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Abstract 

In an effort to support the International Energy Agency’s (IEA) Annex 32 goals, the National Research 

Council Canada has invested considerable effort towards the testing and modeling of energy storage 

systems (ESS). One recent development in this modeling was the creation of a battery cell surrogate model 

for voltage prediction using deep learning methods. The model was developed to predict a cell voltage at a 

given current, state of charge (SOC), and temperature operating condition. The deep learning modeling 

framework provided the ability to capture the intricacies of the battery cell behaviour without the need for 

computationally expensive analytical equations, and without the requirement for in-depth understanding of 

the electrochemical processes occurring within the cell. Two models were developed: the first being a 

standard gated recurrent unit (GRU) network implementation, and the second being a GRU implementation 

with transfer learning. The first model was trained exclusively using experimental data collected in the 

ground testing campaign of the Hybrid-Electric Aircraft Testbed (HEAT) II project. This campaign consisted 

of a variety of performance tests in which the battery was discharged across a large portion of its operational 

range. The model was observed to perform well with respect to its training and validation losses, but was 

visibly lacking in accuracy at low state of charge conditions due to lack of experimental data. The second 

model was developed using transfer learning in an attempt to reduce the first model’s deficiencies within 

the low state of charge regions. The model was pre-trained on a large simulated data set generated from a 

Modelica equivalent circuit model, and transfer learning was applied to transfer the weights to a new model 

which was further trained on the smaller experimental dataset. Marginal improvement was realized by the 

transfer learning model, however the predictions at low state of charge continued to be slightly inaccurate. 

The purpose of this report is to describe the development process of the model, the progress made to date, 

as well as recommendations for future work.   
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1 Introduction 

The changing electrical grid as a result of integration of renewable resources such as wind and solar—

compounded by the mass adoption of electric vehicles (EVs)—has created a need for complex controls 

and monitoring of power production and distribution [1]. Due to the variability of these renewable energy 

sources, effective energy storage systems (ESS) are essential in balancing supply and demand of energy 

in the modern grid. One of the challenges of implementing ESS into the grid is the lack of robust and high 

fidelity modeling tools to optimize energy management processes [1]. As such, the International Energy 

Agency (IEA) set out to develop a standardized, scientific methodology to advance the adoption and 

integration of ESS in the grid. This project became known as Annex 32, and involves a multidisciplinary 

team of researchers across several countries.  

Supporting the Annex 32 initiative, the National Research Council Canada (NRC) has developed (and will 

continue to develop) ESS models with an emphasis on accuracy and scalability. The Hybrid-Electric Aircraft 

Testbed (HEAT) project involved the modeling of 120 Ah electric vehicle (EV) batteries for electrical and 

thermal predictions under dynamic load cycles [2]. This was done in the Modelica language using an 

equivalent circuit model and a Joule heating model for the electrical and thermal characteristics, 

respectively. To further develop the initial physics-based modeling work, machine learning methods were 

applied to create a surrogate battery model using cell voltage prediction. Machine learning—specifically 

deep learning—provides a flexible modeling framework in which non-linear relationships can be modeled 

without the need for a complex analytical solution to the physical processes experienced within the battery 

cell. The objective of this report is to describe progress made to date on the surrogate model for the 120 

Ah electric vehicle battery cells as well as to discuss potential future areas of development for the model. 



  

National Research Council Canada Page 11 

2 Background Learning 

The earliest step in the project was to build knowledge and capability in the field of machine learning and 

deep learning. The first course taken to develop this capability was, “Machine Learning”, taught by 

Professor Andrew Ng of Stanford University, in the Coursera environment. This was an 11 week course 

which provided a broad overview to the various subsections of machine learning. Some of the topics 

covered include (but are not limited to) linear regression, logistic regression, regularization, neural networks, 

and machine learning system design. This course involved watching pre-recorded online lectures, taking 

online quizzes, and completing graded programming assignments in MATLAB. While the course did not 

provide detailed information on any one given topic, it was beneficial to have a broad overview of the 

machine learning field before progressing deeper into the specifics relevant to the Annex 32 project. The 

programming assignments were found to be particularly beneficial because they provided a hands on 

experience to the process of defining a cost function, calculating gradients, and using the gradients to tune 

parameters of a model. This course would be a useful starting point for anyone interested in learning about 

machine learning.   

