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Abstract

The real-time creation of machine-learning models via active or on-the-fly learning has attracted considerable inter-
est across various scientific and engineering disciplines. These algorithms enable machines to autonomously build
models while remaining operational. Through a series of query strategies, the machine can evaluate whether newly
encountered data fall outside the scope of the existing training set. In this study, we introduce PowerModel-AI, an
end-to-end machine learning software designed to accurately predict AC power flow solutions. We present detailed
justifications for our model design choices and demonstrate that selecting the right input features effectively captures
load flow decoupling that is inherent in power flow equations. Our approach incorporates on-the-fly learning, where
power flow calculations are initiated only when the machine detects a need to improve the dataset in regions where the
model’s performance is sub-optimal, based on specific criteria. Otherwise, the existing model is used for power flow
predictions. This study includes analyses of five Texas A&M synthetic power grid cases, encompassing the 14-, 30-,
37-, 200-, and 500-bus systems. The training and test datasets were generated using PowerModels.jl, an open-source
power flow solver/optimizer developed at Los Alamos National Laboratory, NM, USA.

Keywords: power systems, machine learning, power flow, optimization, on-the-fly learning, online learning, artificial
Intelligence, PowerModel-AI, PowerModels.jl

1. Introduction

AC power flow (ACPF) analysis is a cornerstone
of power system planning and control, critical for
maintaining the efficient and reliable operation of the
grid. The application of machine learning (ML) to
ACPF problems arises from the inherent limitations of
traditional iterative solvers like the Gauss-Seidel and
Newton-Raphson methods [1, 2, 3]. While these solvers
are known for their accuracy and computational effi-
ciency, they become impractical for real-time applica-
tions during complex power system events, such as con-
tingencies or optimal power flow analyses, especially in
large-scale systems where fast decision-making is cru-
cial. This has led to growing research interest in utiliz-
ing ML techniques to overcome the challenges of ACPF
[3, 4, 5, 6, 7, 8, 9]. However, we contend that ML-
based approaches to ACPF (hereafter referred to as ML-
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ACPF) encounter several critical, yet often overlooked,
challenges:

1. The substantial data volume required to effectively
train machine learning models.

2. The uncertainties involved in selecting the right
model, including decisions around input features,
hyperparameters, and the feature engineering pro-
cess.

3. The absence of systematic validation procedures to
ensure the accuracy and reliability of ML models
post-deployment.

4. Even with such validation procedures in place,
a robust pipeline for continuous model retrain-
ing and updating is essential to maintain optimal
model performance over time.

Addressing point 1, ML-ACPF models are typically
trained on large datasets generated by deterministic
solvers, which often include many factors irrelevant to
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the end-user, leading to excessive computational and
storage demands. This inefficiency can be mitigated by
focusing training on the user’s specific regions of inter-
est, with options for model updates as these interests
change. This allows for smaller, more efficient datasets,
with updates applicable to all previously seen regions.

Focusing on point 2, the design of an ML model is
critical and subjective, as it directly impacts prediction
performance. Although ML-ACPF models bypass real-
time calculations and improve speed, accuracy is still
a major concern. Therefore, selecting the appropriate
model is essential to achieving a balance between speed
and precision. Additionally, providing a clear rationale
for the model design is vital for enabling critical assess-
ment of its strengths and weaknesses, ensuring it deliv-
ers reliable predictions.

Regarding points 3 and 4, many published works
on ML-ACPF overlook the importance of maintaining
model fidelity post-deployment, limiting their applica-
bility to the specific systems or networks on which they
were trained [3, 4, 5, 6, 7, 8, 9]. Typically, the discus-
sion ends with the model’s performance on a predefined
validation and test set, constructed alongside the train-
ing dataset. Problems emerge when an end-user en-
counters scenarios that are not represented in this pre-
defined dataset (model scalability). For example, con-
sider a power engineer interested in predicting how bus
voltages would respond to a fivefold (×5) increase in
power demand (i.e. load) on certain bus nodes, using
a machine-learning model trained on data with a max-
imum of only double (×2) the the power demand. In
such cases, it becomes nearly impossible to justify the
accuracy of the model’s predictions. Therefore, a ro-
bust ML pipeline for any power flow solutions predic-
tor must prioritize not only speed but also incorporate a
built-in “awareness” of its performance, if they are to be
used in real-time. This, we argue, is the core principle
behind the effective implementation of artificial intelli-
gence or machine learning in science and technology.

Building on this premise, our study presents
PowerModel-AI, a robust and straightforward neural
network pipeline with just two layers. This end-to-end
model is designed to predict AC power flow solutions
for a wide range of synthetic grid cases from the Texas
A&M repository [10], including 14-, 30-, 37-, 200-,
500-bus systems. The training and test datasets were
generated using PowerModels.jl [11], an open-source
power flow solver/optimizer developed at Los Alamos
National Laboratory (LANL), NM, USA.

PowerModel-AI is capable of predicting changes in
bus voltage magnitudes and angles in response to alter-
ations in power demand on a node or group of nodes.

