃𝑃 S

𝐷𝐷𝑠𝑠 + ∑
𝑅𝑅𝑔𝑔
𝐾𝐾𝑔𝑔𝑔𝑔∈ + ∑ 𝑅𝑅𝑑𝑑

𝐾𝐾𝑑𝑑𝑑𝑑∈

≤ Δ𝑓𝑓max
ss  (14b) 

C.  Steady-State Power Flow 
The operating constraints (3a)-(3e) are again used to formu-

late steady-state security. The only difference is that the 
subscript 𝑘𝑘 is discarded, and load demand 𝑝𝑝𝑖𝑖

L  is expressed as 
steady-state CLPU demand 𝑝𝑝𝑖𝑖

S𝑥𝑥𝑖𝑖
L . For simplicity, these con-

straints are not duplicated here. 

D.  Switching Operations 
The SCLP model determines the switching operations for the 

outage nodes, branches, and loads. Similar to (2a)-(2d), the fol-
lowing constraints are developed: 

⎩
��
��
⎨
��
��
⎧𝑦𝑦𝑖𝑖𝑖𝑖 = 1, ∀(𝑖𝑖, 𝑗𝑗) ∈ N

𝑦𝑦𝑖𝑖𝑖𝑖 = 0, ∀(𝑖𝑖, 𝑗𝑗) ∈ F

𝑦𝑦𝑖𝑖𝑖𝑖 ≤ � 𝑦𝑦𝑎𝑎𝑎𝑎
(𝑎𝑎,𝑏𝑏)∈𝐸𝐸𝑖𝑖𝑖𝑖

,   ∀(𝑖𝑖, 𝑗𝑗) ∈ O

𝑦𝑦𝑖𝑖𝑖𝑖 ≤ 𝑥𝑥𝑖𝑖, 𝑦𝑦𝑖𝑖𝑖𝑖 ≤ 𝑥𝑥𝑗𝑗, ∀(𝑖𝑖, 𝑗𝑗) ∈ 
𝑥𝑥𝑖𝑖

L ≤ 𝑥𝑥𝑖𝑖, ∀𝑖𝑖 ∈ 

 (15a) 

It should be noted that the set N, F, and O are updated 
dynamically with the implementation of the RCD model. 

Based on different outage conditions, a final topology (𝑥𝑥𝑖𝑖,∞, 
𝑦𝑦𝑖𝑖𝑖𝑖,∞, and 𝑥𝑥𝑖𝑖,∞

L ) of the restored ADN should be provided prior 
to executing the restoration plan. Specifically, 𝑥𝑥𝑖𝑖,∞, 𝑦𝑦𝑖𝑖𝑖𝑖,∞, and 
𝑥𝑥𝑖𝑖,∞

L  are all considered as 1, if the primary transformer func-
tions normally, despite faults happening within the ADN. 
Otherwise, the ADN can form Microgrids (MG) [36] and the 
values of 𝑥𝑥𝑖𝑖,∞, 𝑦𝑦𝑖𝑖𝑖𝑖,∞, and 𝑥𝑥𝑖𝑖,∞

L  need to be set accordingly. On 
this basis, the energization statuses are further constrained by: 

⎩�
⎨
�⎧

𝑦𝑦𝑖𝑖𝑖𝑖 ≤ 𝑦𝑦𝑖𝑖𝑖𝑖,∞,   ∀(𝑖𝑖, 𝑗𝑗) ∈ 
𝑥𝑥𝑖𝑖 ≤ 𝑥𝑥𝑖𝑖,∞, ∀𝑖𝑖 ∈ 
𝑥𝑥𝑖𝑖

L ≤ 𝑥𝑥𝑖𝑖,∞
L , ∀𝑖𝑖 ∈ 

 (15b) 

E.  Objective Function 
The SCLP model aims to restore the most loads per step, i.e., 

max � 𝑃𝑃𝑖𝑖
L�𝑥𝑥𝑖𝑖

L − 𝑥𝑥𝑖𝑖,0
L �

𝑖𝑖∈
 (16) 

Mathematically, the proposed RCD and SCLP models are 
formulated as a Second-Order Cone Program (SOCP) that can 
be solved efficiently by off-the-shelf commercial solvers. 