Following completion of the course, “Machine Learning”, further education was required. The “Deep 

Learning Specialization” courses were taken in the Coursera environment. These courses covered the 

fundamentals of deep learning, a subset of machine learning that was briefly explored in the first course. 

The “Deep Learning Specialization” was taught by Professor Andrew Ng and consisted of 5 individual 

courses: 

1. Neural Networks and Deep Learning 

2. Improving Deep Neural Networks: Hyperparameter Tuning, Regularization and Optimization 

3. Structuring Machine Learning Projects 

4. Convolutional Neural Networks 

5. Sequence Models 

These courses again involved watching pre-recorded online lectures, taking online quizzes, and completing 

graded programming. The programming assignments used Python and provided basic experience in 

Tensorflow and Keras. While the programming assignments were helpful in providing basic knowledge, the 

transferable skills acquired may be low due to the fact that the assignments were formulated in a “fill in the 

blank” manner as opposed to the “from scratch” coding that was used in the first course taken. That said, 

the lectures and quizzes were very beneficial in developing a knowledge base and skill set in various 

subjects related to deep learning. The Deep Learning Specialization courses, or similar, would be 

recommended to anyone looking to complete a project using deep learning. Following completion of the 

Deep Learning Specialization, the battery surrogate modeling work began.  
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3 Datasets 

The data used to train a machine learning model is equally important to the methods and techniques used 

for the modeling itself. It was thus necessary to carefully consider the source of the training data as well as 

the input and output parameters used in the training, validation, and test datasets. For the battery surrogate 

model, three datasets were considered: a simulated dataset from an equivalent circuit model, the HEAT II 

discharge data measured in the laboratory of the NRC Energy, Mining and Environment (EME) research 

centre in Vancouver, and HEAT II discharge data from ground testing at Test Cell 2 (TC2) of the Gas 

Turbine Laboratory (GTL) of NRC. Each of these datasets are described in detail in the following 

subsections. Ultimately, the Test Cell 2 data was used as the basis of the modeling, with transfer learning 

applied from the equivalent circuit dataset.  

3.1 Modelica Equivalent Circuit Model Simulated Data 

When the project began, limited experimental data was available for the 120 Ah battery cells being modeled. 

Some experimental charge and discharge data was available for these modules, however the collected 

data followed constant or controlled charge and discharge profiles. These datasets were unsuitable for use 

in deep learning modelling due to their lack of variability and randomness. As such, a new dataset was 

required to train and validate the prediction model. To avoid the time, cost and complexity associated with 

acquiring a discharge dataset in the laboratory, a Modelica equivalent circuit model was used to develop a 

simulated dataset. The simulated dataset could be easily re-simulated and modified as desired based on 

the requirements of the end use model. Additionally, the simulated dataset could be used to determine the 

amount of data required to be collected in a laboratory to train and validate a given model.  Specifically, the 

HEAT II Modelica simulator tool was used to create the simulated discharge dataset based on an equivalent 

circuit model. The data generation model was built in the Modelica language using the Dymola environment. 

The block diagram for the model can be seen in Figure 1 and the equivalent circuit model schematic can 

be seen in Figure 2. 

 

Figure 1: Equivalent Circuit Discharge Model Block Diagram 
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Figure 2: Modelica Equivalent Circuit Model Schematic 

The discharge model was set with an initial SOC of 1.0 and terminated simulation when the SOC was below 

0.10. The discharge rate, represented by “C_rate_random” in Figure 1, varied between values of 0.25 C to 

2.0 C, where 1 C refers to 120 A. The C rate was changed once every 500 seconds to ensure a dynamic 

and random drive cycle. The Modelica code used to generate the random C rate is shown in Appendix A: 

Random Number Generation Modelica Code. Each simulation of the above models produced data for a 

single discharge curve. To create the full artificial data set, 200 unique discharge curves were desired. A 

script was developed to automate the simulation of the random discharge curves at a sample rate of 1 Hz 

and save the results as a .mat file. This automation script is shown in Appendix B: Modelica Simulation 

Automation Script. Finally, the discharge curves were preprocessed in MATLAB into a .txt format that could 

be easily read into the Python model. The data preprocessing script is shown in Appendix C: Script to 

Preprocess Simulated Data. Each data file was trimmed or zero-padded to a length of 35001, a value which 

was chosen based on the maximum file length of the Test Cell 2 dataset. A sample of the final preprocessed 

equivalent circuit dataset can be seen in Table 1. 

