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Abstract—Power system frequency disturbances are caused by 

various generation and transmission events including generator 

trips, load disconnections, line trips, etc. Accurate detections of the 

events are crucial to bulk power system situation awareness and 

event investigation. This paper utilizes the recent advances of deep 

learning to build a convolutional neural network model to detect 

events in an accurate yet straightforward manner. In this paper, 

the rate of change of frequency and the relative angle shift are 

converted to images as the inputs of the proposed model. Finally, 

this paper uses two convolutional neural networks and classifier 

fusion to achieve the detection result. Compared with the 

conventional event detection algorithm and the frequency only 

deep learning model, the proposed model improves the detection 

accuracy by over 48.89%. As a promising tool for bulk power 

system situation awareness, the proposed model requires a short 

decision time, which is suitable for practical scenario. 

Index Terms—Frequency disturbance events, wide area 

monitoring, situation awareness, rate of change of frequency, 

relative angle shift, deep learning, synchrophasor.  

I. INTRODUCTION 

OWER system disturbances can be caused from small to 

large impacts on the operation of an interconnected power 

grid. While a small disturbance may only cause a 

negligible frequency variation, a rather big disturbance usually 

implies more serious power quality issues. These power quality 

issues can greatly affect the grid and cause severe consequences 

such as large-scale blackout, which can cost up to $7-$10 

billion [1]. The frequency disturbances are commonly caused 

by generator trips and load disconnections. Therefore, the 

detections of both events are of great importance in terms of 

monitoring the resource adequacy, pinpointing the fault 

location, and ensuring the reliability of the grid.  

The detections of the frequency disturbance events have 

become easy to implement thanks to the invention of phasor 

measurement units (PMUs). A PMU provides GPS 

synchronized measurement of electrical quantities 

(synchrophasors) from across the power system. The increasing 

deployment of the PMUs gives a rather thorough understanding 

of the system dynamics, making the event detection and 

location more accurate. In recent years, PMUs have been 

widely used in wide area monitoring [2], load control [3] and 

disturbance event detection and location [4]. PMU based event 

detection is mainly model-driven or data-driven. Model-driven 

approaches rely on a known system topology. Many model-

driven approaches are proposed to address the detection of line 

outages [5] and oscillations [6]-[7]. Data-driven approaches are 

becoming popular with the advances on the computational 

power of the modern computers. Some data-driven models have 

been proposed to detect simple frequency disturbances [8]-[11], 

and complex frequency disturbances [12]. 

With the evolutionary advance in combining the graphical 

processing unit (GPU) with deep learning, some have adopted 

deep learning in solving various power system problems 

including event classification [13], cybersecurity [14], wind 

forecasting [15], load forecasting [16], security screening [17], 

and power quality classification [18]. It may sound unusual to 

take advantage of an efficient, emerging, image recognition 

tool, convolutional neural network (CNN), to detect frequency 

disturbance events. However, due to its extraordinary feature 

generalization ability, it is logical to exploit this ability in 

detecting frequency disturbance events, which contain complex 

spatio-temporal characteristics.  

Recently, a CNN based model was proposed to recognize the 

event type [13]. The experimental results show this model can 

successfully classify frequency events. However, this model, as 

well as other data-driven models, focus on exploiting the 

frequency signal alone to detect frequency disturbance events. 

A potential issue is that the frequency signal alone may not be 

accurate enough for event detection. Since the motor load 

provides frequency response to the power grid, under a light 

load condition, less frequency response can be obtained from 

the motor. In the meantime, the frequency will keep ramping 

down since not enough frequency response is provided, even if 

no event is involved [19]. In this scenario, many of the 

aforementioned models could have sent out false alarms due to 

the failure of telling a frequency ramping from a real event. 

To address this issue, the relative angle shift (RAS) signal  is 

introduced as another indicator. An event creates an 

electromechanical wave that propagates through an 

interconnected power grid with finite speed [20]. The wave 

causes the angle shifts among the power grid [8]. Based on this 

fact, some literatures have proposed to use the phasor angle to 

locate event source [4], and detect single line outage [5]. On the 
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other hand, as a transformation of the frequency signal, the rate 

of change of frequency (ROCOF) is used by some to detect 

frequency events [21]. Both works achieve good results since 

the ROCOF signal demonstrates more obvious frequency 

change characteristics under event conditions. 

Since the ROCOF signal and the RAS signal are both good 

indicators for frequency disturbance events, this paper exploits 

the CNN model using both signals as inputs to build an efficient 

and accurate event detection model. This paper chooses two 

important types of events: generation trip (GT) and load 

disconnection (LD) [11] to compare the performance of the 

proposed model with the conventional event detection model, 

and frequency only CNN model [13]. 

The main contribution of the paper is four-fold: 1) it analyzes 

the angle-wise difference between an event and a frequency 

ramping;  2) it constructs informative ROCOF and RAS images 

for the CNN model; 3) it proposes a novel ROCOF_Net-

RAS_Net model to detect events; 4) it conducts extensive 

evaluation of the proposed model using a large number of 

manually classified disturbance events from the U.S. eastern 

interconnect (EI).  