The proposed dynamic ADN restoration strategy is applica-
ble regardless of whether the primary transformer is 
disconnected or remains connected. When the primary trans-
former is in operation, it can be considered as a synchronous 
machine with high inertia and bulk capacity, thus dominating 
the frequency response. In this case, the frequency response 
model of the primary transformer is included as the dominant 
part of the “Turbine & Governor Control” in Fig. 5, and the 
mathematical formulation of frequency dynamics (12)-(14b) is 
updated accordingly to reflect this configuration.  

However, it is important to note that the focus of this paper 
is primarily on the scenario where the primary transformer is 
disconnected. In this case, the ADN relies on the available DGs 
for frequency regulation. The proposed restoration strategy spe-
cifically addresses the challenges related to picking up cold 
loads in low-inertia ADNs where the primary transformer is lost. 
Thus, the proposed strategy contributes mainly to sequential 
restoration of cold loads in low-inertia ADNs. 

V.  SOLUTION METHODOLOGY 
The proposed dynamic ADN restoration strategy is detailed 

in Fig. 6 with the following steps: 
[s1] Acquire initial conditions of the ADN, including network 
parameters, fault locations, and frequency control parameters. 
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[s2] Set the current step for repair crew dispatch 𝑠𝑠rcd = 0. 
[s3] Before sending out repair crews, obtain the rough approx-
imation of each faulted branch’s repair time required by every 
repair crew (𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚

avg  and 𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚
var ). 

[s4] Obtain the real-time transportation information (𝑇𝑇𝑖𝑖𝑖𝑖,𝑚𝑚𝑚𝑚
tr  

and 𝑇𝑇0,𝑚𝑚𝑚𝑚
tr ) for the current crew dispatch step 𝑠𝑠rcd. 

[s5] For the initial step 𝑠𝑠rcd = 0, solve the RCD model with 
the rough approximation of repair time, then go to [s8]; for the 
following steps 𝑠𝑠rcd ≥ 1, go to [s6]. 
[s6] Check if any repair crews arrived at the fault area; if yes, 
obtain the more accurate approximation of repair time for those 
repair crews (𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚

avg , 𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚
var , 𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚

−  and 𝑇𝑇𝑇𝑇𝑐𝑐,𝑚𝑚𝑚𝑚
+ ). 

[s7] Solve the RCD model with the updated and more accurate 
approximation of repair time. 
[s8] Send out the available repair crews to their designated 
faulted areas based on the solution result. 
[s9] Check if a faulted branch has been restored; if yes, update 
the fault branch set F and send out the trigger signal, then set 
𝑠𝑠rcd = 𝑠𝑠rcd + 1 and go back to [s4] when there are still faults 
(|F| ≥ 1); otherwise, wait for a while and repeat [s9]. 
 

 
Fig. 6 Solution flowchart of the proposed dynamic ADN restoration strategy. 

 
The following steps will be executed after the SCLP model 

receives the trigger signal for the first time: 
[s10] Set the current step for load pickup 𝑠𝑠sclp = 0. 
[s11] Check if the trigger signal is received; if yes, update the 
recoverable area of the ADN (F and O). 
[s12] Check if the system frequency is in steady state within 
limits; if not, wait for a while and go back to [s11]. 
[s13] Update the system inertia and damping constants 𝑀𝑀  and 
𝐷𝐷 based on the energized area of the ADN. 

[s14] Solve the SCLP model based on the updated sets and pa-
rameters in [s11] and [s13]. 
[s15] Switch on the designated nodes, branches, and loads based 
on the solution result. 
[s16] Update system conditions (O and N) after executing the 
load pickup in [s15]. 
[s17] If there are remaining loads to be picked up, set 𝑠𝑠sclp =
𝑠𝑠sclp + 1 and go back to [s11]. 

VI.  NUMERICAL RESULTS 
The effectiveness of the proposed dynamic ADN restoration 

strategy is verified in two study cases with different outage con-
ditions:  

A) A modified IEEE 33-node test feeder [37] with the pri-
mary transformer in service. 

B) A modified real-world 136-node test feeder [38] with the 
primary transformer out of service. 

