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A B S T R A C T

The quality of starting point greatly influences the result and convergence efficiency of the optimiza-
tion algorithm, especially for the non-convex and constrained Alternating Current Optimal Power
Flow problem. Generally, speed and accuracy are the two main evaluation metrics for generating
starting points. The data-driven methods learn the starting point through historical data and show
good performance. However, most methods utilize “black-box” models, which lack interpretability.
Therefore, this paper proposes a fast and explainable warm-start point learning method based on the
multi-target binary decision tree with a post-pruning module. The calculated warm-start points can
accelerate the solving process and the model inference time is extremely short. The post-pruning
module is applied to fit different power system scenarios fairly and alleviate the overfitting problem
by pruning the completely grown tree. Also, a set of detailed decision rules for selecting warm-start
points are generated after the learning process. The generated rules assist the power system operators
in identifying important loads and thereby provide the model interpretability. The experiment shows
that the proposed framework can reduce the solving times for the Alternating Current Optimal Power
Flow solvers with an extremely short calculation time for the explainable warm-start point.

1. Introduction
In a power system, the power generation is dispatched by

solving the Alternating Current Optimal Power Flow (AC-
OPF) problem. Caused by the high uncertain fluctuations
in loads and renewable energy, the AC-OPF problems need
to be solved more frequently and accurately to ensure the
stability and safety of the system [1]. However, due to
the non-convexity nature of the AC-OPF problem, it is a
challenging problem to find the optimal solutions within a
demanding time [2].

Normally, a warm-start point ensures convergence and
significantly reduces iteration times [3]. Based on the warm-
start points, the feasibility of the solution is ensured and thus
is more reliable than the direct approach. The grid operator
generally uses a flat start or the DC-OPF solution as the
starting point of the optimization process [4]. However, the
flat start points may not guarantee convergence and the DC-
OPF solution still involves an iterative solving process that
requires extra computational time [5]. To address the prob-
lem caused by poorly chosen initial points, reference [6],
[7] and [8] use a continuation-based method. Nevertheless,
the slow calculation is not suitable with highly stochastic
intermittent resources nowadays [9].

As a large amount of data has been generated in the
smart grid [10], various data-driven approaches for the AC-
OPF problem have been proposed, which can be classified
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into direct approaches and indirect approaches. The direct
approach predicts the solutions directly without utilizing
the optimization algorithms. The majority uses deep neural
networks (DNN) to predict the generation directly. In [11],
the author uses the deep reinforcement learning method
for fast AC-OPF solutions. However, the feasibility of the
solution and the constraints are hard to be satisfied. To
address the feasibility issue, methods in [12] integrate the
constraints into the reward function to penalize the violation.
The indirect approach accelerates the solving process by
providing warm-start points to initialize the physics-based
solver (e.g., MATPOWER Interior Point Solver (MIPS)).
Existing methods include random forest [13] and artificial
neural networks in [14], [15], and [16]. Nevertheless, the
former is an ensemble learning method that uses differ-
ent models to take the average output, which is slow in
computation due to its model complexity [17]. The latter
is a black-box model composed of different interconnected
nodes, which lacks interpretability, and sometimes is not a
reliable choice for grid operators [18].

Interpretability is critical in a complicated physical sys-
tem for security concerns [19]. One crucial security aspect
for operators is the overall awareness of the methods applied
to the system, such as how the methods work, the worst per-
formance, etc. Previously, interpretability existed inherently
in the physical optimal power flow model [20]. Nowadays,
various machine learning and deep learning models have
been proposed to solve the AC-OPF problem such as meth-
ods in [21] and [22]. However, most of them are black-box,
and thus operators cannot grasp the decision making process
of the model. Therefore, models without interpretability
and transparency are a major risk to the power system,
especially under safety-critical scenarios. To address this
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problem, different interpretable models have been proposed.
In [23], a XGBoost model is adopted to evaluate the feature
importance and thus provide certain model interpretability
in the data selection part. In [24], the method constructs
oblique classification trees to learn the optimal strategy
from mixed-integer quadratic problems and the tree helps
provide interpretability. Both employ tree-based methods to
provide interpretability. Indeed, compared with other black-
box machine learning methods, the tree-based model has a
clear underlying structure and set of rules for interpretation
[25].