The rest of this paper is organized as follows: Section II gives 

theoretical analysis and comparison of a generator trip and a 

frequency ramping. Section III demonstrates the proposed 

ROCOF_Net-RAS_Net model. Section IV demonstrates the 

effectiveness and the accuracy of the proposed model. Section 

V discusses requirements, potential limitations, and 

implementations of the proposed model, Finally, the 

conclusions and future work are discussed in Section VI.  

II. FREQUENCY EVENT MODELING 

A. Fault Related Angle Shift  

Consider a sinusoidal waveform with signal of frequency f = 

2π/ω given by 

   cosx t X t   ,                       (1) 

where X is the amplitude, ω is the angular velocity, and φ is the 

phase angle. 

The voltage angle of the generator with respect to a 

synchronously rotating reference is given by 

  syn
t t     ,                             (2) 

where ωsyn is the angular velocity of synchronously rotating 

reference and δ is the relative angle with respect to the 

synchronously rotating reference. 

The swing equation is shown as follows 

 
syn

d d

dt dt

 
    .                           (3) 

 

(3) can be further written via frequency f, so that 

1

2
syn

d
f f

dt




    ,                            (4) 

1

2
syn

d
f f

dt




    ,                            (5) 

where fsyn is the frequency of the synchronous reference.  

From (5), theoretically, the change of the magnitude of the 

angle shift is decided by the frequency difference of the current 

generator and the synchronously rotating reference. During an 

event, since the frequency differences vary among the grid, the 

resulted angle shifts will vary as well. Large angle shifts are 

usually observed near the event source, since the frequency 

differences are large. Similarly, smaller angle shifts are 

observed far from the event source, since the frequency 

differences are small. 

B. A Sample Comparison 

Take a generator trip and a frequency ramping. When a 

generator trips offline due to a fault, it creates an instant 

mismatch between the source and the load. To compensate the 

mismatch, other generators immediately consume their kinetic 

energy, thus their speeds are slowed down. Because the 

generators are affected sequentially, the angle shifts appear 

sequentially as well. However, a frequency ramping is usually 

caused by scheduled control changes in an interconnected 

power grid. Since a scheduled change is a planned reduction or 

increase of the generator output power, no fault is involved, 

thus the angle shifts are synchronous.  

A generator event and a frequency ramping captured by the 

FNET/GridEye are shown in Fig. 1 and Fig. 2 respectively. In 

Fig. 1 (a), frequency excursions are observed before the system 

frequency drops, which create large positive ROCOF signals. 

In Fig. 1 (b), angle shifts happen sequentially at different 

magnitudes, creating obvious RAS signals. In Fig. 2 (a), 

frequency drops are seen even though no frequency excursions 

Synchronous 

angle shifts 

at the same 

magnitude 

 

  TABLE I  

FREQUENCY DISTURBANCE CHARACTERISTICS 

Type ROCOF ROCOF Sign RAS 

Generator Trips √ + √ 

Ramping down √ +  

Load Disconnection √ - √ 

Ramping up √ -  

     

          

          (a) Frequency                  (b) Unwrapped relative angle                 (a) Frequency                   (b) Unwrapped relative angle            

Fig. 1  Generator trip event                                                   Fig. 2   Frequency ramping  
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are observed, which creates similar ROCOF signals. However, 

in Fig. 2 (b), angle shifts happen simultaneously at similar 

magnitudes, where no obvious RAS signals are created.  

Load disconnection events have similar characteristics. 

Generally, the disconnection of loads causes similar RAS 

signals and negative ROCOF signals. This paper summarizes 

the characteristics of all conditions in Tab. I.  

III. PROPOSED CONVOLUTIONAL NEURAL NETWORK MODEL 

This paper designs two CNN models based on the typical 
CNN components [22]. In the following sections this paper 
explains the construction of the input images, the design of 
the layers, the choices of the parameters, and the logic of 
decision. 

A. CNN Input Characteristics 

Data preparation or feature engineering is the key to most, if 

not all, of the machine learning models [23]. In order to prepare 

informative inputs for a CNN, two things need to be considered: 

Spatial information: The first and most important thing to 

consider is the spatial information. The CNN is efficient on 

image recognition because it can generalize multiple spatial 

features. To exploit this ability, the input must have enough 

spatial information.  

Channel: Channel is important since the image recognition 

class usually incorporates color as an important feature. 

However, multiple channels may not help when spatial 

information is much more important than colors.  

B. Gray Image 

In image recognition, the spatial information can be 

independent to the color channels. For example, as seen from 

Fig. 1 (b), the spatial information of the RAS signal is more 

obviously reflected by the magnitude of the shifts instead of its 

color. Therefore, gray-scale images can be yet another 

representation of the spatial information. This paper uses the 

following function [24] to generate the gray-scale images: 

( ) ( ) ( ) ( )
0.3 0.59 0.11

t k t k t k t k
gd r g b                 (6) 

where gdt(k) is the gray degree as of timestamp k.  

C. ROCOF Image Construction 

A ROCOF calculation is written as follows 

( 1) ( )

( )
( 1) ( )

t k t k

t k

F F
RO C O F

t k t k





 



  

 ,                  (7) 

where ROCOFt(k) is the ROCOF value at timestamp k, Ft(k) is 

the frequency at timestamp k, and τ is the time interval.  