Parameters applied in both cases are specified as follows. 
The minimum and maximum voltage magnitudes are set as 0.9 
and 1.1 p.u., respectively. The weight coefficients of CLs and 
normal loads are set as 1 and 0.1, respectively. The magnitude 
of the transient and steady-state CLPU plateaus is set as 5 and 
2.5 times higher than the pre-outage demand, respectively. The 
duration of the transient plateau is set as 0.3 s. The maximum 
RoCoF, allowed frequency nadir, and maximum steady-state 
frequency deviation are set as 1 Hz/s, 0.7 Hz, and 0.5 Hz, re-
spectively. It is assumed that the system frequency will return 
to the normal state 10 min after each load pickup, which is typ-
ical for the secondary frequency control. While in the actual 
implementation of the proposed model, this time is the instant 
when the system frequency is restored. The optimization prob-
lems are solved by commercial solver Gurobi on a PC with an 
Intel Core i9-12900K processor and 64 GB RAM. 

A.  IEEE 33-Node Test Feeder 

26 27 28 29 30 31 32 33

23 24 25

1

2

3 4 5

6 7

8 9 10 11 12 13 14 15 16 17 18

19 20 21 22

Substation
CLs DGs
Faults  

Fig. 7 The initial condition of the faulted IEEE 33-node test feeder. 
 

The faulted condition of the IEEE 33-node system is shown 
in Fig. 7. There are 6 permanent branch faults, resulting in a 
small area (depicted in blue color) to be supplied by the substa-
tion. The outage area is shown in grey color. The number of 
repair crews is 2, both of which are initially located at one repair 
station. The transportation time between the repair station and 
the faulted branches is listed in TABLE II. The rough and more 
accurate approximation of the stochastic repair time is indicated 
in TABLE III. It is assumed that the rough and more accurate 
approximations share the same mean and variance. 

This case focuses on the collaboration of the RCD and SCLP 
models, so it is assumed that all the DGs operate in the grid-
following mode and do not respond to frequency changes, i.e., 
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==∅. The system inertia and frequency response are pro-
vided only by the rotating generator at the substation at node 1. 
The system inertia 𝑀𝑀 = 10 s at a 10 MW base, and the system 
damping 𝐷𝐷 = 1. The governor and turbine control parameters 
are specified at the same 10 MW base: 𝐾𝐾𝑔𝑔 = 1, 𝑅𝑅𝑔𝑔 = 0.05, 
𝐹𝐹𝑔𝑔 = 0.3, and 𝑇𝑇𝑔𝑔 = 7 s. 
 
TABLE II Transportation time between the repair station and faulted branches 

From 
To 

Repair 
station (4, 5) (9, 10) (14, 15) (19, 20) (26, 27) (29, 30) 

Repair 
station \ 13 12 25 20 8 22 

(4, 5) 13 \ 18 15 22 19 16 
(9, 10) 12 18 \ 23 21 15 24 

(14, 15) 25 15 23 \ 11 9 19 
(19, 20) 20 22 21 11 \ 15 17 
(26, 27) 8 19 15 9 15 \ 21 
(29, 30) 22 16 24 19 17 21 \ 

* All numbers are in min 
 

TABLE III The rough and more accurate approximation of repair time 
Faulted branches (4, 5) (9, 10) (14, 15) (19, 20) (26, 27) (29, 30) 

Rough 
approximation 

Mean Crew 1 21 20 24 18 11 29 
Crew 2 15 23 18 30 28 26 

Var.1 Crew 1 17.64 16.00 23.04 12.96 4.84 33.64 
Crew 2 9.00 21.16 12.96 36.00 31.36 27.04 

More accurate 
approximation 

Opt.2 Crew 1 17 16 19 14 9 23 
Crew 2 12 18 14 24 22 21 

Pes.2 Crew 1 25 24 29 22 13 35 
Crew 2 18 28 22 36 34 31 

1 All numbers are in min except the variance (Var.) which is in min2 
2 Opt. and Pes. indicate the optimistic and pessimistic estimation 
 

Fig. 8 compares the restoration decisions determined by the 
proposed RCD model and a traditional multi-time-step model 
[18] that assumes a fixed interval of 20 min for ease of compar-
ison. Model [18] provides a fault-clearing sequence without 
considering the transportation issue and varying difficulty lev-
els of the fault-clearing process. In practice, strict compliance 
with this sequence may lead to suboptimality, due to the as-
sumption that all faulted branches can be restored in a fixed 
interval. Specifically, model [18] suggests to restore branches 
(4, 5), (29, 30), (9, 10), (14, 15), (19, 20), and (27, 28) in order, 
while considering transportation and repair crews’ ability, the 
optimal restoration sequence provided is (4, 5), (29, 30), (14, 
15), (9, 10), (27, 28), and (19, 20), as proposed by the RCD 
model. 
 