Table 1: Sample of Simulated Cell Discharge Data 

Time (s) Current (A) SOC (%) Temperature (℃) Voltage (V) 

0 189.3593 100 21.0668 4.061081 

0.1 189.3593 99.99562 21.06945 3.966311 

0.2 189.3593 99.99123 21.07211 3.966231 

0.3 189.3593 99.98685 21.07473 3.966148 

0.4 189.3593 99.98246 21.07739 3.966064 

0.5 189.3593 99.97808 21.07998 3.96598 

0.6 189.3593 99.9737 21.0826 3.965896 

0.7 189.3593 99.96932 21.0852 3.965812 

0.8 189.3593 99.96493 21.08779 3.965727 

0.9 189.3593 99.96055 21.09036 3.965644 

1 189.3593 99.95617 21.09292 3.965559 
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The simulated dataset generated through simulation was useful for initial prototyping of the model and 

understanding data requirements, however it was not a reliable data source for modeling cell voltage. The 

equivalent circuit model was not intended to model detailed intricacies of the cell behaviour and thus makes 

certain simplifying assumptions [2]. As such, any predictions made by a machine learning model using only 

the artificial data set for training would result in increased error relative to the predictions made by the 

equivalent circuit model. Ultimately, the data generated by the equivalent circuit model was used for transfer 

learning, as described in the section: Model Implementation with Transfer Learning. 

3.2 EME Vancouver Discharge Data 

A limited dataset was available from discharge tests performed using the HEAT 120 Ah battery module in 

EME Vancouver. This data included constant discharge curves for 1/3 C, 1/2 C, 1 C, 1.5 C and 1.67 C. 

Data was also available for early iterations of the HEAT II flight profile. Unfortunately, this data was not 

used in the final dataset due to the absence of temperature data, and varying thermal characteristics of the 

module relative to the Test Cell 2 installation. The data was useful for early model prototyping, however, 

and the preprocessing script is shown in Appendix D: Script to Preprocess EME Data. The data was 

resampled to 1 Hz, and set to a length of 35001. A sample of the data file is shown in Table 2. 

Table 2: Sample of EME Discharge Data 

Time (s) Current (A) SOC (%) Voltage (V) 

0 119.9512 100 4.083407 

0.1 119.9517 100 4.083397 

0.2 119.9522 100 4.083387 

0.3 119.9527 100 4.083377 

0.4 119.9533 100 4.083367 

0.5 119.9538 100 4.083357 

0.6 119.9543 100 4.083347 

0.7 119.9548 100 4.083336 

0.8 119.9554 100 4.083326 

0.9 119.9559 100 4.083316 

1 119.9564 100 4.083306 

3.3 HEAT Test Cell 2 Experimental Data 

The primary dataset used for the modeling was from the ground testing campaign for the HEAT II project 

collected at Test Cell 2 during March and April of 2021. This testing consisted of a wide range of 

performance characterization experiments for the electric propulsions system of the HEAT II aircraft. These 

tests involved flight profile discharges, continuous power discharges, high/low power discharges, and a 

variety of other experiments. Relevant data files (meaning files in which the battery was discharged) were 

manually chosen from this dataset to form the basis of the machine learning modeling dataset. The resultant 

dataset contained 34 data files, each varying in discharge profile, with the exception of a few repeated 

experiments. Each of the 34 files contained data from a single experiment, which was typically not a full 
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discharge. The data was preprocessed in MATLAB such that each output .txt file had a length of 35001 

(the length of the longest of the 34 files). A sample of a Test Cell 2 data file is shown in Table 3. 