To meet both the needs for fast computation and inter-
pretability, this paper proposes a warm-start point learning
method for AC-OPF based on the multi-target decision tree
with a post-pruning module. The contributions are sum-
marized as follows. First, a multi-target binary decision
tree-based model is proposed to provide warm-start points
for the AC-OPF problem. The calculated warm-start points
accelerate the AC-OPF solving process significantly and the
model inference time is extremely short (on the microsecond
timescale). Second, to fit different power system scenarios
fairly and alleviate the overfitting problem, a post-pruning
method is adopted. Third, a set of decision rules can be ex-
tracted from the trained models to explain the power system
considerations behind the calculated warm-start points. The
extracted results help the power system operators identify
important loads and thus provide model interpretability.

The remaining sections of this paper are organized as
follows. Section II presents the background and notation
of the AC-OPF problem and decision tree model. Section
III introduces the proposed framework where the decision
tree model is applied to predict the warm-start point with
interpretability. Then the proposed framework is validated
on three IEEE cases, and the results are presented in Section
IV. The conclusion is provided in the last section.

2. Background and Notation
2.1. AC Optimal Power Flow

AC-OPF problem aims to minimize the operation costs
by finding the optimal power output under the given loads
while satisfying physical and security constraints [26]. The
standard AC-OPF problem can be formulated as below:

min
∑

𝑖∈𝐺

𝐶(𝑃𝑔𝑖) (1)

s.t. 𝑃𝑔𝑖 − 𝑃𝑑𝑖 = 𝑉𝑖
∑

𝑗∈
𝑉𝑗(𝑔𝑖𝑗 cos 𝜃𝑖𝑗 + 𝑏𝑖𝑗 sin 𝜃𝑖𝑗), 𝑖 ∈ 

𝑄𝑔𝑖 −𝑄𝑑𝑖 = 𝑉𝑖
∑

𝑗∈
𝑉𝑗(𝑔𝑖𝑗 sin 𝜃𝑖𝑗 − 𝑏𝑖𝑗 cos 𝜃𝑖𝑗), 𝑖 ∈ 

(2)
𝑃𝑚𝑖𝑛
𝑔𝑖 ≤ 𝑃𝑔𝑖 ≤ 𝑃𝑚𝑎𝑥

𝑔𝑖 , 𝑖 ∈ 𝐺 (3)

𝑄𝑚𝑖𝑛
𝑔𝑖 ≤ 𝑄𝑔𝑖 ≤ 𝑄𝑚𝑎𝑥

𝑔𝑖 , 𝑖 ∈ 𝐺 (4)

𝑉 𝑚𝑖𝑛
𝑖 ≤ 𝑉𝑖 ≤ 𝑉 𝑚𝑎𝑥

𝑖 , 𝑖 ∈  (5)
𝑃 2
𝑖𝑗 +𝑄2

𝑖𝑗 ≤ (𝑆𝑚𝑎𝑥
𝑖𝑗 )2, (𝑖, 𝑗) ∈ 𝜉 (6)
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Figure 1: Decision tree structure

𝜃𝑚𝑖𝑛𝑖𝑗 ≤ 𝜃𝑖𝑗 ≤ 𝜃𝑚𝑎𝑥𝑖𝑗 (7)

where ,𝐺 and 𝜉 represent the set of all buses, generation
buses, and lines, respectively; 𝑉𝑖 and 𝜃𝑖 are the voltage
magnitude and angle; 𝜃𝑖𝑗 = 𝜃𝑖 − 𝜃𝑗 ; 𝑔𝑖𝑗 and 𝑏𝑖𝑗 are the
conductance, susceptance of branch (𝑖, 𝑗), respectively; 𝑃𝑔𝑖,
𝑄𝑔𝑖, 𝑃𝑑𝑖, 𝑄𝑑𝑖 denote active power, reactive power, active
load, and reactive load, respectively; 𝑆𝑚𝑎𝑥

𝑖𝑗 is the branch
flow limit of the branch (𝑖, 𝑗). For a variable 𝑥, 𝑥𝑚𝑖𝑛 and
𝑥𝑚𝑎𝑥 represent its lower and upper bound, respectively. The
constraints include the power-flow balance equations in (2),
the active and reactive power limits in (3) and (4), the voltage
magnitude limits in (5) and branch flow limits in (6), and
voltage angle limits in (7).