 
Fig. 8 Restoration sequence determined by the proposed RCD model and the 
multi-time-step model [18]. 
 

The full execution of the RCD and SCLP models is detailed 
in TABLE IV. As shown, branch (4, 5) is first restored at the 
28th min, sending simultaneously the trigger signal. Subse-
quentially, the SCLP model is executed repeatedly to pick up 
loads. The cold load pickups during 28-48 min are depicted in 
Fig. 9. Initially, the loads at nodes 1-3 and 23-25 are energized 

by the substation. After faulted branch (4, 5) is restored, there 
are loads at nodes 4-13, 21, 22, and 26 to be picked up. The 
proposed SCLP model determines optimally that the loads at 
nodes 5, 7, 11, and 21 are restored first at the 28th min. After the 
system frequency returns to normal state 10 min later, the loads 
at nodes 4, 6, 12, 22, and 26 are restored at the 38th min. When 
the frequency is normal again (the 48th min), the loads at nodes 
8 and 13 are restored. Note that another trigger signal is sent out 
at the 51st min when branch (29, 30) is restored, the SCLP 
model is solved with updated conditions that the loads at nodes 
30-33 are ready to be energized. The subsequent clod load 
pickups are shown in TABLE IV. 
 

TABLE IV Sequential cold load pickups in the IEEE 33-node test feeder 
Time 

instant 
Load 

pickup 
Pre-outage 

demand (MW) 
Cold load 

demands (MW) 
Frequency 
dynamics 

Branch (4, 5) is restored at the 28th min 

28 min 5, 7, 
11, 21 0.40 Δ𝑃𝑃T = 1.98 

Δ𝑃𝑃S = 0.99 

RoCoF = −0.99 Hz/s 
Δ𝑓𝑓ndr = −0.53 Hz 
Δ𝑓𝑓ss = −0.25 Hz 

38 min 4, 6, 12, 
22, 26 0.39 Δ𝑃𝑃T = 1.95 

Δ𝑃𝑃S = 0.98 

RoCoF = −0.98 Hz/s 
Δ𝑓𝑓ndr = −0.53 Hz 
Δ𝑓𝑓ss = −0.24 Hz 

48 min 8, 13 0.26 Δ𝑃𝑃T = 1.30 
Δ𝑃𝑃S = 0.65 

RoCoF = −0.65 Hz/s 
Δ𝑓𝑓ndr = −0.35 Hz 
Δ𝑓𝑓ss = −0.16 Hz 

Branch (29, 30) is restored at the 51st min 

58 min 31, 32 0.36 Δ𝑃𝑃T = 1.80 
Δ𝑃𝑃S = 0.90 

RoCoF = −0.90 Hz/s 
Δ𝑓𝑓ndr = −0.48 Hz 
Δ𝑓𝑓ss = −0.22 Hz 

Branch (14, 15) is restored at the 65th min 

68 min 14, 16, 
18, 29 0.39 Δ𝑃𝑃T = 1.95 

Δ𝑃𝑃S = 0.98 

RoCoF = −0.98 Hz/s 
Δ𝑓𝑓ndr = −0.52 Hz 
Δ𝑓𝑓ss = −0.24 Hz 

78 min 15, 17, 
30, 33 0.38 Δ𝑃𝑃T = 1.90 

Δ𝑃𝑃S = 0.95 

RoCoF = −0.95 Hz/s 
Δ𝑓𝑓ndr = −0.51 Hz 
Δ𝑓𝑓ss = −0.23 Hz 

Branch (9, 10) is restored at the 94th min 

94 min 9, 10 0.12 Δ𝑃𝑃T = 0.60 
Δ𝑃𝑃S = 0.30 

RoCoF = −0.30 Hz/s 
Δ𝑓𝑓ndr = −0.16 Hz 
Δ𝑓𝑓ss = −0.07 Hz 

Branch (27, 28) is restored at the 109th min 

109 min 27, 28 0.12 Δ𝑃𝑃T = 0.60 
Δ𝑃𝑃S = 0.30 

RoCoF = −0.30 Hz/s 
Δ𝑓𝑓ndr = −0.16 Hz 
Δ𝑓𝑓ss = −0.07 Hz 

Branch (19, 20) is restored at the 120th min 

120 min 19, 20 0.18 Δ𝑃𝑃T = 0.90 
Δ𝑃𝑃S = 0.45 

RoCoF = −0.45 Hz/s 
Δ𝑓𝑓ndr = −0.24 Hz 
Δ𝑓𝑓ss = −0.11 Hz 

 