The ROCOF is time-series data, with temporal 

characteristics enclosed. However, as CNN features spatial 

characteristics extraction, the temporal characteristics can be 

transformed to a spatial representation. Here, the time-series 

ROCOF is transferred to a matrix P as 

 

(1) ( ) ( )

( 1) ( )

t t k t m

t n m t n

P P P

P P
 

 

 

 

 
 

P   ,              (8) 

 where Pt(k) is the converted pixel value at timestamp k, m is 

the number of points/timestamps at each row, n is the total 

number of points/timestamps in the image.  

 The ROCOF matrix is converted to a pixel image by 

      

      

      

             
 

(a) GT color images           (b) GT gray-scale images               (c) LD color image            (d) LD gray-scale image 

Fig. 3  Sample images 

 

                                        
                                            (a) Event-related RAS                                             (b) Gray-scale event-related RAS 

                                       
                                            (c) Non-event RAS                                                 (d) Gray-scale non-event RAS 

Fig. 4  Sample RAS images 
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 where, rt(k), gt(k), and bt(k) are the red, green, and blue strength 

at the timestamp k respectively. ROCOFmax and ROCOFmin are 

the maximum and the minimum ROCOF from t(1) to t(n) 

respectively. Here, a static value 0 is assigned to the green (g) 

position. The purpose is to make the 2 types of image 

differentiable. However, other values are possible as long as 

they can make the images differentiable for the CNN.  

Some sample ROCOF images are shown in Fig. 3. The 

images are of 20×20 size which contains 40-second frequency 

measurements. Note this paper uses 40-second data because the 

frequency excursion normally lasts for less than 10 seconds. 

This paper includes the 15-second pre-event and post-event 

data to construct better input images. From Fig. 3, each event 

type has a unique spatial footprint that differentiates it from 

others. A generation trip has a blue belt while a load 

disconnection has a red belt due to the frequency dip and 

frequency spike. Similarly, looking at the gray-scale images, a 

generation trip has a gray belt in a black background while a 

load disconnection has a black belt in a gray background. It is 

seen from the constructed images, in both formats, the temporal 

information (time-series data) is preserved spatially (image).  

        
(a) ROCOF_Net                                                                          

      
(b) RAS_Net 

Fig. 5  Proposed CNN models 

TABLE II  

CNN STRUCTURE FOR THE ROCOF DATA 

Input Operation Output 

20×20×3 Conv_1(k=2,f=32,s=1,p=1) 20×20×32 

20×20×3 Act_1 20×20×32 

18×18×32 Conv_2(k=3,f=32,s=1,p=0) 18×18×32 

18×18×32 Act_2 18×18×32 

18×18×32 MaxPool_1(k=2,s=2,p=0) 9×9×32 

9×9×32 Dropout_1 9×9×32 

9×9×32 Conv_3(k=2,f=64,s=1,p=1) 9×9×64 

9×9×64 Act_3 9×9×64 

9×9×64 Conv_4(k=2,f=64,s=1,p=0) 8×8×64 

8×8×64 Act_4 8×8×64 

8×8×64 MaxPool_2(k=2,s=2,p=0) 4×4×64 

4×4×64 Dropout_2 4×4×64 

4×4×64 Flatten 1024×1 

1024×1 FC_1(in=1024, out=512) 512×1 

512×1 Act_5 512×1 

512×1 Dropout_3 512×1 

512×1 FC_2(in=512, out=4) 2×1 

4×1 Act_6 2×1 

       

TABLE III  

CNN STRUCTURE FOR THE RAS DATA 

Input Operation Output 

100×100×3 Conv_1(k=10,f=32,s=3,p=0) 31×31×32 

31×31×32 Act_1 31×31×32 

31×31×32 Conv_2(k=3,f=32,s=1,p=0) 29×29×32 

29×29×32 Act_2 29×29×32 

29×29×32 MaxPool_1(k=2,s=2,p=0) 14×14×32 

14×14×32 Dropout_1 14×14×32 

14×14×32 Conv_3(k=3,f=64,s=1,p=1) 14×14×64 

14×14×64 Act_3 14×14×64 

14×14×64 Conv_4(k=3,f=64,s=1,p=0) 12×12×64 

12×12×64 Act_4 12×12×64 

12×12×64 MaxPool_2(k=2,s=2,p=0) 6×6×64 

6×6×64 Dropout_2 6×6×64 

6×6×64 Flatten 2304×1 

2304×1 FC_1(in=2304, out=512) 512×1 

512×1 Act_5 512×1 

512×1 Dropout_3 512×1 

512×1 FC_2(in=512, out=2) 2×1 

2×1 Act_6 2×1 
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D. RAS Image Construction  

As seen in Fig. 1 (b), angle shifts have rather obvious spatial 

differences. This paper calculates, aligns, and plots the relative 

angle shifts as 2D images. A relative angle is written as follows:  

( ) ( ) ( )

i i syn

t k t k t k
As VA VA                               (10) 

where Asi
t(k) is the angle shift of the ith device at timestamp k, 

VAi
t(k) is the voltage angle of the ith device at timestamp k, and 

VAsyn
t(k): the voltage angle of a synchronously rotating motor.  

Fig. 4 shows some sample RAS images of 100×100 size. As 

seen from Fig. 4 (a), sequential RASs are very obvious when an 

event is involved, while from Fig. 4 (c), synchronous RASs are 

observed when no event is involved. Similarly, the conclusion 

holds true for gray-scale images. Since the RAS signals contain 

obvious spatial characteristics, their gray-scale images reflect 

strong spatial characteristics as well. 