Table 3: Sample of Test Cell 2 Discharge Data 

Time (s) Current (A) SOC (%) Temperature (℃) Voltage (V) 

713 161.5128 88.66698 28 3.793758 

713.0938 161.5198 88.58164 28 3.793402 

713.1875 161.5268 88.4963 28 3.793046 

713.2813 161.5338 88.41096 28 3.79269 

713.375 161.5408 88.32562 28 3.792334 

713.5 161.5478 88.24027 28 3.791978 

713.5938 161.5547 88.15493 28 3.791622 

713.6875 161.5529 88.13009 28 3.791666 

713.7813 161.5495 88.11595 28 3.791781 

713.875 161.546 88.10182 28 3.791897 

714 161.5426 88.08768 28 3.792012 

 

In order to capture the intricacies of the cell behavior, it was essential to feed the model data across the 

entire operating range of the cell with respect to current, state of charge, temperature, and voltage. The 34 

data files forming the dataset for the modeling contained operational data across a large portion of this 

range, but was missing certain data bands. The most obvious omission in the dataset was low state of 

charge performance data, however there may have been other unknown missing ranges as well. Machine 

learning models generally have poor extrapolation behaviour and the performance of the surrogate model 

was thus substantially limited by the absence of data across the full operating range of the cell. For improved 

accuracy, additional data beyond the 34 files acquired from TC2 is likely required. Alternatively, advanced 

machine learning techniques may be applied to optimize the performance of the model given the lack of 

data across the full operational range. This was attempted to some extent, however only small 

improvements in performance were achieved. These methods appeared to quickly diminish in return on 

investment for the amount of time required to marginally improve performance.  



  

National Research Council Canada Page 16 

4 Modeling 

The battery surrogate model was developed in Python, specifically in the Spyder environment. Keras was 

used to implement deep learning algorithms for quick development and testing. A variety of deep learning 

principles were applied, and are discussed in the following subsections.  

4.1 Masking 

As mentioned in the section: Datasets, all data input sequences were set to a length of 35001, a value 

chosen based on the maximum file length of the Test Cell 2 dataset. Any file exceeding a length of 35001 

(in the simulated dataset or the EME dataset) was trimmed short, and any file with a length below 35001 

was zero-padded. Trimming was inconsequential to the training process of the model however zero-

padding presented the potential to bias the predictions based on the fictitious zero-padded data. Additionally, 

requiring the model to train on the zero-padded data would have significantly increased training time. Thus, 

it was desirable for the model to ignore any inputs from the zero-padded sections of the dataset. This was 

implemented by simply applying the Keras masking layer as the first layer of the model, as shown below.  

 

Figure 3: Masking Layer Code Snippet 

The parameter “mask_value=0.” ensured that any input batch consisting entirely of the value 0 was ignored 

for the purposes of training. The parameter “input_shape” defined the shape of the input of the model, which 

was determined by the number of time steps selected per sample and the number of input parameters. The 

model was set with one time step per sample and three input parameters (current, SOC, and temperature), 

values which were encoded by train_features.shape[1] and train_features.shape[2], respectively.  

4.2 Feature Scaling 

For optimal convergence in deep learning networks, it is recommended to scale the input features to a 

common range, typically between values of 0 and 1. Various scaling tools are available in Python such as 

the Scikit-Learn MinMaxScaler, however these tools were not appropriate for this modeling due to the fact 

that they would have altered the zero-padded values to non-zero values, thus voiding the masking process. 

Instead, manual feature scaling was applied, based on the equation below. 

 
𝑋𝑛𝑒𝑤 =

𝑋 − 𝑋𝑙𝑜𝑤

𝑋ℎ𝑖𝑔ℎ − 𝑋𝑙𝑜𝑤

 
(1) 

Where, 

 X is the original input feature, 

 Xnew is the scaled input feature, and  

 Xhigh and Xlow are scaling constants. 
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The 𝑋ℎ𝑖𝑔ℎ  values were set to be at or above the known maximum value of a given input parameter and the 

𝑋𝑙𝑜𝑤 value was set to zero for every input parameter. By setting 𝑋𝑙𝑜𝑤 to zero, it was ensured that any input 

value originally at zero would remain at zero after being scaled. The high and low values selected for the 

feature scaling are shown in Table 4. Note, feature scaling is not required for the output parameter(s) of a 

deep learning model, so scaling was not applied to the cell voltages.  