2.2. Decision Tree
The decision tree is a non-parametric supervised learn-

ing method used for regression and classification [27]. The
goal is to build a model that predicts the value of a target
variable based on a series of decision rules inferred from
the data features. The following introduces the structure,
decision rules, and the learning process.

2.2.1. Decision Tree Structure
The decision tree model is a tree-like structure that

classifies the data points, as shown in Fig. 1. It consists of
nodes and directed edges. The nodes include internal nodes
and leaf nodes, where an internal node represents a feature
of the input data, and a leaf node represents a class.

The classification process of a data point contains the
following steps:

1. From the root node, the tree performs a test on a
feature of the data point.

2. According to the test result, the node distributes the
data point to one of its sub-nodes. The sub-node
corresponds to one of the values of the feature.

3. The tree recursively tests and distributes the data point
until the data point falls into a leaf node.
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Figure 2: Multi-target binary decision tree framework with interpretability

4. The data point is classified as the class of the leaf node.

2.2.2. Explanation of Decision Tree
The decision tree can be viewed as a set of if-then

rules according to the path from the root node to the leaf
nodes. The feature of each internal node corresponds to one
rule. The branch from the internal node is the outcome of
the rule. The class of the leaf node is the conclusion of a
combination of rules. Note that the if-then rules should be
mutually exclusive and complete, which means each data
point is covered by one rule and can only be covered by one
rule. By following the decision path, the input data space is
recursively divided into sub-spaces according to the rules,
and the leaf node is the result of the division.

C2

C1

C3
X > 0.65

C2

C3Y > 0.45

C1
0.65

0.45

X

Y

False True

False True

Figure 3: Exemplary illustration of a decision tree in two-
dimensional feature space

An example of the division is shown in Fig. 3. According
to the value of 𝑋 and 𝑌 , the trained decision tree divides
the input data space into three regions and classifies each
region’s data points accordingly.

3. Framework
3.1. Warm-start Point Learning and Explanation

Framework
Initial points effect the convergence and calculational

time in the AC-OPF problem. A poorly chosen initial point

may result in failure of convergence. A warm-start point pro-
vides an initial point that greatly reduces the computational
time and increases the stability of the solving process. In
scenarios that require frequent AC-OPF calculations such as
online market clearing (every 5 minutes in New England), a
fast and efficient warm-start calculation saves considerable
time for the power grid operations. Generally, a warm-
start point is obtained by solving a simplified optimization
problem or using the related historical data. In our proposed
framework, warm-start points of an AC-OPF problem are
learned using historical optimal solutions and the quality of
historical optimal solutions determines the convergence and
calculational time of the learned warm-start points.

In the previous literature regarding to warm-start points,
voltage magnitude and active power generation are selected
as target variables [13]. This paper employs the same setting.
Since potential correlations exist between the two variables,
to better preserve the correlations and provide a warm-start
point, a multi-target binary decision tree is proposed to pre-
dict both of the target variables simultaneously. The decision
tree learns the warm-start points using the historical load
profiles and their corresponding optimal voltage magnitude
and active power generation. However, the learned decision
tree is prone to be overfitting in some network scenarios
other than learning the general warm-start patterns in the
network. To address this problem, a post-pruning module is
applied to alleviate the risks by pruning the tree and thus
restricting its complexity. Last, given the optimal pruned
decision tree, a set of decision rules can be extracted among
the internal nodes. By extracting the rules, the decision
path is clear and transparent for operators. Also, important
load buses can be filtered out by considering the order of
selected load buses. Therefore, the model is interpretable
and explainable.

The whole proposed framework is demonstrated in Fig.
2. In the data preparation part, the AC optimal power flow
is repeatedly solved with different load profiles to create a
dataset, where the historical load demands [𝑃𝑑 , 𝑄𝑑] of each
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bus and the corresponding voltage magnitudes and active
power generation [𝑃𝑔 , 𝑉𝑔] are stored as pairs. Given the
training dataset, a decision tree learns the decision rules
and recursively split its internal nodes to distribute the input
data and calculate the warm-start points. After the learning
process, a completely grown decision tree is constructed.
Then a post-pruning module is applied to the tree and the
optimal sub-tree is selected. After that, by extracting the
decision rules in each internal node, a set of detailed power
system rules for search warm-start can be obtained for future
use.