E. Layers 

A CNN mimics the structure of the brain visual cortex. A 

typical CNN consists of multiple stages. Usually, each stage 

consists of many layers, which are the convolution layer, the 

activation layer, the max-pooling layer, and the drop-out layer 

(optional). However, the last stage is usually composed of fully 

connected layers for classification purpose. Here, the function 

of each layer is explained as follows: 

Convolution Layer: A convolution layer takes n1 2D feature 

maps of size n2×n3 as the input. It transfers the input feature 

maps to m1 2D feature maps of size m2×m3 using m1 trainable 

kernels of size l1×l2. Each kernel detects a particular spatial 

character at every location on the input. Based on the sizes of 

the input images, this paper places 4 sequential convolution 

layers to reduce the size of the images gradually. Note 4 is 

specially tuned for the constructed images in this paper. On 

other occasion where the size of the picture is larger, more 

convolutional layers may be needed.  

Activation Layer: An activation layer takes the 2D feature 

maps of size m2 × m3, which are generated by the last 

convolution layer as the input. Traditionally, an activation layer 

is assigned a non-linear activation function. The purpose of the 

activation layer is to add non-linearity to the model, making it 

capable to compute any function. Some popular non-linear 

activations functions include sigmoid, tanh [25] and rectified 

linear unit (ReLU) [26]. Since ReLU is the most widely used 

activation function since negative inputs to the neuron are 

ignored. This paper uses ReLU as the activation function.  

Max-pooling Layer:  A pooling layer is to merge 

semantically similar features into one, thus it reduces the 

dimension of the feature maps. A max-pooling unit computes 

the maximum of a local path of units in one feature map (or in 

a few feature maps). This paper follows the classic design of the 

max-pooling layer [27]. It applies multiple max-pooling layers 

where the size of an image is reduced to a half. 

 Drop-out Layer (optional): A drop-out layer [28] is applied 

at the end of each stage to prevent the CNN from overfitting. 

The drop-out layer ignores part of the neurons, thus it reduces 

the total feedback during the back propagation. This paper 

applies 2 dropout layers in each CNN model to reduce the speed 

of the learning process. Note, in this paper, 2 dropout layers are 

chosen based on the 4 convolution layers. If more convolution 

layers are introduced, more dropout layers may be needed.  

F. Parameters 

CNN parameters [22] are important values that decide its 

performance. CNN parameters include: 

Kernel size: Kernel size is the most important parameter in a 

CNN model. Kernel size decides the first 2 dimensions of the 

convolutional output. A proper kernel size decides the spatial 

generalization capability of the current convolution layer. A 

proper kernel size typically depends on the size of the input.   

Feature map number: Feature map number is another 

important parameter. It decides the last dimension of the 

convolutional output. A proper feature map number decides the 

number of local features to extract. A proper feature map 

number typically depends on the complexity of the input. 

Stride: Stride is the number of pixels that the model skips 

between operations. For example, in a convolution layer, if 

stride=n, the kernel moves rightward by n pixels when the 

current convolution is done. 

Zero-Padding: Padding is usually used to keep the input and 

output the same dimension. Padding improves the overall 

performance of a CNN by keeping information at the borders. 

Input neuron number (fully-connected layer): Typically, 

the input neuron number matches the number of the flattened 

outputs of the former layer.  

Output neuron number (fully-connected layer): The output 

neuron number should be carefully chosen. A proper number of 

output neurons preserves the information from the former layer 

yet makes the model efficient to train. Note the number of 

neurons at the last layer typically matches the number of image 

categories.  

Fig. 5 illustrates the structure of the CNN models, while 

Tab. II and Tab. III demonstrate the structure of the two CNN 

models that are used by this paper respectively, where k is the 

kernel size, f is the number of the feature maps, s is the stride, 

p is the zero-padding, in is the input neuron number, and out is 

the output neuron number. 

The output size is decided by the following function [23]. 

 
2

1
in

ou t

M k p
M

s

 
                         (11)  

where Min is the width/height of the input, and Mout is the 

width/height of the output. 

G. Classifier fusion 

A classifier fusion decides the final detection result by 

combining the results from multiple models. In this paper, the 

detection result relies on the outputs of the ROCOF_Net and the 

RAS_Net. This paper uses the output from the ROCOF_Net to 

decide the possible event type of a ROCOF image. Then, it uses 

the output from the RAS_Net to rule out the falsely detected 

events. A lookup table is created to reflect the determination 

strategy as is shown in Table IV. Note for the RAS_Net output, 

0 denotes the RAS signal that suggests an event, while 1 denotes 

otherwise. Therefore, events with confirmation on the RAS 

signal are classified as real events, otherwise they are classified 

as other conditions.  

Fig. 6 shows a diagram of the workflow of the event 

detection system. For data preprocessing, the system maintains 

an n-size queue, Q, of ROCOF values, ROCOFmax, and 

ROCOFmin. At each time instant k, the system pops the first 

ROCOF value out, pushes the newly calculated ROCOF value 



 6 

into the tail of the queue, and updates the ROCOFmax, and 

ROCOFmin. Afterwards, the system converts the ROCOF values 

via (8) and (9) into images. Here, to convert the ROCOF values 

into gray-scale images, an extra processing will be done via (6). 

