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Abstract - Electrocardiogram (ECG) is a method to monitor the electrical 

functioning of the heart. Lead misplacements take place in up to 4% of 

the ECG readings taken in urban clinical settings. This number is even 

higher in rural settings due to inadequate training. This can often lead 

to misdiagnosis and incorrect treatment. This project looks at detecting 

lead misplacement at the time of acquisition in order to avoid this 

misdiagnosis in 12 lead ECG systems. Two approaches have been 

explored for this purpose. The first is based on wavelet transform with 

dynamic thresholding and windowing. The second is a neural network 

based approach. Of these, the first is applied successfully and a usable 

system has been developed. The neural network has been created but not 

trained to its potential due to the limitation posed by an inadequate 

labelled dataset for training and validation.  

Keywords: ECG, Electrocardiogram, Lead reversal, Lead misplacement, 

Wavelet Transform, Neural networks 

 

I INTRODUCTION 

ECG is a non-invasive method to monitor the electrical 

activity of the heart through electrodes placed on the skin at 

specific points. A 12 lead ECG system makes use of 10 such 

electrodes, with one electrode placed on each limb and six 

electrodes placed on chest. The potential difference obtained 

from various combinations of these electrodes provides us 

with twelve signal representations of the electrical 

functioning of the heart from different perspectives.  

Due to the limitation of healthcare services provided in rural 

India, the operators of medical and diagnostic equipment 

often receive very limited training. This leads to raised 

likelihood of incorrect connections and misplacements of 

leads. As the diagnosis and treatment of the patient is carried 

out on the basis of these readings, it can prove to be dangerous 

for the patient.  

Wavelet transform is a tool for time-frequency analysis of 

signals. It has found widespread application in biosignal 

processing due to its ability to examine complex non-

stationary signals. The daubechies family of wavelets are 

found to be suitable for the analysis of ECG signals.  

 

 

 

 

 

 

Artificial neural network refers to a group of interconnected 

nodes inspired by the structure of connections between 

neurons in the brain. These systems are trained to perform 

various tasks without being given specific rules or 

instructions. It is useful when an application requires one to 

spot a pattern in data. It also provides an efficient method for 

classification problems, provided enough labelled training 

data is available.  

The Visual Geometry Group VGG 16 is a 16 layer 

convolutional neural network created for applications in 

image recognition. For this application, transfer learning is 

applied to learn the edge detection capability of VGG 16. The 

later layers are modified for the required classification 

problem.  

This project explores two methods for the automatic 

recognition of ECG lead misplacement in Python. The first 

approach uses denoising through wavelet transforms 

followed by dynamic windowing and thresholding to obtain 

features. It then uses static conditions based on these features 

to check whether an interchange has occurred and to identify 

the detected interchange. The second approach uses a 

Convolutional Neural Network created by applying transfer 

learning from VGG 16 followed by training using labelled 

datasets of genuine ECG readings as well and readings 

obtained with specific lead interchanges.  

This paper is divided into four sections. Section I introduces 

the topic. Section II describes the methodology used. Section 

III states the results obtained with the implementation of the 

described methods. Section IV provides the conclusion of the 

project.  

II METHODOLOGY 

A. Method 1  

The flow of the system is as shown in Fig. 2.1.1. The system 

is idle until ECG acquisition is initiated. Once the ECG 

acquisition is completed, the recognition of ECG lead 

misplacement is carried out as explained in the following 

section. 
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Fig. 2.1.1: System Flow of Project by Method I 

a. Load files 

In order to accurately detect any lead misplacement, all 12 

leads are to be obtained. In this project, filtered ECG data is 

acquired. Therefore, further filtering is not necessary. 

However, if an error occurs while loading the file, the system 

returns to idle rather than terminating the process abruptly.  

b. Feature Extraction 
Feature Extraction is a process consisting of multiple steps as 

shown in Fig. 2.1.2. In order to identify the feature locations, 

Lead II signal is analyzed, since it contains relatively more 

distinct peaks as compared to the other leads.  

Wavelet transform is applied to Lead II signal. In this case, 

the Daubechies 4 wavelet (db4) is used. The level 2 

reconstruction is obtained. Using peak detection with a 

threshold of minimum amplitude, the R peaks are detected. 

The locations of these R peaks are recorded. These locations 

are multiplied with a factor of 4 to get the approximate R peak 

locations in the original signal. Once again, using a peak 

detector in small windows around these approximate R peak 

locations in the original signal, the R peaks in the original 

Lead II signal are obtained.  

Once the R peak locations in the original Lead II signal are 

obtained, they are used to calculate the heart rate and average 

interval of each heart cycle. Based on this interval, the width 

of the windows to locate the other features is calculated. The 

R peak locations are used as reference points with which the 

remaining features, i.e. the P wave location, P onset, P offset, 

Q wave location, S peak location, QRS interval, PR interval, 

T peak location, and T interval, of the cardiac cycle in Lead 

II waveform are measured.  

 
Fig. 2.1.2: Work flow for Feature Extraction 

The location of the features or waves in all Leads will be the 

same as the signals are obtained simultaneously. However, 

their amplitudes and shapes will differ from Lead to Lead. 