Table 4: High and Low Values for Feature Scaling 

 𝑿𝒍𝒐𝒘 𝑿𝒉𝒊𝒈𝒉 

Current 0 265 A 

State of Charge 0 100 % 

Temperature 0 50 ℃ 

4.3 Training, Validation and Test Data Split 

After scaling the input features to a common range, the next step was to loop through the data and match 

a given sequence of input features with their respective output label. This was achieved by creating a nested 

loop, where the first loop iterated through each of the 34 data files from Test Cell 2, and the second loop 

iterated through each of the time steps within a given data file. The number of time steps per sample—

sometimes called the “window size”—was set to a value of 1, parameterized by the variable x in the code 

snippet below. By setting this parameter to 1, the model was fed a set of data samples each consisting of 

a single current, SOC, and temperature measurement which would be used to predict a single voltage 

measurement. If the parameter was set to 100, then the model would have made 100 voltage predictions 

based on an input of 100 current, SOC, and temperature values. Also, it shall be noted that the voltage 

labels being predicted correspond to the same time step as the input features, or in other words, the model 

does not predict future values.  

 

Figure 4: Feature and Label Generation Code Snippet 

The data was then split into training, validation, and test sets consisting of 70%, 20%, and 10% of the 

overall dataset, respectively. Deep learning datasets typically use a much higher proportion of the data for 

training (often above 95%), however due to the fact that only 34 discharge curves were available, it was 

desired to have sufficient data in the validation and test sets to prevent overfitting of the model.  
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4.4 Architecture  

A variety of architectures were explored for the model. Due to the dependence of the data on the previous 

state of charge, recurrent neural networks were chosen as the basis for the model. Specifically, LSTMs and 

GRUs were considered for the cell voltage predictions. By means of trial and error, GRUs were observed 

to produce lower error on the validation dataset than LSTMs, and were thus selected for the final model 

architecture. Three layers of GRUs were implemented, of length 64, 64, and 128, respectively. In the current 

implementation, the training data was stacked along the first axis such that the input shape was (𝑛𝑡𝑠, 1,3), 

where 𝑛𝑡𝑠 is the number of time steps. Thus, for the first layer, the training considered 64 time-series at a 

time, each with a length of 1 time-step. This is not the typical GRU implementation; usually one would 

consider 1 time-series at a time with 64 time-steps (using the first layer as an example). However, initial 

results with this implementation were promising and were thus fully explored for this report. Future work will 

involve restructuring the GRU training to consider fewer time-series on a given epoch, but with more time-

steps for each time-series.  

Deep neural networks (DNN) were also tested but performed poorly relative to the LSTM and GRU models. 

With sufficient quantities of training data, a simple DNN may produce similar performance to the LSTM and 

GRU models with reduced training time and computational complexity. The hyperparameters for the 

number of nodes and layers were again selected based on trial and error, but may be optimized in the 

future with methods such as a genetic algorithm or a grid search. Dropout was added between each layer 

to prevent overfitting, as described in the section: Regularization. The final layer of the model was a time 

distributed dense layer, the output of which was the cell voltage prediction. 

4.5 Regularization 

Regularization was applied to prevent the model from overfitting the training data (i.e. memorizing the 

patterns of the training data with poor generalization to the test data). The high level process of 

regularization involves introducing a cost associated with the magnitude of the weights of a given model. 

By ensuring the weights of the model remain small, no single node is able to bias the results in a particular 

direction.  