Two event detection modules are shown in Fig. 6. The 

ROCOF_Net and the RAS_Net run in parallel to provide fusion 

result and the system enters the OUTPUT state. Afterwards, the 

system returns to the START state and keeps running. 

IV. RESULTS ANALYSIS 

This paper takes the confirmed generator trip (GT), load 

disconnection (LD), frequency ramping down (FR_down), and 

frequency ramping up (FR_up) events recorded by the 

FNET/GridEye system [1] from January to December, 2018 to 

validate the proposed model. The histogram of the cases is 

shown in Table V. For generality, this paper uses 5-fold cross 

validation to evaluate the performance of the model instead of 

splitting the data into fixed training and testing sets. First, the 

data is split into 5 pieces. Then, in each evaluation, this paper 

selects an unused piece as the validation set, and packs the rest 

as the training set. Then, it reinitializes the model, trains and 

validates it using the current training and validation sets, until 

all pieces are used once as the validation set. In the training, this 

paper uses categorical loss as the loss function and stochastic 

gradient descent (SGD) as the update function, with learning 

rate as 0.001, weight decay as 10-6, and momentum as 0.9.  

Push ROCOFt(k) at 

the tail of Q

size(Q )<n?

Increase k by 1 

Pop the head from Q 

Update the 

ROCOFmax and 

ROCOFmin

Calculate Pn×1 via 

(9)

Reshape Pn×1 to 

Pm×m via (8)

Invoke the CNN 

Models

Yes

ROCOF_Net 

loaded?

Load ROCOF_Net 

Detect an event via 

ROCOF_Net

RAS_Net loaded?

Load ROCOF_Net 

Verify an event via 

RAS_Net

Generate RAS input 

via (10)

Yes

No

Yes

No

No

OUTPUT

START
Preprocessing

Event detection

 
Fig. 6 Deep learning based event detection system diagram 

TABLE IV 

CLASSIFIER FUSION LOOKUP TABLE 

ROCOF_Net RAS_Net Decision 

0 0 GT 

1 0 LD 

0 1 FR_down 

1 1 FR_up 

       

TABLE V 

EXPERIMENTAL CASES 

Type Region Case# 

GT 

MRO 13 

NPCC 9 

RFC 55 

SPP 10 

SERC 39 

FRCC 10 

LD 

MRO 18 

NPCC 36 

RFC 66 

SPP 1 

SERC 84 

FRCC 3 

FR_down 

MRO 7 

NPCC 10 

RFC 37 

SPP 1 

SERC 33 

FRCC 2 

FR_up 

MRO 71 

NPCC 15 

RFC 168 

SPP 6 

SERC 150 

FRCC 32 
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A. ROCOF_Net Standalone Evaluation 

As is shown in Fig. 7 (a), the training set converges at around 

6th epoch, while the validation set converges at around 5th 

epoch. An interesting observation is the validation set always 

converges faster than the training set. This observation is due to 

the strong spatial characteristic constructed by (9). As for the 

accuracy, the average validation accuracy is 100%. The result 

proves the ROCOF_Net is efficient in classifying the two types 

of event.  

As is shown in Fig. 7 (b), using gray-scale images, the model 

converges slower than using color images. This is because the 

original constructed images (with RGB channels) contains 

  
(a)  ROCOF_Net color image                                            (b) ROCOF_Net comparison 

Fig. 7.  Evaluation results 

  
(a)  RAS_Net color image LD                                                                                (b) RAS_Net comparison LD 

  
(c)  RAS_Net color image GT                                                                               (d) RAS_Net comparison GT 

Fig. 8.  Evaluation results 
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more obvious spatial characteristics, while the gray-scale 

transformation blurs these characteristics. However, the 

eventual accuracy is 100% as well regardless of the slow 

convergence speed. 

Note that even though the average validation accuracy of the 

ROCOF_Net is 100%, it does not mean the event detection 

accuracy has no error. This is because the ROCOF_Net only 

suggests an event type based on the constructed image.  

In conclusion, both color images and gray images are good 

input candidates for the ROCOF_Net, although it converges 

faster using color images. 

B. RAS_Net Standalone Evaluation 

As shown in Fig. 8 (a), for LD events, the training set 

converges after 400th epoch, while the validation set converges 

around 210th epoch, then diverges afterwards. The difference 

in the convergence performance is mainly caused by edge cases 

in LD training set and overfitting. The edge cases are those 

whose spatial characteristic resemble both an event and a 

ramping. Due to complex operational conditions and locations 

of disturbances, the manifestation of LD events is more 

complex. Therefore, some edge cases are introduced into the 

training set. As a result, when more edge cases are included, 

longer epochs are needed for the training set to converge. Since 

the CNN tries to generalize these edge cases, it is possible to 

get overfitted. In fact, Fig. 8 (a) shows the overfitting causes the 

validation loss to diverge after 210th epoch. However, the rise 

of validation does not affect the validation accuracy much. As 

shown in Fig. 8 (a), the validation accuracy does not drop much 

even though the validation loss exceeds its initial value. 