To address the need for sustained model accuracy, post-
deployment, our approach incorporates specific crite-
ria that enable the model to maintain an awareness of
its performance. Based on these criteria, we employ
the concept of on-the-fly learning, also known as online
or active learning [12, 13, 14, 15]. In this framework,
the machine-learning algorithm autonomously gener-
ates new dataset (via PowerModels.jl) in areas of sub-
optimal predictions, retrain itself, and updates its pa-
rameters, thereby enhancing overall prediction accu-
racy.

To achieve appreciable balance between speed and
accuracy, we demonstrate that careful feature selec-
tion and engineering enables the effective use of shal-
low networks, even with a constrained number of neu-
rons. Additionally, we have developed a computer pro-
gram based on the PowerModel.AI algorithm, featur-
ing a graphical user interface (GUI). This program al-
lows users to input desired changes in power demand
and receive the corresponding voltage changes, with an
option for on-the-fly model update. To ensure clarity
and reproducibility, we provide a comprehensive list of
the datasets used in this study as supplementary mate-
rial. Furthermore, the Python scripts (in Jupyter note-
books) that were used to obtain the results presented in
this study are also provided as supplementary material.

2. Methods

2.1. Power Flow Equations

The iterative equations for solving AC power flow are
well established, and detailed in the seminal work of
Glover [2]. For completeness, we briefly discuss key as-
pects of the power flow equations that relates to the ML
implementation in this work. The power flow problem,
or load flow, determines the network voltages based on
nodal power injections—positive values represent gen-
eration, while negative values represent consumption.
Using Ohm’s law and Kirchhoff’s current law, it can be
expressed as:

Ii −

N∑
j=1

Yi, jV j = 0 (1a)

Ii, j = Yi, j(Vi − V j) (1b)

where I, V , and N are the current, voltage, and total
number of nodes, respectively. The parameter Y , the in-
verse of the impedance Z, is called the admittance ma-
trix or Y-bus. Subscripts i and j refer to specific bus
nodes, with Ii, j representing the current between nodes
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i and j. The off-diagonal elements of Y are the nega-
tive sum of the admittances from node i to all connected
node j.

The grid’s total power, S , consist of the active power,
P (in MW), and the reactive power, Q (in Mvar). There-
fore, the total power demand, S id , for a given node i
becomes:

S id = Pid + jQid (2)

and the total power generation, S ig , in the node i is:

S ig = Pig + jQig (3)

such that a representation of the current as a function of
the total power and voltage becomes:

I =
S ∗

V∗
=

P − jQ
V∗

(4)

Based on Equation 1b, consider a specific flow con-
figuration, referred to as the left-side flow. In this con-
figuration, current flowing into a node is considered pos-
itive, while current flowing out is negative—meaning
generation injects current, and load absorbs it. For the
right-side flow, current injections out of the node are
positive, and into the node are negative. Therefore, if we
interpret the right side of Equation 1b as representing
the current injections into or out of the node, which cor-
responds to the voltage difference between nodes and
the impedance between them, and then rearrange Equa-
tion 4, we obtain:

Pig − jQig

V∗i
−

Pid − jQid

V∗i
=

N∑
j=1

Yi, jV j (5a)

Pig − jQig − Pid + jQid = Yi,i|Vi|
2 + V∗i

N∑
j=1, j,i

Yi, jV j

(5b)

In practice, Equation 5b can be resolved for the:
Slack (or swing) node:

Pig − jQig = Yi,i|Vi|
2 + V∗i

N∑
j=1, j,i

Yi, jVj (6)

Generation node:

Pig − jQig − Pid + jQid = Yi,i|Vi|
2 +Vi

∗

N∑
j=1, j,i

Yi, jVj (7)

and the Load node:

−Pid + jQid = Yi,i|Vi|
2 + V∗i

N∑
j=1, j,i

Yi, jVj (8)

In Equations 6, 7, and 8, the variables in bold font
are unknown, which makes solving ACPF problems an-
alytically impossible and numerically challenging. This
complexity underscores the necessity of applying ma-
chine learning techniques, where the power injection/-
consumption serves as features to predict the bus volt-
ages.

2.2. The Training Dataset
The information presented in Table 1 are the prop-

erties of the training dataset used in this study. These
datasets, serving as the ground truth, were generated
using PowerModels.jl [11], an open-source iterative
solver for power systems that employ both iterative and
optimization-based methods and is written in Julia
programming language.

Each dataset consists of 12,000 solutions of differ-
ent AC power flow instances (τ). Each instance is cre-
ated by first randomly selecting n nodes with loads and
adjusting their original (or preset) active and reactive
power. The adjustments are made by multiplying the
preset power demand in the selected nodes by m ran-
dom real numbers that were drawn from a uniform dis-
tribution, and are within a fixed upper and lower bound.
For each instance, the shape of the set of n and m are
the same, with every nth node is assigned a unique mth

random real number.
In Table 1, the lower bound of the load multiplier

(factor to change the power demand), ∆min, is fixed at
0.01, while the upper bound (∆max) is chosen to ensure
that all 12,000 power flow solutions are feasible (i.e.,
the power flow solution converges). To validate ∆max
for each grid case, we analyzed 10 independent train-
ing datasets, all consistently showing feasible solutions
within the specified load multiplier limits.