These amplitudes and patterns are used in diagnosis of 

various heart conditions and abnormalities. These will be 

used to identify Lead interchanges and misplacements in this 

project.  

Based on the locations of the waves and features obtained 

from Lead II, the features in the remaining leads are 

identified.  

If the signal is too noisy or if, due to some error, the features 

cannot be extracted or identified, the system returns to idle 

and does not terminate the process abruptly. 

c. Limb lead check 

Based on an extensive literature survey, an optimized 

algorithm is developed in order to recognize whether any 

form of lead interchange or misplacement has taken place. It 

also identifies which interchange or misplacement has been 

detected.  

This algorithm was carefully developed to ensure that no 

heart condition or abnormality is dismissed as manual error 

while also controlling the number of conditions and criteria 

that are used as reference in order to limit the processing time. 

This algorithm is verified using a dataset consisting of 119 

samples of real patient ECG readings.  
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B. Method 2 

The system flow for this method is as shown in Fig. 2.2.1.  

 
Fig. 2.2.1: System Flow of Project by Method II 

 

a. Preprocess data 

The preprocessing of the data is carried out in stages as shown 

in Fig. 2.2.2 

 
Fig. 2.2.2: Preprocessing of Data 

 

The ECG signal was first divided into individual heartbeats. 

These signal segments were converted into images as shown 

in Fig. 2.2.3. Due to it being a 12 lead system, 12 images were 

obtained for each beat. Using various methods, two images 

for all the 6 leads for each heartbeat was obtained, with one 

image representing the limb leads and a second image 

representing the precordial leads. This involved 

superimposing pairs of leads, with each assigned a different 

weight (combined 2:1) to obtain images like the one shown 

in Figure 2.2.4. to obtain 6 images which were combined into 

2 images (combined 3:1) by having each greyscale image 

assigned to a different colour component in RGB respectively 

for the final image. The final images are as shown in Fig. 

2.2.5. 

 

Fig. 2.2.3: Single beat converted into image 
 

 

Fig. 2.2.4: Two superimposed Leads in greyscale 
 

 

Fig. 2.2.5:  Single beat over all 6 Limb Leads converged in single image 

b. Create training data set 

A data set to train the neural network is created by acquiring 

a large number of 12 lead ECG readings in the required 

format. The training dataset used here consists of 95 labelled 

samples. 

c. Neural network  

Transfer learning was employed to employ the edge detection 

capacity of VGG16. The final layers were modified to suit the 

classification problem at hand. The resulting neural network 

is a convolutional neural network. This network was trained 

using the training data set acquired for this purpose.  

d. Check for interchange 

Once trained, the neural network is used to identify any 

misplacement or interchange that may occur in the electrodes 

during the acquisition of ECG readings. The test set used here 

consists of 24 samples. 
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III RESULT 

A. Method 1 

An algorithm for the detection of misplacement of ECG leads 

has been developed and implemented.  

Table 3.1: Results on non-interchanged data for Method I 

Results No. of samples Values in % 

No interchange 

accurately identified 
11 64.71% 

Total samples with no 

interchange 
17 100% 

 

Table 3.2: Results on interchanged data for Method I 

 

The system is tested using a dataset consisting of 119 

samples. Of these, no interchange occurred while acquiring 

17 samples, as mentioned in Table 3.1. Of these, 11, that is 

64.71%, are accurately identified as not interchanged. As 

presented in Table 3.2, 102 samples with interchanged leads 

are also checked. In 74 samples, that is 72.55%, an 

interchange is detected. Of these, the type of interchange is 

accurately identified in 64 samples, which makes up 86.49% 

of the detected interchange instances, which is 62.75% of the 

total samples.  

In the case of ambiguity, as is often the case, the reading is 

treated as an interchange. This is to ensure that the 

connections are rechecked by the ECG technician and any 

readings thus obtained are reliable and can be used for 

diagnosis of the patient. 

B. Method 2 

The implemented neural network is trained on a training set 

consisting of 95 samples. The results are as presented in Table 

3.3. When tested on this dataset, it identifies the lead 

interchange in 57 samples, which translates to an accuracy of 

60%. When tested on a test set of 24 samples, it detects any 

interchange of ECG leads in 11 samples giving an accuracy 

of 45.80%. Therefore, it can be concluded that this neural 

network has high bias due to an inadequate training set. This 

approach is not being pursued further due to the limitation 

posed by unavailability of feasible datasets for effective 

training in this project. 

 

 

 

Table 3.3: Results for Method 2 

Dataset in 

consideration 

No. of 

samples 

accurately 
Identified 

Total 
samples in 

set 

Percentage of 
accurate 

identification in set 

Training set 57 95 60% 

Test set 11 24 45.80% 
 

IV CONCLUSION 

Due to the widespread problem of lead interchanges during 

ECG acquisition, a system based in Python has been 

developed as proposed in the paper. The system accurately 

detects any  lead interchange and identifies the same, giving 

an adequate warning in case an interchange has occurred 

during ECG acquisition, prompting the ECG technician to 

recheck the connections when required as well as in case of 

any ambiguity. This ensures that all the readings acquired are 

reliable and may form the basis for the diagnosis of the 

patient. The neural network based approach may be pursued 

further in case a much larger dataset is available for better 

results.  
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