L2-regularization was initially implemented but was found to produce poor performance. The reason for this 

poor performance was likely due to the large number of trainable weights in the model. Even with a small 

degree of L2-regularization, the large sum of the weights interfered with the objective of the cost function 

and resulted in poor predictions. This is a common problem for deep learning models due to their large 

number of weights relative to traditional neural networks. An alternative to L2-regularization—and the 

method used for the surrogate model—was dropout. Dropout ensures the weights of the model remain 

small by randomly removing a set percentage of nodes from the model during the training process. The 

dropout percentage hyperparameter was found to drastically impact model performance and thus required 

significant fine tuning. For the developed model, dropout was added after each GRU layer and was set with 

a frequency of 10%, based on observations made while testing a wide range of dropout percentages.  
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4.6 Transfer Learning 

Transfer learning is the process of initializing a model with the weights of an alternative pre-trained model. 

The pre-trained model is typically trained on a different (but related) task than what is desired by the output 

of the new model, and can be effective in increasing convergence to the new task. Transfer learning is 

common in convolutional neural network development, specifically in image classification. For example, 

classification accuracy may be improved by using transfer learning to pre-train a flower classification model 

on a tree classifier. The advantage to using transfer learning is that the model can learn from large, readily 

available datasets prior to being trained on the new data set which may be scarce and expensive to collect. 

In the case of the battery cell voltage modeling, experimental data was limited, however simulated data 

was readily available from the equivalent circuit model. Two surrogate cell voltage prediction models were 

developed: one using a standard training process and the second using transfer learning. The second 

model was pre-trained on the simulated data set then retrained on the experimental dataset using transfer 

learning, as described in the section: Model Implementation with Transfer Learning.  

4.7 Training 

The models were trained using a training batch size of 64 samples.  The Adam optimizer was used for 

training with the mean squared error metric used for the cost (loss) function. The mean squared error was 

calculated using the equation below, and determines the cost of a given prediction with respect to the 

ground truth label, or the “target label”. The objective of the optimization was to reduce the mean sum of 

the squared errors between the predictions and the training dataset. Note, no regularization term was 

included in the cost function as it was already accounted for by the dropout layers of the model. 

 
𝐽(𝜔) =

1

2𝑚
∑(ℎ𝜔(𝑥(𝑘)) − 𝑦(𝑘))

2
𝑚

𝑘=1

 
(2) 

Where, 

 J is the cost function, 

 𝜔 are the set of trainable weights of the model,  

ℎ𝜔 is the predictive function of the model parameterized by the weights, 𝜔, 

y is the target value,  

x is the set of input features, 

m is the number of training samples, and  

k is an iterative variable.  

 

The number of epochs used in training was found to significantly impact the results of the model and was 

a hyperparameter that required considerable fine tuning. Insufficient epochs resulted in underfitting and 

excess epochs resulted in overfitting, so it was essential to find the optimal range for the parameter. 

Ultimately, the number of epochs was set to 20 which was observed to balance underfitting and overfitting. 

The training and validation loss as a function of epoch number are plotted in Figure 5 and Figure 13, for the 

standard implementation and transfer learning implementation, respectively.   
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5 Results 

As mentioned previously, two models were developed for the cell voltage prediction task. The first model, 

referred to as the “standard implementation”, was trained exclusively on experimental data from Test Cell 

2. The development and results of this model are discussed in the section: Standard Implementation Model. 

The second model was developed similarly to the standard implementation, with the exception of the 

training process. The second model was pre-trained on the simulated dataset from the equivalent circuit 

model, and is discussed in the section: Model Implementation with Transfer Learning.  

5.1 Standard Implementation Model 

Using the standard implementation of the training process with the GRU based architecture discussed 

previously, strong performance was achieved, as evidenced by the learning curves plotted in Figure 5 and 

tabulated in Table 5. 

 

Figure 5: Learning Curve for Standard Implementation Model 

The final training loss and validation loss for the datasets using the standard implementation model were 

calculated to be 1.13 × 10−4 and 1.31 × 10−4, respectively.  
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Table 5: Training and Validation Loss for Standard Implementation GRU Model 

Epoch Training Loss (x10-4) Validation Loss (x10-4) 

0 84.33611 7.11353 

1 2.711512 2.757676 

2 2.13666 1.104965 

3 1.911288 0.975369 

4 1.779425 0.996567 

5 1.684889 0.984175 

6 1.614138 1.544829 

7 1.557533 0.923691 

8 1.504513 0.849982 

9 1.454374 1.04266 

10 1.422021 0.984887 

11 1.37027 1.05738 

12 1.345697 1.055355 

13 1.318274 0.779847 

14 1.289406 0.917913 

15 1.259957 0.804634 

16 1.229086 1.137617 

17 1.198855 0.767314 

18 1.157805 0.796983 

19 1.128383 1.309673 

 