3.2. Multi-target Binary Decision Tree Model
Generally, a regression decision tree learns the optimal

prediction value by finding the optimal splitting feature
and value of all nodes, which minimizes the overall mean
squared prediction error in leaf nodes. For the AC optimal
power flow problem, a learned binary decision tree can find
the warm-start point according to the leaf node to which it
belongs. This searching process only needs several compar-
isons. Therefore, compared with complex multiplications of
large matrices in deep learning, the calculation is much more
fast and thus a warm-start point can be provided within a
short time.

In this paper, the binary decision tree splits the input load
profile data according to the variance of their corresponding
optimal solutions. After the splitting, load profiles with
similar optimal solutions, e.g., similar network scenarios,
are grouped together. This process is repeated until the
predefined termination condition is reached. Based on the
resulting groups, the decision tree learns their warm-start
points using the center of their optimal solutions. The details
are as follows.

Suppose 𝑋 is the input variable and 𝑌 is the continuous
output variable for this model, they are defined as below:

𝑋 = [𝑃𝑑1,… , 𝑃𝑑𝑁 , 𝑄𝑑1,… , 𝑄𝑑𝑁 ]
𝑌 = [𝑃𝑔1,… , 𝑃𝑔𝑁𝐺

, 𝑉1,… , 𝑉𝑁 ]

where 𝑁 is the number of buses and 𝑁𝐺 is the number of
generation buses.

For a grown decision tree with 𝑀 leaf nodes, the output
and prediction loss are:

𝑓 (𝑥) =
𝑀
∑

𝑚=1
𝑐𝑚𝐼(𝑥 ∈ 𝑅𝑚) (8)

𝐿 =
𝑀
∑

𝑚=1
(𝑦𝑖 − 𝑓 (𝑥𝑖))2 (9)

where I is the indicator function and 𝑐𝑚 is the output value
of leaf node m. At each leaf node, assuming there are 𝑁𝑚
samples, the optimal output value 𝑐𝑚 is represented by (10).
It is the average output of samples in the leaf node obtained
by minimizing the mean squared prediction loss of the leaf
node.

𝑐𝑚 = 1
𝑁𝑚

∑

𝑥𝑖∈𝑅𝑚

𝑦𝑖 (10)

In the learning process, at each internal node, the deci-
sion tree selects a feature 𝑥(𝑗) and its corresponding value
𝑠 as the splitting feature and splitting points, respectively.
According to the splitting feature and value, the node is
divided into two sub-nodes, which are shown below:

𝑅1 = {𝑥|𝑥(𝑗) ≤ 𝑠} (11)
𝑅2 = {𝑥|𝑥(𝑗) > 𝑠} (12)

To find the optimal splitting feature j and its splitting
value 𝑠, the decision tree adopts the heuristic method to solve
the optimization problem below:

min
𝑗,𝑠

[

min
𝐶𝑅1

𝐿𝑅1(𝑗,𝑠) + min
𝐶𝑅2

𝐿𝑅2(𝑗,𝑠)

]

(13)

𝐿𝑅 =
∑

𝑥𝑖∈𝑅
(𝑦𝑖 − 𝐶𝑅)2 (14)

𝑐𝑅 = 1
𝑁𝑟(𝑗,𝑠)

∑

𝑥𝑖∈𝑅(𝑗,𝑠)
𝑦𝑖 (15)

where 𝑐𝑅 is the predicted output in each sub-node since it is
the optimal solution to minimize 𝐿𝑅.

Algorithm 1 Multi-target Binary Decision Tree Learning
Input: 𝑋, 𝑌 , tree 𝑇 with only one root node
Output: A completely grown decision tree

1: Initialization: Initially all input data are stored in the root
node

2: Start from the root node, partition the input data using
the following recursive procedure

3: for nodes in leaf nodes do
4: if tree depth < predefined maximum depth and num-

ber of samples > predefined minimum node size then
5: Solve (13) to find the optimal splitting feature 𝑗∗

and the optimal splitting value 𝑠∗
6: Split node into two sub-nodes
7: Use selected optimal (𝑗∗, 𝑠∗) pair to distribute input

data into sub-nodes by (11) and (12)
8: Calculate the optimal predicted output of each sub-

node by (15)
9: end if

10: end for
11: Return 𝑇

The learning algorithm for a multi-target binary decision
tree model is shown in Algorithm 1. In the beginning, all
input data are in the root node. Then from the root node, the
decision tree distributes the data with steps 5-8. Suppose the
predefined termination conditions (e.g. maximum depth or
minimum node size) are not satisfied in the leaf node. In that
case, it will heuristically find the optimal splitting feature
and value to split the leaf node and distribute the input into
its sub-nodes until the predefined conditions are fulfilled.