Nonetheless, the overfitting issue still slightly deteriorates the 

performance on the validation set, as the best validation 

accuracy is observed at 210th epoch, where the validation loss 

reaches the minimum. In conclusion, for LD events, the number 

of training epochs should be limited to avoid overfitting on the 

training set, otherwise it will detetioriate the overall 

performance of the proposed model.  

Fig. 8 (b) demonstrates the comparison of using color images 

and gray-scale images under LD events. As shown in Fig. 8 (b), 

using gray-scale images, the evaluation loss becomes less 

chaotic than using color images. Upon convergence, the 

performance of using color images is slightly better than using 

gray-scale images. This is because the gray-scale images 

simplify the information from the color images, which causes 

some information loss. The impact of the information loss is 

actually two-fold. Firstly, it deteriorates the performance of the 

model upon convergence. On the other hand, it stabilizes the 

performance of the model. Eventually, the accuracy of using 

gray-scale images is similar to that of using color images. This 

is because the model eventually rules out the effect by the RGB 

channels, while it concentrates on the magnitudes of the RASs. 

As seen from Fig. 8 (c), for GT events, however, both the 

validation accuracy and loss are stable even if the model 

converges on the training set. The main reason is GT events can 

have clearer spatio-temporal characteristics than LD events, 

which avoids introducing too many edge cases. As opposed to 

the LD events, the validation set maintains convergence when 

the training set converges.  

As seen from Fig. 8 (d), using gray-scale images under GT 

events does not help much on improving the performance of the 

model. The model achieves similarly good performance using 

both images. However, a more stable validation loss is still 

observed when using gray-scale images. 

TABLE VI 

PRECISION, RECALL, AND ACCURACY COMPARISON 

Training 

Sample 

Percent.  

Criteria ROCOF Method CNN (Frequency) Proposed Model 

(Color) 

Proposed Model 

(Gray-scale) 

 GT LD GT LD GT LD GT LD 

10% 

Precision 66.67% 39.66% 66.67% 39.66% 91.30% 76.67% 91.30% 76.67% 

Recall 100% 100% 100% 100% 91.30% 93.88% 91.30% 93.88% 

Accuracy 66.67% 39.66% 66.67% 39.66% 88.24% 77.63% 88.24% 77.63% 

Conv. Epochs N/A N/A 10~20 10~20 1300+ 700+ 1200+ 800+ 

25% 

Precision 44.68% 48.30% 44.68% 48.30% 100% 84.61% 100% 83.64% 

Recall 100% 100% 100% 100% 100% 89.80% 100% 93.88% 

Accuracy 44.68% 48.30% 44.68% 48.30% 100% 82.89% 100% 84.21% 

Conv. Epochs N/A N/A 10~20 10~20 600~700 250~300 600~700 250~300 

50% 

Precision 57.89% 50.85% 57.89% 50.85% 100% 93.88% 100% 89.80% 

Recall 100% 100% 100% 100% 100% 90.19% 100% 89.80% 

Accuracy 57.89% 50.85% 57.89% 50.85% 100% 89.47% 100% 86.84% 

Conv. Epochs N/A N/A 10~20 10~20 400~600 200~250 400~600 200~250 

75% 

Precision 48.95% 53.30% 48.95% 53.30% 100% 91.3% 100% 93.61% 

Recall 100% 100% 100% 100% 100% 85.71% 100% 89.76% 

Accuracy 48.95% 53.30% 48.95% 53.30% 100% 85.53% 100% 89.47% 

Conv. Epochs N/A N/A 10~20 10~20 200~300 200~250 200~300 200~250 

100% 

Precision 51.31% 59.40% 51.31% 59.40% 100% 97.78% 100% 97.78% 

Recall 100% 100% 100% 100% 100% 93.62% 100% 96.00% 

Accuracy 51.31% 59.40% 51.31% 59.40% 100% 94.42% 100% 94.42% 

Conv. Epochs N/A N/A 10~20 10~20 150~200 180~220 150~200 180~220 
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C. Fusion Evaluation 

In this paper, apart from accuracy, precision and recall are 

used to evaluate the fusion result. The definitions of these 

criteria are explained below: 

Precision: the percentage of the real events out of the total 

events reported by the model, which is calculated by 

T rue P ositives
pr

T rue P ositives F alse P ositives



               (12) 

Recall: the percentage of the real events out of the ground 

truth events, which is calculated by 

 

T rue P ositives
rc

T rue P ositives F alse N egatives



               (13) 

As seen from (12) and (13), the precision and the recall 

represent the false positive exclusion ability and the true 

positive inclusion ability respectively. Specifically, the 

precision represents how good the proposed model is at 

excluding false alarms. Other the other hand, recall represents 

how good the proposed model is at not missing true events.  

This paper compares the performance of the ROCOF method 

[2], the frequency-only CNN [3], and the proposed model. It 

compares the average true positives, false positives, true 

negatives, and false negatives. Finally, as CNN is known to 

work well on large-volume datasets, the fusion evaluation 

considers a different amount of training data.  Tab. VI 

demonstrates the evaluation results. As seen from Tab. VI, on 

all conditions, the ROCOF method and the CNN (Frequency) 

model both achieve 100% in recall, which means they do not 

miss any events. Their superior recalls are actually brought by 

their inability to differentiate frequency rampings from 

disturbances. This disadvantage deteriorates their precisions 

since many ramping cases are reported as disturbances. As seen 

from the figure, the precisions of these 2 methods are between 

48.95% and 66.67% for GT events, and between 39.66% to 

59.40% for LD events. For these two methods, their accuracy 

performances are only impaired by the false positive (false 

alarms). Therefore, their accuracies equal to their precisions for 

all cases. The evaluation results suggest that the false alarm 

challenges the credibility of both algorithms.  