Three discharge curves (corresponding to 10% of the overall dataset) were held out from the training and 

validation dataset for testing and visualization purposes. The first discharge curve, referred to as “load 

profile A” was the data from a flight profile ground test of the HEAT II aircraft. This load profile is a valuable 

visualization metric for the surrogate model performance as it contains a wide range of operational data for 

the cell. Within the flight profile test, current varied between 0 A and 250 A, cell temperature varied between 

14℃ and 42℃, and state of charge varied between 55% and 99%. The predictions made for load profile A 

compared to the ground truth labels are plotted in Figure 6. The second discharge curve used for testing, 

referred to as “load profile B”, was from an experiment simulating a mid-cruise system restart of the aircraft 

powertrain. This test was conducted with current draws between 0 A and 175 A, with state of charge in the 

range of 38% to 42%, and temperatures between 28℃ and 42℃. The predictions made on this profile are 

shown in Figure 7. The final discharge curve for testing was a constant discharge of 120 A for 1 hour (1C 

discharge). The 1C discharge curve prediction results are plotted in Figure 8.  
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Figure 6: Standard Implementation GRU Predictions for Dynamic Load Profile A 

 

 

Figure 7: Standard Implementation GRU Predictions for Dynamic Load Profile B 
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Figure 8: Standard Implementation GRU Predictions for 1C Discharge 

The predictions made on load profile A (Figure 6) matched the experimental data well, perhaps 

unsurprisingly given the relatively large amount of data within that subset of the operational range. The 

predictions for load profile B (Figure 7) were less accurate, however, with variation up to 70 mV between 

predicted and experimental values. The prediction accuracy on the 1C discharge profile (Figure 8) was 

observed to be high during the start of the test, but deviated at cell voltages below 3.5 V. These relatively 

high errors observed in load profile B and in the 1C discharge test were believed to be caused by 

the lack of training data at low state of charge operation. The surrogate model was unable to 

extrapolate performance beyond what was learned in the training set, and it was clear that additional data 

at low state of charge was required for improved performance.  

5.2 Model Implementation with Transfer Learning 

Transfer learning was applied in effort to improve the performance of the model at low SOC ranges relative 

to the standard implementation of the model discussed previously. The first step to implementing the model 

with transfer learning was to develop “Model A”, which was the model trained on the abundant simulated 

dataset. In order to transfer the weights, the architecture of Model A was required to be the same as the 

model to which the weights would be transferred: “Model B”. As mentioned in the section: Transfer Learning, 

Model A was trained on 200 simulated discharge curves. The dropout was initially set to 0.25 and the model 

was ran for 10 epochs, however this was found to produce a highly overfit model with poor prediction 

accuracy. To reduce overfitting, the dropout rate was increased to 0.50, however, this was (rather unintuitive) 

found to increase prediction error and exacerbate the variation between training loss and validation loss. 

By decreasing dropout to 0.10, and running the model for 5 epochs, strong performance was observed with 

little to no observable overfitting as indicated by the learning curves of the training and validation datasets. 

The learning curves for the model are plotted in Figure 9 for a dropout rate of 0.25 (left) and 0.10 (right). 

The model trained with a dropout of 0.10 was used as the final implementation of Model A. 
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Figure 9: Learning Curves for Transfer Learning Model A with a Dropout Rate of 0.25 (left) and 0.10 (right) 

The training and validation errors for the final implementation of Model A (using a dropout rate of 10%) are 

presented in Table 6. 