3.3. Post-pruning Module
During the learning process of the decision tree, the

tree tries to minimize the prediction error by splitting the
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internal nodes as much as possible. This results in a large
and complex tree with plenty of branches and nodes, and it is
likely to fit closely to the existing data but fails to capture the
important patterns of unknown network scenarios reliably.
However, deciding the termination condition is hard, since it
is unrealistic to be aware of whether a single extra tree node
will reduce the error for future scenarios. Therefore, a cost
complexity post-pruning module is applied to the completely
generated decision tree. The module evaluates each sub-tree
on the validation data by leveraging a loss function with a
penalty added to the model complexity. Thus, a trade-off
between training loss and model complexity is achieved to
optimize the performance.

The post-pruning module recursively prunes some sub-
trees from the bottom of the completely grown decision
tree 𝑇0 to generate a sub-tree sequence [𝑇0, 𝑇1,… , 𝑇𝑛]. An
optimal sub-tree is selected according to the performance of
the independent validation set.

In the pruning process, for a sub-tree 𝑇 , to measure the
overall loss and the effectiveness of pruning, two metric
functions are defined below, respectively:

𝐶𝛼(𝑇 ) = 𝐶(𝑇 ) + 𝛼|𝑇 | (16)

𝑔(𝑡) =
𝐶(𝑡) − 𝐶(𝑇𝑡)

|𝑇𝑡| − 1
(17)

where |𝑇 | is the number of leaf nodes, 𝐶(𝑇 ) is the prediction
loss of 𝑇 , 𝑇𝑡 is the sub-tree with root node 𝑡, and 𝛼 ≥ 0 is the
penalty parameter to balance the trade-off between the model
complexity and the data fitting. 𝑔(𝑡) measures the decrease
of overall loss after pruning the sub-tree of an internal node
𝑡.

The algorithm for the post-pruning process is shown in
Algorithm 2. Given a completely grown decision tree 𝑇0, in
the beginning, the algorithm initializes 𝑘 to 0, 𝑇 to 𝑇0, and
𝛼 to positive infinity. Then for each internal node 𝑡 in 𝑇 , the
algorithm computes the metrics in (12) and (13) and set 𝛼
to the minimum value between 𝑔(𝑡) and itself. Then the sub-
tree of internal nodes whose 𝑔(𝑡) equals 𝛼 are pruned and 𝑘,
𝛼𝑘, and 𝑇𝑘 is reset until the current tree 𝑇𝑘 contains only a
root node and two leaf nodes. After obtaining the sub-tree
sequence 𝑇0, 𝑇1,… , 𝑇𝑛, the optimal sub-tree 𝑇𝛼 is selected
with the cross-validation methods.

3.4. Decision Rules Extraction
Each internal node of the decision tree contains a de-

cision rule. Benefitting from this characteristic, the deci-
sion tree is interpretable and reliable compared with other
machine learning models. Additionally, by extracting the
decision rules, different information, such as important load
buses, similarity within each group of scenarios, and dis-
similarity between different scenarios, can be filtered out to
provide valuable insights for grid operators.

For the AC-OPF problem, a decision rule is a compar-
ison between the load value and a learned threshold value
of a specific bus. From the root node to each leaf node,
each important load bus is selected greedily for splitting.
In this process, the order of selected buses represents their

Algorithm 2 Post-pruning process
Input: Validation set, a complete grown decision tree 𝑇
Output: An optimal pruned sub-tree 𝑇𝛼

1: Initialization: Initialize 𝑘 = 0, 𝑇 = 𝑇0
2: Set 𝛼 = +∞
3: for each internal node 𝑡 in 𝑇 do
4: Calculate 𝐶(𝑇𝑡), |𝑇𝑡|, 𝑔(𝑡), 𝛼 = min(𝛼, 𝑔(𝑡))
5: if 𝑔(𝑡) == 𝛼 then
6: Prune internal node 𝑡
7: end if
8: Set 𝑘 = 𝑘 + 1, 𝛼𝑘 = 𝛼 and 𝑇𝑘 = 𝑇
9: if 𝑇𝑘 contains only a root node and two leaf nodes

then
10: Set 𝑇𝑘 = 𝑇𝑛
11: else
12: Go back to Step 2
13: end if
14: end for
15: Use the cross-validation method to select the optimal

sub-tree 𝑇𝛼 from sequence 𝑇0, 𝑇1,… , 𝑇𝑛
16: return 𝑇𝛼

importance in reducing the prediction error. For instance, the
selected bus in the root node reduces the prediction error
the most and contains the most information, and thus it is
the most important load bus under the model consideration.
From the top to the bottom of a decision tree, the importance
of selected buses is ordered descendingly.