For the synthetic grids that have multiple generator
fuel types on a particular node, we aggregated the gen-
eration power contributions and their respective upper
and lower set-point limits. For instance, this approach
was applied to the 37-bus case, which featured combi-
nations of wind, solar, biomass, coal, and petroleum fuel
types at certain nodes.

2.3. PowerModel-AI Architecture and Pipeline
The neural network models in this study were im-

plemented in Python (v.3.10.14) using the PyTorch
(v.2.2.2) library [16]. All training and test datasets, gen-
erated with PowerModels.jl, and the machine learning
pipeline, were processed on a Dell Latitude 5430 PC
equipped with a 12th Gen Intel® CoreTM i7-1265U pro-
cessor (1.8 GHz), 32 GB DDR4 RAM, and 1 TB SSD
storage.
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Table 1: Details of the PowerModel-AI training dataset for all the synthetic power gridsa

Parameters 14-Bus 30-Bus 37-Bus 200-Bus 500-Bus
τ 12,000 12,000 12,000 12,000 12,000
∆min 0.01 0.01 0.01 0.01 0.01
∆max 4.7 3.5 5.0 3.0 3.5
ζg 50 102 128 616 1400

ζv 36 72 91 416 900

LMW 1.67e−4 4.0e−6 4.9e−5 6.0e−6 1.8e−5

LMvar 9.4e−5 1.5e−5 3.3e−5 1.5e−5 4.9e−5

Lvpu 5.0e−6 9.2e−5 2.0e−6 1.0e−6 4.0e−6

L∠v 1.1e−5 3.0e−6 6.0e−6 7.0e−6 1.7e−5

σ−P 1.338 1.808 10.522 19.087 48.907

σ+P 15.092 10.408 48.963 44.176 108.341

σ−Q 0.109 0.474 -0.034 3.465 1.587

σ+Q 20.916 11.154 15.001 41.206 168.881

a τ is the training set size. it is the number of feasible solutions obtained from 12,000 random events. ∆min and ∆max are the lower and upper
limits for the uniformly distributed load multipliers, respectively. ζg and ζv is the size of the input features for the generation and voltage models,
respectively. LMW and LMvar are the selected model’s mean squared error test losses for the generation active and reactive power, respectively.
Lvpu and L∠v are the selected model’s losses for the voltage magnitude and angles for the bus nodes. σ−P and σ+P are the upper and lower limits of
the active power generation in the training set (τ). σ−Q and σ+Q are the reactive power counterparts.

Figure 1 illustrates the process from data acquisition
to the deployment and on-the-fly criteria assessment of
PowerModel-AI. The gray arrow completing the loop
from the On-the-fly Validation step back to Data Acqui-
sition indicates that the loop terminates when the on-
the-fly criteria are met, meaning the prediction is valid.
If the criteria are not met, a new dataset is automatically
generated, and the model is updated accordingly.

Figure 1: Overview of the PowerModel-AI pipeline. The gray arrow
connecting on-the-fly (post-deployment) validation and data acquisi-
tion signifies that this step occurs only when the on-the-fly criteria are
unmet.

The step-wise implementation of PowerModel-AI al-
gorithm is showcased as a flowchart in Figure 2, where
all symbols follow their conventional meanings [17].
The long rectangular bars denote simultaneous pro-
cesses. The approach for inferring voltage magnitudes
and angles in the AC power flow problem involves con-
structing four different models to predict the generation
active and reactive powers based on load changes (2
models). These predicted values are then used as inputs
for two additional models to infer the voltage magni-
tudes and angles (see model design in Figure 2).

The PowerModel-AI pipeline is divided into three
stages: the base, deployment, and on-the-fly stages. In
the base stage, the initial model is trained and tested,
forming what is referred to as the Base Model. This
model is then used to predict voltage responses to new,
unseen changes in power demand in the deployment
stage.

The on-the-fly stage is triggered when specific
criteria are unmet (discussed further in Section 2.5). It
operates similarly to the base stage but automatically
generates a new dataset using PowerModels.jl in
regions where prediction performance is suboptimal.
The model built during this stage is called the Updated
Model. Unless the user intervenes, the updated model
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Figure 2: The flowchart for PowerModel-AI implementation. MW and Mvar are the units for the active and reactive power, respectively. Gen MW,
Gen Mvar, Bus vpu, and Bus vangle are colored orange to show that they are the targets in that training phase. All the flowchart shapes adhere to
their conventional interpretations.
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Table 2: Neural-network hyperparameters implemented in Pytorch

Hyperparameter Description Value
Number of Layers Total number of hidden layers in the network 2
Batch Size Number of samples per gradient update 32
Number of Epochs Total number of passes through the training dataset 300
Learning Rate Step size for updating weights during training 0.001
Number of Neurons Number of neurons per hidden layer Variesa

Loss Function Evaluates accuracy of the model’s predictions MSElossb

Activation Function Function applied to the output of each neuron Leaky ReLU
Weight Initialization Strategy for setting initial weights Xavier Initializer
Optimization Algorithm Method for updating weights based on gradients Adam Optimizer

a ζ denotes the input feature size. The number of neurons (rounded to the nearest integer) in the first and second layers are ζ3 and ζ6 , respectively.
The input feature sizes for the generation models (ζg) and voltage models (ζv), are listed in Table 1.
b The MSEloss criterion in the mean square error loss function in Pytorch

replaces the base model for future runs. Details of each
stage are provided below:

A. Base Stage

1. Generate the initial training data using PowerMod-
els.jl (refer to Section 2.2).

2. Build the generation active power model. The in-
put features are the new active and reactive power
demand in the nodes with long, as well as the pre-
set generation active and reactive power (before
any changes in power demand). The target is the
new generation active power.