 As opposed to them, the proposed model achieves superior 

performance on all criteria for both event types. As seen from 

Tab. VI, using 100% training data, the proposed model achieves 

100% accuracy on GT events, and 94.42% accuracy on LD 

events. The superior performance on GT events is due to their 

clear spatio-temporal characteristics. However, for LD events, 

the accuracy and precision are slightly slower. This is because 

                             
(a) Comparison of Precision, Recall, and Accuracy for GT events                       (b) Comparison of Precision, Recall, and Accuracy for LD events 

      
(c) Comparison of convergence epochs for GT events                                         (d) Comparison of convergence epochs forLD events 

Fig. 9  Learning curve 
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some LD events can have ambiguous spatio-temporal 

characteristics, which can resemble those of frequency 

ramping. The ambiguous spatio-temporal characteristics are 

mainly observed in the LD events captured under low load 

conditions. These LD events usually occur in early mornings 

[29], when the overall load is low. Under such conditions, even 

a small-magnitude LD event can cause the system frequency to 

drop drastically, which triggers the ROCOF_Net. However, its 

RAS signals are usually nonobvious because of its small 

magnitude. Therefore, these small-magnitude LD events can be 

recognized as frequency rampings, which deteriorate the recall 

rate (more false negatives). However, in practice, since their 

magnitudes are usually small, these false negative cases usually 

have little impact to the bulk power system reliability. In fact, 

they are too trivial to be considered in balancing and frequency 

control regulations. Therefore, the performance of the proposed 

model is still acceptable. 

D. Effect of training data amount 

Since the performance of a deep learning model can rely on 

the number of training data, this paper uses different training 

set volumes in the evaluation as well. Fig. 9 (a) and (b) 

demonstrate the impact of the number of training data on 

precision, recall, and accuracy.  

As seen in Fig. 9 (a), the number of training data has some 

but limited impact on GT events. This is because the spatio-

temporal characteristics of GT events are generally clearer. As 

aforementioned, clearer spatio-temporal characteristics help 

reduce the number of edge cases. This makes the performance 

on the GT events stable and superior. However, as seen in Fig. 

9 (a), the performance of the model can still be deteriorated if 

the number of training samples is too small.  

As opposed to GT events, Fig. 9 (b) suggests that the number 

of training data has greater impact on LD events. This is 

because the spatio-temporal characteristics of LD events are 

more ambiguous, which results in more edge cases. However, 

to avoid false negative rate (missing event), the edge cases are 

labeled as true events in the training set. Therefore, when the 

number of training samples is smaller, the percentage of the 

edge cases can become larger. They lead to lower precision and 

accuracy, while keeping comparable recall. With the increase 

of the training set, the impact from edge cases becomes trivial. 

Therefore, the precision and accuracy increase with the training 

data size.  

On the other hand, using smaller-size training data slows 

down the convergence speed on all cases. As Fig. 9 (c) and (d) 

show, less training data results in more epochs for the proposed 

model to converge. This is because the proposed model needs 

more epochs to generalize the spatio-temporal features when 

the number of training samples is limited. However, this effect 

can be trivial since the training of the proposed model can be 

implemented offline.  

E. Detection efficiency 

This paper uses two NVIDIA GeForce GTX 1080 Ti GPU 

units as the hardware, TensorFlow 1.12.0 as the deep learning 

platform, and Windows 10 pro as the operating system. The 

proposed model is implemented as a micro-service via Flask 

[34] on an in-domain remote server. 

The comparison of the detection time is demonstrated in Tab. 

VII. In Tab. VII, Detection time A represents the time 

overheads including data caching, network communication, etc. 

Meanwhile, detection time B represents the actual time of the 

algorithm logic. Total detection time represents the difference 

between the time when the event is detected and the time when 

the event emerges. The total detection time is the sum of the 

detection time A and the detection time B. Note, in this paper, 

2 GPU units are used in parallel for the ROCOF_Net and the 

RAS_Net respectively. Furthermore, the initialization time of 

the GPU units is ignored since they only need to be initialized 

once when the model starts up.  

As seen from Tab. VII, the ROCOF method is the fastest 

algorithm to detect disturbance events overall. The detection 

time A of the ROCOF method mainly comes from data caching. 

It can be seen that the detection time of the ROCOF method is 

trivial, which indicates that it concludes the detection result 

whenever the data collection is done. On the other hand, the 

proposed model needs slightly more detection time A since it 

communicates with the remote server to transmit the data, and 

generate the input. For detection time B, the proposed method 

is comparable to the ROCOF method. Finally, the total 

detection time of the proposed model is slightly longer than the 

ROCOF based method. However, this difference can be ignored 

in terms of real-time monitoring.   

Therefore, the average running time of the proposed model 

could be controlled in micro-second level given the GPU keeps 

running. This makes the model suitable for some real-time 

control problems [30].  