The algorithm to extract detailed decision rules for gen-
erating a warm-start point in a power system is shown in
Algorithm 3. Given a pruned decision tree, for each internal
node inside the tree, the load bus and threshold value are
found. As a pair, the comparison between them is con-
structed as an if-statement. The splitting result is constructed
as a then-else statement. Last, the leaf nodes are constructed
as the result of rules.

Algorithm 3 Decision Rules Extraction
Input: A decision tree 𝑇
Output: A set of decision rules

1: for each internal node 𝑡 in 𝑇 do
2: Extract the splitting feature 𝑗 and threshold 𝑠
3: Find load bus 𝑖 of the splitting feature 𝑗
4: for each load bus 𝑖 and threshold 𝑠 do
5: Construct an if-statement based on the comparison

of the load in bus 𝑖 and threshold 𝑠
6: Construct a then-else statement based on the com-

parison result
7: end for
8: end for
9: The leaf nodes are the result of rules

10: return A set of decision rules
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4. Case Study
4.1. Setup

The proposed framework is evaluated numerically on
IEEE 57-bus, 118-bus, and 300-bus networks. All experi-
ments are performed on a MacBook Air with an M1 chip
and 16GB RAM. The training and test datasets are generated
by MATPOWER [28] by solving the AC-OPF problem with
different starting points.

The starting points were generated as follows. The load
demands were uniformly sampled within [80%, 120%] of
the default load profile for each IEEE case. Besides, in
each case, a part of randomly selected load demands are
set to 0. Then load demands were solved repeatedly, and
the feasible solutions were collected in the dataset. In total,
20000 samples were collected for each test case. Then the
dataset was split into the training set and test set by 80/20. To
evaluate the effectiveness of different warm-start methods,
a group of interpretable data-driven methods is used, in-
cluding: decision tree, random forest, and linear regression.
The neural network based methods are not included in the
comparison due to the lack of interpretability.. The random
forest model is trained with the optimal configuration in [13]
and the hyperparameters are listed in Table 1. After training,
the predicted warm-start output is solved by the MAT-
POWER’s MIPS (MATPOWER Interior Point Method) with
the FMINCON solver.

Table 1
Random Forest Hyperparameters

HYPERPARAMETERS IEEE 57 IEEE 118 IEEE 300\TESTCASE

Number of 200 400 400estimators
Max Depth 15 15 20

Minimum Samples 4 2 3Split

The completely grown decision tree is compared with
the pre-pruning decision tree and post-pruning decision tree.
The pre-pruning method pre-defines several hyperparame-
ters including the maximum depth of the decision tree and
the minimum percentage of samples in each split. Both of
them are selected with a grid search. The maximum depth of
the decision tree is selected from [6, 11] and the minimum
percentage of samples in each split is selected from [0%,
2.5%, 5%, 7.5%].

4.2. Comparison of Different Warm-start Point
Methods

Different warm-start point methods accelerate the opti-
mization process by reducing the iterations. In this experi-
ment, the iterations of the AC-OPF solver using the differ-
ent warm-start point methods are compared. The proposed
method is compared with the DC-OPF solution, random
forest solution, and flat start (voltage magnitudes set to

1.0 p.u., angles and generation set to 0). The underlying
assumption is that the iteration times of AC-OPF solver are
proportional to the calculation time, since the calculation
complexity in each iteration is roughly the same. Therefore,
a fewer iteration times means a shorter calculation time.
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Figure 4: Comparison of different warm-start methods

Fig. 4. shows the average iteration result of 4000 sample
points in the test datasets. In all three IEEE cases, the pro-
posed framework achieves a comparable result. Compared
with the flat start method, there is a 46.4% iteration reduction
at most. The linear regression method performs the worst
in machine learning-based methods, due to the non-linear
and non-convex characteristics of the AC-OPF problem.
Interestingly, the proposed method reduces more iterations
in two out of three cases compared to the random forest
with hundreds of estimators, indicating that the number of
decision trees does not largely influence the model perfor-
mance. As the number of buses increases, the scenarios
become more complicated. For both DC-OPF solutions and
machine learning methods, it is hard to find a start point that
reduces the iterations significantly. Also, the performance
differences between them decrease accordingly.