3. Repeat Step 2 for the generation reactive power
model. The input features remains the same but the
new generation reactive power is set as the target.

4. Build the bus voltage magnitude model using the
new power demands (active and reactive) and their
corresponding generation reactive power as the in-
put feature. The new bus voltage magnitudes are
set as the target.

5. Repeat Step 4 for bus voltage angles. For the in-
put feature, the generation reactive power replaces
its active counterpart. Also, the new bus voltage
angles are the target.

6. Save all four models for deployment.

B. Deployment Stage

7. Import the base models.

8. User inputs new power demands (active and reac-
tive) for the selected nodes.

9. Use the generation power models to predict the
generation active and reactive power, based on new
power demand.

10. Use the predicted generation power and the new
power demand to predict the bus voltage magni-
tudes and angles.

C. On-the-Fly Stage

11. Automate on-the-fly criteria validation using the
predicted data from the deployment stage.

12. If criteria are met, validate results and models.
Otherwise,

13. If criteria fail, compute new power flow data in the
failure region using PowerModels.jl, then retrain
the base model parameters to obtain the updated
model.

14. If desired, replace the base model with the updated
model.

2.4. PowerModel-AI Hyperparameters

The PyTorch hyperparameters used for model
training are detailed in Table 2. The input features were
setup by converting the power demand and generation
data into PyTorch tensor objects, which were then
concatenated. For the power demand, only the active
and reactive components for nodes with load were in-
cluded, while buses without load components were ex-
cluded. As a result, the power demand tensor contains
only non-zero elements.

For generation power, a one-hot encoding approach
was used to represent all nodes in the system. Nodes
without generation were assigned zero values in the
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Figure 3: Representation of the weights in the network layers for 37-Bus synthetic grid.

tensor. Nodes with only reactive generation (i.e., syn-
chronous condensers) had a zero value for active power,
while generator nodes (with both active and reactive
power) had non-zero elements. This structure ensures
the model can distinguish between nodes with no gen-
eration, reactive-only generation, and both active and
reactive generation power.

While the design for the input feature remain consis-
tent for all the ML models, the size of the input fea-
ture vector (taken as ζ) varies with the specific synthetic
grid. The input feature sizes for the generation (ζg) and
voltage (ζv) models are provided in Table 1. For the
500-bus case, which includes 200 nodes with load and
60 nodes with either generators or synchronous con-
densers, its input feature size is 1400 for the generator
models and 900 for the voltage models. In comparison,
the sizes are 616 and 416 for the 200-bus, 128 and 91
for the 37-bus, 102 and 72 for the 30-bus, and 50 and
36 for the 14-bus case. All models have two hidden lay-
ers, with the first layer having ζ3 neurons and the second
layer having ζ6 neurons (both rounded to the nearest in-
teger).

Based on this, the input features used in model train-
ing are inherently sparse, with many zero-valued ele-
ments. Figure 3a and b illustrate this feature sparsity by
showing the layer weights for the generation power and
voltage models in the 37-bus grid, respectively.

The Leaky ReLU (Rectified Linear Unit) activation
function utilized for training, is given as [18]:

g(x) =

x if x ≥ 0
αx if x < 0

(9)

where, α (= 0.01) is a small positive constant that de-

fines the slope for negative inputs. This non-zero gradi-
ent helps prevent the dying ReLU problem associated
with the ReLU activation function, thereby support-
ing continued learning during backpropagation [18, 19].
The loss function, weight initialization, and optimiza-
tion algorithm were configured using the default set-
tings in Pytorch (see Table 2). The training data
was divided into training, validation, and test sets in
a 70:15:15 ratio. Additionally, external testsets were
generated using the procedure outlined in Section 2.2.
These datasets were used to evaluate model perfor-
mance and form the basis of the results presented in this
study.

2.5. The On-the-fly Learning Implementation

In the current version of PowerModel-AI, three cri-
teria are considered for on-the-fly prediction. Although
these criteria may not be universally applicable to all
power grid scenarios, they were tested and applied to
the grids discussed in this study, offering valuable in-
sights for automating power flow solution predictions.
However, the interested reader is encouraged to adapt
these criteria to address specific power flow problems.
The criteria used are discussed in detail in this section.

2.5.1. Training Domain
The first criterion is based on domain knowledge of

the training data. If the changes in power demand fall
outside the range of the training domain, there is a
reasonably high probability that the predicted voltages
will be inaccurate. The load multiplier range, between
∆min and ∆max, considered for each power grid case in
this study is detailed in Table 1. However, since load
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changes affect individual nodes differently and may not
uniformly influence power across all nodes or specific
groups of nodes (as discussed in Section 3.1.1), relying
solely on this domain-based criterion for on-the-fly pre-
dictions is not ideal. Nevertheless, it serves as a useful
indicator for potential issues with the model’s prediction
performance.