26 27 28 29 30 31 32 33

23 24 25

1

2

3 4 5

6 7

8 9 10 11 12 13 14 15 16 17 18

19 20 21 22

Cold load pickup sequence: 28 min 38 min 48 min

 
Fig. 9 Cold load pickup after faulted branch (4, 5) is restored (28-48 min). 
 

The frequency dynamics of the first 3 load pickups (28, 38, 
and 48 min) are depicted in Fig. 10, using the MATLAB Sim-
ulink toolbox. The requirements for transient frequency are 
satisfactorily met, i.e., |RoCoF| ≤ 1 Hz/s , 𝑓𝑓ndr ≥ 49.3 Hz , 
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and 𝑓𝑓ss ≥ 49.5 Hz for all cold load pickups. The secondary fre-
quency control is triggered to restore the system frequency to 
50 Hz, which is depicted in the zoom area of Fig. 10. For lim-
ited space, the frequency dynamics after 48 min are not shown, 
as they are similar to the first 3 cold load pickups. 
 

 
Fig. 10 Frequency dynamics of the first 3 clod load pickups (28-48 min). 
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(a) The initial fault conditions 
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(b) The final MG topology provided by MG formation model [36] 

Fig. 11 The modified real-world 136-node test feeder. 
 

TABLE V Repair crew dispatch scheme for the faulted 136-node test feeder 
Restoration 

time instant (min) 
Faulted 

branches 
Repair 
crew 

Restoration 
time instant (min) 

Faulted 
branches 

Repair 
Crew 

26 (87, 89) 2 38 (5, 6) 3 
46 (128, 130) 1 54 (104, 105) 2 
65 (23, 24) 3 78 (107, 108) 1 
83 (52, 53) 2 98 (67, 68) 3 

109 (26, 27) 2 117 (95, 96) 1 
133 (11, 13) 3 149 (134, 135) 2 
154 (34, 35) 1    

 
The initial condition of the 136-node system is shown in Fig. 

11(a). The loss of substation and 13 permanent branch faults 
separate the system into 6 MGs (blue color). The energized 

loads are marked in yellow color. Subject to the loss of the sub-
station, the ADN is partially energized even after all faults are 
cleared, and the final network is shown in Fig. 11(b) using the 
model [36]. 

There are 3 repair crews, and their dispatch scheme is de-
tailed in TABLE V. It is indicated to restore at priority the 
faulted branches adjacent to CLs, e.g., (87, 89), (5, 6), and (128, 
130), while the faulted branches located near the end of the sys-
tem, e.g., (11, 13), (34, 35), and (134, 135), should be restored 
at a later stage.  

This extreme case focuses on the MG interconnection and 
CLPU in low-inertia systems. With the help of Phasor Meas-
urement Units (PMUs) and advanced control algorithms, MG 
interconnection is allowed [39]. If not, the 6 MGs can be treated 
individually, similar to the first case. It is assumed that DGs at 
nodes 15, 22, 46, 83, 121, and 124 are VSM-controlled ( =
[15, 22, 46, 83, 121, 124]) and the other DGs are droop-con-
trolled ( = [43, 49, 66, 92]). 
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Fig. 12 The cold load pickups related to MGs 4, 5, and 6 (26-86 min). 
 

 
Fig. 13 Frequency drops of 3 cold load pickups at the 26th, 36th, and 56th min. 
 