Table 2
Average Warm-Start Point Calculation Time (10−3 s)

METHOD \ IEEE 57 IEEE 118 IEEE 300TESTCASE
Proposed 0.02 0.02 0.02Decision Tree

Random Forest 5.75 66.59 152.99

DC-OPF 315.20 345.20 382.00

Linear Regression 0.02 0.04 0.05

In the context of a growing number of distributed renew-
able energy nodes being integrated into the power grid, as the
number of nodes increases, AC-OPF calculations become
increasingly time-consuming in large-scale systems. Warm-
start point methods can help accelerate the AC-OPF. How-
ever, though DC-OPF warm-start points are capable of time
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Figure 5: Tree-based decision rules extracted from post-pruned decision tree in IEEE 118 case

savings, the DC-OPF itself still requires a long calculation
time in large-scale systems. For example, in the case2383wp,
case9241pegase, and case13659pegase, the average calcula-
tion time are 1.14 s, 7.14 s, and 9.64 s, respectively. Com-
pared to DC-OPF warm-start methods, data-driven methods
can provide a warm-start point in a short time based on
the historical data. Therefore, though the proposed decision
tree only achieves a comparable result when compared to
DC-OPF, calculation time of the proposed method has a
huge acceleration. To measure the computational efficiency
of different methods, we compared the average calculation
time of 10 random samples in the test dataset. The results
are shown in Table 2. On average, the proposed decision
tree obtained one warm-start point around 2 × 10−5 s, while
DC-OPF is around 3.47 × 10−1 s and the random forest
is around 7.5 × 10−2 s. Linear regression has a similar
calculation time to our proposed method, however, the start-
points of linear regression have a marginal contribution to
reducing the iterations. Also, compared with other methods,
the average calculation time of our method does not change
according to the complexity of the test case. The acceleration
comes from the reason is that the proposed method only
does several comparisons for all scenarios, while the random
forest model involves hundreds of trees with large depths
and DC-OPF performs large matrix multiplications in each
iteration. Therefore, our method has a speedup of 17300
compared to DC-OPF and a speedup of 3700 compared to
Random Forest. The result shows the huge acceleration in
computational time of our proposed framework. Based on
the results of iteration times and calculation time of warm-
start points, the proposed method reduces more iteration
times and has a short calculation time compared to other
machine learning methods. For the DC-OPF warm-start
method, though the iteration times are slightly better than
the proposed method (1.23 iteration on average of three
IEEE cases), it requires an extra large calculation time for
a DC-OPF solution first compared to the proposed method.
Therefore, the proposed obtained results help to shorten the
overall calculation time.

4.3. Decision Rules Extraction
From a generated decision tree, detailed decision rules

can be collected to provide information such as the impor-
tance of different load buses and interpretability for model
decisions.

An example of pruned decision tree is illustrated in
Fig. 5 and extracted tree-based decision rules is shown in
Algorithm 4. At the root node, load in bus 55 is selected
first to distribute the input data, which means it is the most
important bus to find the warm-start point. Based on the
load value in bus 55, different data points are distributed
according to the evaluation result of the if-statement in the
node. For instance, if the load value of a data point is smaller
than 221.914, it falls into Node 1. Otherwise, it falls into
Node 2. Afterward, load in bus 90 and load in bus 116 are
selected to distinguish a data point. After the comparisons
of the load values in these 3 buses, the tree divides the input
data into 8 regions and each corresponds to a warm-start
point. The extracted rules are helpful for system operators to
determine important buses and also provide interpretability
and reliability.

4.4. Comparison of Different Pruning Methods
In the framework, the post-pruning module is applied to

a complete tree to alleviate the overfitting risks. To evaluate
the effectiveness of the post-pruning module, we compare
the iteration number of the decision tree without pruning,
the decision tree with pre-pruning, and the decision tree with
post-pruning.