2.5.2. Power Conservation
The second criterion is grounded in the physical prin-

ciple of energy or power conservation. Specifically, the
total power in the grid must equal zero, such that:

D∑
i=1

S id +

G∑
j=1

S jg +

K∑
k=1

S loss
k = 0 (10)

S id and S jg are defined in Equation 2 and 3, respectively,
and S loss

k is the power loss in the kth node. Following
the discussion in Section 2.1, we rewrite Equation 5b to
align with Equation 10, resulting in the power conser-
vation equation:

Pig − jQig − Pid + jQid − Yi,i|Vi|
2 − V∗i

N∑
j=1, j,i

Yi, jV j ≈ 0

(11)
It is important to note that the equality in Equa-

tion 11 is an approximation due to the inherent errors
in any machine learning prediction of the ACPF so-
lutions. Therefore, the power conservation criterion
should be assessed relative to the training and test er-
rors obtained during model development. Addition-
ally, other contributing factors, such as the presence of
switched shunts that may contribute to reactive power in
the system [20], should be considered for specific cases.

2.5.3. Generation Power Saturation
The third criterion is based on the saturation limits

of generation power, including that of the swing node.
This criterion involves four variables: the maximum and
minimum total generations for (1) active power: σ+P and
σ−P, and (2) reactive power: σ+Q and σ−Q. The on-the-fly
algorithm will triggered only when the following condi-
tions are not met:

σ−P <

G∑
i=1

Pig < σ
+
P (12)

and

σ−Q <

G∑
i=1

Qig < σ
+
Q (13)

The values of σ−P, σ+P, σ−Q, and σ+Q for the training
dataset used in this study are listed in Table 1. Here,
Pig and Qig represent the predicted generation active and
reactive power outputs from the respective generation
models.

3. Result & Discussion

3.1. Model Selection and Assessment

Before selecting the design for PowerModel-AI,
we conducted thorough analyses using domain-specific
knowledge of synthetic grids and data manipulation
techniques to extract meaningful features from the train-
ing dataset. This foundational work is crucial for en-
hancing the model’s predictive capabilities. Details of
these analyses and their influence on the model selec-
tion process are discussed in this section.

In general, we found that by identifying key input
features (such as generation power) and applying one-
hot encoding, we achieved satisfactory prediction ac-
curacy with a simple architecture of two hidden layers.
This approach suggests that effective feature and model
selection can minimize the need for regularization and
dropout techniques, which were not incorporated in our
design. Additionally, the training process consistently
proved effective within 200 to 300 epochs.

3.1.1. Node Dependencies
The first analysis was to identify correlations between

changes in power demand and bus voltages. To inves-
tigate this, the sensitivity of bus voltages to changes in
power demand was measured as the average deviation
of each node’s voltage from its preset value (i.e., before
any change in power demand). The dataset for the sen-
sitivity analysis was generated as described in Section
2.2, with the key difference being that m (= 2, 505) ran-
dom changes to power demand are applied to only one
node at an instance, and repeated for other nodes. Con-
sequently, for each node under consideration, the size of
n and is always 1 and the size of the dataset, τ, is m ×
the number of nodes with load.

The top panel in Figure 4a, b, and c shows the sensi-
tivity of node voltage magnitudes to load changes in the
14-bus, 30-bus, and 37-bus synthetic grids, respectively.
The middle panel illustrates the sensitivity of voltage
angles, while the bottom panel provides simplified rep-
resentations of node connections in the synthetic grids.
The color bar indicates the normalized voltage devia-
tion, V ′n,k, for all nodes (k) due to power demands on a
specific node (n), calculated as:

8



Figure 4: The Normalized sensitivity of the voltage magnitude (top panel) and angles (center panel) to load changes in the (a) 14-bus, (b) 30-bus
cases, and (c) 37-bus cases. The color bar represents the average deviation of the new voltage values from those of the original configuration (before
any changes in power demand). A value of 1(0) indicated the most(least) sensitive bus nodes. The bottom panel depicts schematic representations
of the grids. Nodes that do not have generators are colored in brown, those having both active and reactive generation power (i.e., generators) are
colored green, while nodes with only reactive generation power (i.e., synchronous condenser) are colored yellow. The nodes labeled ”1” in the
14-bus and 30-bus systems, and ”23” in the 37-bus system are the slack (or swing) node.

V ′n,k =
Ṽn,k

max
(
Ṽn,k ∀ k ∈ K

) (14a)

Ṽn,k =
1

V0
k

∣∣∣∣∣∣∣ 1
M

M∑
m=1

Vm
n,k − V0

k

∣∣∣∣∣∣∣ (14b)

Here, M represents the total number of load multi-
pliers within the range from ∆min to ∆max. V0

k denotes
the initial voltage of the kth node, while Vm

k represents
the voltage at the kth node after applying the mth load
multiplier to the preset power demand at the nth node.

From Equations 14a and b, when V ′n,k → 1 in Figure
4, this indicates a high sensitivity of the kth node’s volt-

age (on the x-axis) to changes in power demand at the
nth node (on the y-axis).