As an example, the cold load pickups during 26-86 min in 
MGs 4, 5, and 6 are shown in Fig. 12. At the 26th min, branch 
(87, 89) is restored and energized, enabling the CLs at node 101 
and normal loads at node 87 to be picked up. When the fre-
quency is restored 10 mins later at the 36th min, the loads at 
node 102 are picked up. Although the loads at nodes 88 and 89 
could be energized by MG 4, it is unsafe to restore them due to 
the low inertia of MG 4. So no loads are restored in MG 4 at the 
46th min. At the same time, branch (128, 130) is restored. Then 
MG 5 and MG 6 are interconnected, and the loads at node 129 
are picked up. Later at the 56th min after branch (104, 105) is 
fixed, MG 4 is connected to the interconnected MG 5 and MG 
6 through the path 102-104-105-119. At this time, the CLs at 
node 89 are picked up in the interconnected system with inertia 
provision from DGs 83, 121, and 124. Subsequently, the CLs at 
node 130 are restored at the 66th min. The large loads at node 
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99 are still not allowed to be energized, so no loads are picked 
up at the 76th min. At the 83rd min when a new branch (107, 108) 
is in service, the loads at nodes 107 and 108 are picked up. The 
following load pickups are similar. The frequency dynamics of 
3 cold load pickups at the 26th, 36th, and 56th min are depicted 
in Fig. 13. It indicates that the primary factor limiting the 
amount of cold load pickup in MGs is the RoCoF, which can 
easily violate the preset limit due to low inertia. This underlines 
that cold load pickup in low-inertia MGs should be conducted 
carefully to avoid drastic frequency drops. In addition, it is safer 
to restore large loads after interconnecting more MGs. For ex-
ample, picking up 458.3 kW loads is allowed at the 56th min 
when MG 4, MG 5, and MG 6 are interconnected. In contrast, 
the allowable load pickup amount before the interconnection is 
only 141.2 kW. 

C.  Comparison of Computational Complexity 
TABLE VI Comparisons of computation time 

Test feeders 
Proposed models Benchmark 

RCD model 
[3]* 

Existing event-
driven RCD 
model [15]* 

Event-driven 
RCD SCLP 

IEEE 33-node 
Max. 9.04 s 
Avg. 3.35 s 
Min. 0.03 s 

Max. 0.019 s 
Avg. 0.007 s 
Min. 0.003 s 

638.72 s 1212.63 s 

Real-world 
136-node 

Max. 328.05 s 
Avg. 55.99 s 
Min. 0.24 s 

Max. 0.025 s 
Avg. 0.012 s 
Min. 0.007 s 

4039.48 s > 200 min 

* The computation time are obtained by solving the model without pre-assign-
ing repair tasks to depots 
 

The computation time of the proposed models is compared 
with a benchmark RCD model [3] and an existing event-driven 
RCD model [15] in TABLE VI. The optimality gap is set as 1% 
and 5% for the IEEE 33-node and real-world 136-node test 
feeders, respectively. It should be noted that the complexity of 
the proposed RCD and SCLP model reduces, as the number of 
remaining faults decreases in the solving process. This is illus-
trated by the minimum, maximum, and average computation 
time in TABLE VI. The computation time of the proposed 
SCLP model is negligible, taking advantage of the linear fre-
quency constraints that can be easily solved. Furthermore, the 
proposed RCD model exhibits high tractability, with an average 
solution time of less than 10 s for the IEEE 33-node test feeder 
and 1 min for the real-world 136-node test feeder. In contrast, 
the benchmark RCD model [3] requires computation time ex-
ceeding 10 min and 67 min for these two test feeders. The 
existing event-driven RCD model [15], which introduces mul-
tiplied binary variables, further exacerbates computational 
complexity, requiring more than 20 min for the 33-node test 
feeder and becoming intractable for the 136-node test feeder. 
Considering the most complex case in the proposed RCD model, 
the computation time is maintained under 6.5 min, resulting in 
a reduction of 91.9% compared to the RCD model [3]. There-
fore, owning to the integration of the MPC technique, the 
computational complexity of the proposed event-driven RCD 
model is significantly reduced compared to existing models, 
such as [3] and [15]. 

VII.  CONCLUSION 
By coordinating the repair crew dispatch and cold load 

pickup, this paper provides a dynamic restoration strategy for 
ADNs. Modeling repair crew dispatch using MPC allows the 
incorporation of stochastic repair time. Picking up cold loads in 
low-inertia ADNs, especially after the loss of substation, should 
be operated carefully to avoid frequency instability. Simulation 
results of the frequency-constrained SCLP model indicate that 
the primary factor limiting the CLPU demand is the high value 
of RoCoF. Potential advances of the proposed model include 
detailed modeling of the stochastic repair time, incorporating 
real-time measurement data, and improving the CLPU model. 
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