V. DISCUSSION 

A. Synchrophasor data in steady state conditions 

Since the proposed model fully depends on synchrophasor 

measurements, the requirements of their data are discussed. 

This paper uses the frequency disturbance recorders (FDRs), 

whose reporting rate is 10Hz, with TVE less than 0.14% at 

steady state [31]. Many commercial PMUs are manufactured 

with higher reporting rates and lower TVEs.  For example, an 

arbiter 1133A PMU can have 1-60 Hz reporting rate, with TVE 

less than 0.1% [32]. Some PMUs are proved to have < 0.1% on 

input magnitude and less than 0.0365% on phase angle (deg.) 

with 50Hz reporting rate [33]. Therefore, the proposed method 

may work with any PMUs which have report rate larger than 

10Hz and TVE less than 0.14%. However, due to different 

TABLE VII 

DETECTION TIME COMPARISON 

 ROCOF 

Method 

CNN 

(Frequency) 

Proposed Model 

(Color) 

Proposed Model 

(Gray-scale) 

Detection time A (ms) 2230 2346 2356 2356 

Detection time B (ms) 100 113 120 115 

Total detection time (ms) 2330 2459 2476 2471 

       



 11 

operational conditions, the requirement of the data resolution 

may change. In this paper, the data from the U.S. eastern 

interconnection was utilized to evaluate the model. However, 

for small systems such as ERCOT and QUEBEC, higher-

resolution data will be necessary since the propagation of the 

traveling wave can be quicker. Moreover, since the steady state 

performance of commercial PMUs can vary from one 

manufacturer to another, some parameters in the proposed 

model, including the window size in image generation and 

hyper parameters in CNN, need adjustment as well.  

B. Synchrophasor data in dynamic conditions 

Unlike steady state, the actual dynamic performance of 

PMUs can vary greatly from one manufacturer to another. 

Practical issues including filter-related timestamp shift, GPS-

induced time inconsistency, and in-consistent frequency 

measurements are common in commercial PMUs [36]. For the 

ROCOF data, PMUs from different manufacturers can report 

different values due to the difference in the estimation 

algorithm [36]. This difference can affect the total detection 

time of the proposed model. On the other hand, the RAS data 

can be affected by time shifts [36]. Since this paper considers 

measuring units from the same manufacturer, the ROCOF 

calculations are considered consistent. However, the time shift 

issue is common in the angle data, which can lead to inaccurate 

RAS calculations. Therefore, the timestamp shifts are detected 

and offset by calibrators [37] before the image generation. This 

is a required step in order to make the proposed model work, 

otherwise the time shift can cause chaotic RAS signals.  

C. Training data 

As discussed in Section IV, to achieve best detection 

accuracy, the proposed model needs relatively large training 

data in order to generalize the dynamic characteristics under 

various operational conditions. A potential limitation of the 

proposed model is it does not directly include operational 

conditions, such as real power, reactive power, system inertia, 

percentage of renewables, etc., as inputs. Operational 

conditions can impact the actual ROCOF and RAS signals 

during disturbances. For example, due to higher and higher 

penetration of distributed energy resources (DERs), the actual 

ROCOF and RAS manifestations under the DER-related 

disturbances can be different from conventional ones [35]. In 

fact, the performance of the proposed model can be further 

improved by incorporating these operational conditions as 

inputs. The proposed model can be initialized as multiple 

instances, where each instance is trained via data under similar 

operational conditions. Decision algorithms such as decision 

tree can be used to select appropriate instance for specific 

operational condition in order to get a more accurate result.  

D. Implementation 

The proposed model can be implemented in both online and 

offline modes. For online implementation, since the proposed 

model is implemented in TensorFlow 1.12, it can be integrated 

into the existing synchrophasor system via a socket-based 

software daemon or micro-service technology such as Flask 

[34]. Fig. 10 demonstrates an example online implementation 

of the proposed model in FNET/GridEye. The proposed model 

is hosted via Flask as a microservice. It provides a likelihood 

estimation for the event report. Under the “Likelihood 

Estimation” section, it reports “Disturbance” or “Ramping” to 

help operators understand if the detected event is a real 

disturbance. For offline implementation, the proposed model 

can be invoked periodically to classify the historical events. In 

conclusion, the proposed model can provide online detection 

results to assist real-time situation awareness as well as offline 

event analysis. However, since these implementation methods 

are based on distributed systems, they require a high-speed, 

secure, and reliable network transmission pipeline. The 

maintenance and troubleshooting of such a complex system can 

be challenging in practice.  

VI. CONCLUSION 

This paper proposed a deep learning based power system 

frequency event detection model. This paper shared important 

knowledge on building image inputs and CNN to detect the 

frequency disturbance events. This paper utilized the verified 

event data from the U.S. eastern interconnection to prove its 

feasibility in event detection. The exciting results presented in 

this paper allow power companies to foresee such model 

becoming a fundamental tool for situation awareness in bulk 

electric power system. The proposed model is of great 

significance in terms of helping the system operators know the 

condition of the system and decide the next necessary 

operations.  

Limited by the confirmed event cases, this paper only 

collected the generator trips and the load disconnections from 

the power industry. Events including line trips and inter-area 

oscillations also have obvious ROCOF and RAS signals. In the 

future, more research will be conducted on including other 

disturbance events. 
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