The top panel of Figure 4 indicates that the volt-
age magnitudes of nodes with generators generally re-
main stable regardless of the changes in power demand,
as generators adjust by supplying the additional power.
This trend is consistent across all bus cases. However,
this was not the case for the voltage angles, where sig-
nificant variations among the synthetic grids was ob-
served. For example, the swing nodes in the 14-bus
(Node 1) and 37-bus (Node 29) systems tend to main-
tain their original voltage angles at 0◦ and -2.11◦, re-
spectively. In contrast, the swing node in the 30-bus
(Node 1) system has an original voltage angle of 98.43◦,
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which consistently shifts towards zero with changing
power demand, indicating the maximal change in Fig-
ure 4b (middle panel).

These observations underscore the importance of in-
corporating generation power as an input feature in
model development. However, it remains unclear
whether active or reactive power has a more significant
impact on voltage angles and magnitudes, highlighting
the need for further analysis.

3.1.2. Load Flow Decoupling in Power Systems
A fundamental assumption in power flow equations

is that changes in active power are primarily influenced
by changes in voltage angles, while changes in reactive
power are mainly affected by variations in voltage mag-
nitude. This principle is critical to the Fast Decoupled
Load Flow (FDLF) method [21] for solving power flow
problems and our models also exhibited this character-
istic.

To demonstrate this, we present the voltage predic-
tion performance of three candidate models considered
in the standard ML model selection process. Figures
5 and 6 show the prediction accuracy for voltage mag-
nitude and angle, respectively. The plots compare the
true or target voltages (x-axis) with predicted or out-
put voltages (y-axis). Data points aligned along the di-
agonal gray line indicate that high prediction accuracy.
The color bar represents a non-parametric Gaussian ker-
nel density estimation, normalized to map the density of
the true and the predicted values. The red regions (in-
dicating values closer to 1) highlight areas with higher
data point concentration, while blue regions (indicating
values closer to 0) represent areas with lower concen-
tration. For satisfactory prediction performance, the red
regions should closely align with the diagonal gray line.

These predictions were tested on an external dataset
of 12,000 data points. For a fair comparison, we fo-
cus on the worst-case predictions across the five Texas
A&M synthetic grids. The specific bus node is indi-
cated in each plot legend. Similar plots for other nodes
across all grids are provided as supplementary material,
available as PNG files and Jupyter notebooks.

In Figures 5 and 6, the left panel plots labeled C1,
C2, and C3 represent the control models, while the right
panel plots labeled M1, M2, and M3 are the candidate
models for PowerModel-AI algorithm. The key differ-
ence between these two sets of models lies in their ap-
proach to incorporating the generation power data. The
control models use generation power directly from the
training dataset as input features, bypassing the genera-
tion ML model (henceforth referred to as M4) entirely.
In contrast, the candidate models first predict generation

power using M4 and then use these predicted values as
part of their input features for the voltage prediction.
This approach requires only changes in power demand
as the original input feature (see the algorithm flowchart
in Figure 2). As a result, the control models undergo a
single training and prediction stage, whereas the can-
didate models involve a two-stage process. Given this
streamlined approach, the control models are expected
to provide more accurate predictions, hence their desig-
nation as “control.”

The numbers “1,” “2,” and “3” in the model labels in-
dicate that models with the same number share the same
type of input features. The Venn diagrams in Figure 7a
illustrate the input features used for predicting (i) the
voltage magnitude and (ii) the voltage angle in the can-
didate models. Similar diagrams can be created for the
control models by replacing “M” with “C” and substi-
tuting the predicted generation power with the true gen-
eration power. All models include the updated active
and reactive power demands as their input features. In
addition to this:

• M1 (C1) includes the predicted (true) generation
reactive power for the voltage magnitude predic-
tion and the active generation power for voltage
angle prediction.

• M2 (C2) uses the predicted (true) generation reac-
tive power to infer the voltage angles and the active
generation power for voltage magnitude.

• M3 (C3) incorporates both the predicted (true) re-
active and active generation power to infer the volt-
age magnitude and angles.

Overall, the voltage plots for the candidate models
closely mirror those of their corresponding control mod-
els, suggesting that the generator model, M4, accurately
predicts the true generation power. This alignment is
particularly notable since the use of predicted versus ac-
tual generation power is the only difference between the
two kinds of models. We illustrate this in Figure 7b,
where the mean differences between true and predicted
generation active and reactive powers are plotted for all
nodes in the 30-bus grid. Additionally, Figure 7c shows
that the total power of the external test-set are within the
generation power limits for the 30-bus, specified in Ta-
ble 1 and discussed in Section 2.5.3. The red and blue
dashed lines indicated the upper and lower generation
power limit, respectively.