The structures of different decision trees are shown in
Table 3 and the iteration results of different decision trees
(DT) are shown in Fig. 6. As shown in the table, while
the complete decision tree splits one exact leaf node for
each data point, all pruned trees remain a simpler structure
with smaller depths and fewer leaf nodes. The effect of
pruning is illustrated in the figure. The iterations of the
pruned trees in different cases are reduced in all IEEE cases,
indicating that the pruned sub-trees tend to add extra leaf
nodes to minimize the training loss. By adding a penalty to
the tree complexity and pruning these sub-trees, the resulting
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Algorithm 4 Decision Rules Extraction Example
Input: A decision tree 𝑇
Output: A set of decision rules

1: if load in bus 59 ≤ 221.914 then
2: if load in bus 90 ≤ 130.936 then
3: if load in bus 116 ≤ 73.609 then
4: Provide warm-start point 1
5: else
6: Provide warm-start point 2
7: end if
8: else
9: if load in bus 116 ≤ 73.617 then

10: Provide warm-start point 3
11: else
12: Provide warm-start point 4
13: end if
14: end if
15: else
16: if load in bus 90 ≤ 130.896 then
17: if load in bus 116 ≤ 147.889 then
18: Provide warm-start point 5
19: else
20: Provide warm-start point 6
21: end if
22: else
23: if load in bus 116 ≤ 73.606 then
24: Provide warm-start point 7
25: else
26: Provide warm-start point 8
27: end if
28: end if
29: end if

pruned tree alleviates the risks of overfitting. Also, as the
network scenarios become more complicated, the reduction
of iteration times increases accordingly, which means the
decision tree tends to over-fit more in complicated problems
and the pruning module forces the tree to learn the general
pattern of the network warm-start points by restricting its
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Figure 6: Comparison of different pruning methods

Table 3
Decision Tree Structure

MODELS\ IEEE 57 IEEE 118 IEEE 300TESTCASE

No Pruning
16000 leaf 16000 leaf 16000 leaf
nodes & nodes & nodes &

depth = 26 depth = 24 depth = 21

Pre-pruning
255 leaf 8 leaf 8 leaf
nodes & nodes & nodes &

depth = 8 depth = 3 depth = 3

Post-pruning
355 leaf 8 leaf 34 leaf
nodes & nodes & nodes &

depth = 10 depth = 3 depth = 6

complexity. Last, pruned decision trees in IEEE 118 and
IEEE 300 cases have a simpler structure than IEEE 57 cases,
which means even though the network scenarios become
more complex, the model is able to compute a warm-start
point without increasing its complexity.
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Figure 7: Number of leaf node samples in post-pruning decision
tree

The number of leaf node samples in the post-pruning
decision tree is shown in Fig. 7. With a simpler tree structure
in IEEE 118-bus and IEEE 300-bus cases, the data samples
fall evenly in most leaf nodes, indicating that the pruned
decision tree is fair for each warm-start situation and has no
clear bias for particular load profiles.

5. Conclusion
This paper proposes a decision-tree-based learning frame-

work with the post-pruning method to provide warm-start
points for accelerating the solving process of the Alternating
Current Optimal Power Flow problem. The decision tree
learns the warm-start points by recursively splitting the
internal nodes based on the optimal dividing variables
and values. The post-pruning module forces the proposed
method to learn the general patterns of a given power
system and thus alleviates the overfitting problem. Also,
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the pruned decision tree remains a simpler structure, which
provides a faster warm-start point calculation and clearer
decision rules. Last, the extracted rules for a learned tree can
reveal important load buses and thereby provide insights for
power system operators. The test result verifies that 1) The
proposed framework reduces the iterations of the Alternating
Current Optimal Power Flow solver compared with the
flat start method and achieves a slightly better result when
compared with the random forest model; 2) Compared with
the decision tree without pruning, the post-pruning module
alleviates the overfitting problem and the model complexity
is further reduced; 3) The proposed framework can calculate
a warm-start point on a time scale of microseconds, com-
pared the sub-second level of the random forest model and
Direct Current Optimal Power Flow method.

Future work will explore reasonable ways to employ the
proposed model on the larger-scale system to accelerate the
AC-OPF with a fast and efficient warm start point. For exam-
ple, using decentralized models with network decomposition
methods with for better model scalability and reduce search
space of the optimal solutions. Also, an important future
direction is to properly incorporate the system topology
information to further ensure the convergence and lower the
iterations of the optimal power flow problem.
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