As noted earlier, Figures 5 and 6 depict the worst-case
prediction scenarios. For the M1 model’s voltage mag-
nitude predictions, while some data points deviate from
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Figure 5: Comparison of true (from the external testset) and predicted voltage magnitude (vpu) for control models (C1, C2, C3) and candidate
models (M1, M2, and M2), respectively. The bus nodes displayed were selected to show the worst-case predictions and hence the reason for the
model selection decision. Similar plots for all buses (and models) are available as supplementary datasets.
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Figure 6: Corresponding plot for the comparison of the true and predicted voltage angle, with the same intent as discussed for the voltage angles in
Figure 5. Similar plots for the remaining nodes are also available as supplementary datasets.
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Figure 7: (a) Venn diagram depicting the input features for candidate models M1, M2, and M3, used for bus voltage (i) magnitude [vpu] and (ii)
angles [vangle] predictions. (b) The generation power (active and reactive) for the original configuration (no change in power demand) and the
mean (average) of the predicted values from model M1. (c) The total power values for the external dataset (criteria 3 for on-the-fly). The upper and
lower limits obtained from the training set for σP and σQ are shown in red and blue, respectively. Violin plot of the prediction mean absolute error
(MAE) of models (d) M1, (e) M2, (f) M3, and (g) the power generation model, M4. The mean values are calculated for each node in the external
testset for the different bus cases.

the diagonal (especially in the 14-bus case), the red den-
sity regions remain centered along the diagonal, indicat-
ing overall satisfactory prediction performance across
all grids.

In contrast, the M2 and M3 model predictions for
the 37-, 200-, and 500-bus synthetic grids show that the
red density regions are not consistently aligned with the
diagonal, although the data points are not significantly
scattered. This misalignment points to potential under-
fitting or overfitting, likely due to an unfavorable bias-
variance tradeoff (high bias, low variance) [22]. No-
tably, this issue does not arise in the M1 model predic-
tions, where the red density regions consistently align
with the diagonal, signifying more robust performance.

The voltage angle prediction plots in Figure 6 gener-
ally demonstrate better fitting quality across all candi-
date models. However, some discrepancies between the
candidate models and their respective control models
are noticeable, particularly in the lower voltage regions
of the 14- and 500-bus cases. For instance, the brown
arrow highlights a deviation in the 76th node plot for the
M2 model. While this difference may seem minor due
to its occurrence in areas with the lowest data density
(blue region), a comparison across models reveals that
M1 maintains better consistency with its control model.
Models M2 and M3 exhibit these discrepancies, despite
their control models aligning almost perfectly with the

diagonal axis, raising concerns about the generalization
of their predictions.

These observations further highlight the importance
of including generation power as a feature and under-
score the critical choice of generation type for accurate
voltage magnitude and angle predictions. They also in-
dicate that the M1 model design is optimal for predict-
ing both voltage magnitude and angle, effectively cap-
turing the relationships between active (reactive) power
and voltage angle (magnitude).

To further substantiate M1 as the optimal model, we
present the mean absolute error (MAE) for all models,
depicted as violin plots in Figure 7d, e, f, and g for M1,
M2, M3, and M4, respectively. The MAE for all candi-
date models is in the 10−3 range, except for the voltage
angle MAE in M3, which is in the 10−2 range. Notably,
M1 consistently demonstrates a lower MAE compared
to M2 and M3, affirming its superior performance. Ad-
ditionally, the mean squared error (MSE) test losses for
M1, detailed in Table 1, further confirm its satisfactory
performance during training.

Consequently, previous and subsequent references to
PowerModel-AI pertain to the M1 model design. The
plot of the training losses for all the models discussed
in this work are provided as supplementary data in the
Jupyter notebooks. All the models show good conver-
gence in the training and validation sets.
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Table 3: Details of the new training dataset used to demonstrate PowerModel-AI’s on-the-fly learning feature. All parameters follow the definitions
in Table 1, with the values for τ and ∆∗min remaining the same. Asterisks indicate that this training dataset differs from the one in Table 1.

Parameters 14-Bus 30-Bus 37-Bus 200-Bus 500-Bus
∆∗max 2.0 2.0 2.0 2.0 2.0
σ−∗P 0.830 1.261 7.007 16.381 42.273

σ+∗P 4.897 5.080 17.144 28.805 60.734

σ−∗Q -0.172 0.091 -0.197 2.338 -2.939

σ+∗Q 2.642 3.347 0.830 10.786 12.379

3.2. On-the-fly Model Update

A key innovation of PowerModel-AI is its on-the-fly
feature, which minimizes the need to generate training
data for every possible scenario as model update is au-
tomated based on prediction performance. The query
strategy used in PowerModel-AI is based on the three
criteria discussed in Section 2.5: (1) the training do-
main, (2) power conservation, and (3) generation power
saturation. For this study, and based on the analysis pre-
sented herein, we opted to assign a scoring metric to de-
termine when to initiate on-the-fly learning. The scoring
metric, on a scale of 5, is allocated as follows:

1. Training Domain Criterion→ 1 points

2. Power Conservation Criterion→ 1 points

3. Generation Power Saturation Criterion→ 3 points

In the PowerModel-AI implementation, a score is
awarded if the predicted result satisfies a criterion, oth-
erwise, no score is given. A minimum score of 4 points
is required during any prediction to avoid initiating a
model update. Therefore, on-the-fly learning is trig-
gered if a set of load changes fails to meet the 4-point
threshold.

The Training Domain Criterion is assigned a score
of 1 because not all buses with loads equally contribute
to power redistribution or significantly influence volt-
age outputs. Moreover, deviations from the current
training domain can result in infeasible solutions within
PowerModels.jl, which fall outside the scope of AC
power flow problems considered here–becoming opti-
mal power flow [23, 24, 25] or contingency analysis
[26, 27, 28] problems.

Similarly, the Power Conservation Criterion also re-
ceives a score of 1, as its outcome is influenced by inher-
ent training errors in both M1 and M4, although it gen-
erally holds true in most cases. The Generation Power
Saturation Criterion, however, is given the highest score

of 3, as our findings show that generation power is crit-
ical for model selection. Thus, adhering to the default
power limits in the training set is essential for ensuring
valid results.

To demonstrate the advantages of PowerModel-AI’s
on-the-fly learning capability, we compare the voltage
magnitude and angle prediction performance of two M1
models, shown in the upper and lower panels of Fig-
ure 8, respectively. The first model, which is the base
model, was trained on a dataset generated using a load
multiplier upper limit of 2.0, denoted as ∆∗max. The de-
tails of this dataset are provided in Table 3, where the
asterisks indicate that the parameters differ from those
used in the dataset described in Table 1.

The second model is the base model retrained on the
external testset used in Figures 5 and 6, now serving as
a new training dataset. This second model, referred to
as the updated model (as defined in Section 2.3), was
trained using the parameters outlined in Table 1, specif-
ically with ∆max. Notably, both datasets share the same
values for τ and ∆min.

In Figure 8, the “A” rows show the base model’s pre-
diction performance on an external test set generated
using ∆∗max. Rows “B” and “C” depict the base and
updated models’ performance on a new, unseen exter-
nal test set generated with ∆max. It is evident that while
the base model performs well in the ∆∗max domain (row
A), it fails to generalize to the ∆max domain (row B).
However, after on-the-fly implementation, the updated
model shows improved prediction performance in the
∆max domain (row C).

We note that the nodes plotted in Figure 8 were se-
lected based on the base model’s best-case predictions
for the ∆max dataset in Row B. Similar plots for other
nodes are available as supplementary material. Impor-
tantly, Table 3 indicates that the on-the-fly criteria were
not met for the predictions in Row B. Therefore, in
PowerModel-AI’s operational scenario, the on-the-fly
model update algorithm would have been triggered.
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Figure 8: Comparison of true vs. predicted voltage magnitudes (upper panel) and angles (lower panel) to highlight the benefits of PowerModel-AI’s
on-the-fly learning capability. In each panel, row A shows the base model’s performance on an external test set from the ∆∗max domain, while rows
B and C present the performance of the base and updated models on a new external test set from the ∆max domain, as outlined in Table 1. The
nodes in the plots are selected based on the base model’s best predictions for the ∆max domain (Row B).

3.3. The PowerModel-AI Software Application

PowerModel-AI is available as an open-source soft-
ware hosted on Streamlit. The algorithm is also ac-
cessible on LANL’s Advanced Network Science Initia-
tive (ANSI) GitHub page. In the current version, the
training datasets for both the base and updated mod-
els are automatically generated using the PowerMod-
els.jl package—an open-source power flow solver/op-

timizer developed at LANL. Users have the option to
integrate their preferred power flow solver. A link to
the PowerModel-AI software, along with comprehen-
sive documentation and implementation examples, is
provided in the supplementary material.
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4. Conclusions and Prospects

In power systems, determining power injection from
known network voltages is relatively straightforward.
However, the inverse problem—calculating voltages
from given power injections—presents a significant
challenge due to the nonlinearity of power flow equa-
tions. This study introduces PowerModel-AI, a new
machine-learning software that leverages historical AC
power flow data to accurately predict solutions for up-
dated power demands in synthetic grids. The neural
network models are constructed with two hidden lay-
ers, each having a carefully selected number of neu-
rons to balance model complexity with computational
efficiency, ensuring that the network effectively learns
meaningful patterns from the data without over- or
under-fitting. We provide prediction results and anal-
yses for five Texas A&M synthetic power grid cases:
the 14-, 30-, 37-, 200-, and 500-bus systems.

PowerModel-AI features a state-of-the-art online
learning routine known as on-the-fly learning. This ap-
proach offers two main benefits: (1) it minimizes the
need to generate training data for every possible sce-
nario, and (2) it enables instantaneous model updates
when the model’s predictions diverge from accuracy.
The updates are based on three criteria: (a) the range
of the training domain, (b) principles of power/energy
conservation, and (c) generation power saturation lim-
its. Our results underscore the importance of careful
model selection, particularly in input feature selection.
The model design effectively captures the relationship
between active/reactive power and voltage angle/mag-
nitude, adhering to the load flow decoupling principle.

To support reproducibility and encourage open re-
search, we have made the datasets and models used in
this study publicly available. Additionally, we provide
access to the PowerModel-AI online application, hosted
on Streamlit, along with all representative plots (both
presented and not presented in this study) and the algo-
rithms (Python scripts in Jupyter notebooks) used to
generate them.

Looking ahead, future developments for
PowerModel-AI will focus on expanding its pre-
diction capabilities to include optimal power flow,
contingency analysis, and predicting infeasible solu-
tions based on specified power demands. Currently,
PowerModel-AI aggregates generation powers at nodes
with multiple generator fuel types, but future versions
will address this by explicitly specifying generator fuel
types, potentially enhancing the model’s predictive
accuracy in complex scenarios.

Data Availability Statement

The data supporting the present study are publicly
available on our Google Drive (link) and on Zenodo
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