Table 6: Training and Validation Loss for Transfer Learning Model A 

Epoch Training Loss (x10-4) Validation Loss (x10-4) 

0 36.26572 0.304919 

1 0.979001 1.002847 

2 0.692268 0.445331 

3 0.536013 0.329271 

4 0.452784 1.166413 

 

A sample of the cell voltage predictions made by Model A compared to the simulated data generated by 

the equivalent circuit model are shown for the entire test set and for a single discharge curve in Figure 10 

and Figure 11, respectively. Note that there is nearly no visible variation between the predicted voltage 

values and the voltage labels taken from the simulated dataset, which indicates strong performance of the 

model. Specifically, the predictions made in the low SOC range are far more accurate than the prediction 

made at low SOC by the standard implementation of the model, results of which were presented previously 

in Figure 8. It is also worth noting that if 200 experimental discharge curves were available, similar 

performance could likely be achieved to the results from the simulated data set without the need for transfer 

learning or any other further methods of tuning.  
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Figure 10: Predictions and Simulated Labels for the Entire Test Set of Transfer Learning Model A 

 

 

Figure 11: Predictions and Simulated Labels for a Single Discharge Curve of Transfer Learning Model A 
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With Model A sufficiently trained and validated, transfer learning could then be applied to the new model, 

Model B. The method used for the implementation of transfer learning was applied as described in the 

textbook, “Hands-on Machine Learning with SciKit-Learn, Keras & TensorFlow” [3]. The first step was to 

clone the weights of Model A into a new model of identical architecture, excluding the output layer. Note, 

the new model, Model B, could not be directly set to equal Model A since that would have created a pointer 

such that any training on Model B would have correspondingly altered Model A. Instead, the Keras clone 

function was used to copy the weights of Model A to a new memory address for Model B. 

Next, a time distributed dense output layer was added to the model with random initialization. All weights 

of the model were frozen (prevented from being trained) excluding the output layer which was then trained 

for 2 epochs. This was necessary to reduce the large errors of the model as a result of the random 

initialization of the output layer. The learning curve for the initial training of the output layer is plotted in 

Figure 12. 

 

Figure 12: Learning Curve for Initialization of Final Layer of Transfer Learning Model B 

The losses for the training set and validation set are also shown in Table 7 for the initial learning of the 

output layer.  

Table 7: Training and Validation Loss for Initial Tuning of Final Layer of Transfer Learning Model B 

Epoch Training Loss (x10-4) Validation Loss (x10-4) 

0 446.1563 1.931353 

1 2.428807 1.968064 
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The weights of the entire network were then unfrozen and the model was trained for an additional 20 epochs. 

Due to the fact that the weights were pre-trained on the simulated voltage prediction task, the learning rate 

was decreased to 1 × 10−4. Losses are plotted in Figure 13 and tabulated in Table 8.  

 

Figure 13: Learning Curve for Full Network of Transfer Learning Model B 

Table 8: Training and Validation Loss for Entire Network of Transfer Learning Model B 

Epoch Training Loss (x10-4) Validation Loss (x10-4) 

0 1.563349 1.555795 

1 1.336829 1.271434 

2 1.286641 1.319734 

3 1.249244 1.341494 

4 1.226727 1.798204 

5 1.205841 1.435668 

6 1.191096 1.5234 

7 1.179694 1.909943 

8 1.164877 1.431101 

9 1.161339 1.434978 

10 1.1466 1.056536 

11 1.135902 1.07372 

12 1.129498 1.475899 

13 1.117514 1.245542 

14 1.106075 1.288676 

15 1.096478 1.304049 

16 1.084304 1.104293 

17 1.073624 1.270622 

18 1.062024 1.279297 

19 1.046042 1.076804 
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Note that the training loss and validation loss at the final epoch was calculated to be 1.05 × 10−4 and 1.07 ×

10−4, respectively. This was slightly lower than the final losses of the standard implementation which were  

1.13 × 10−4 and 1.31 × 10−4 for the training and validation set, respectively. This indicates that the transfer 

learning process achieved a marginal improvement in the objective of minimizing the cost function.  

The results of the transfer learning implementation were also compared to the standard implementation 

results through visualization of the test set. As in the standard implementation, three discharge curves were 

held out from the training and validation sets for generating test plots. The first test curve was the flight 

profile of the HEAT II project and was referred to as load profile A. Results from this test are plotted in 

Figure 14. The largest magnitude of error between predicted and experimental voltages was approximately 

5 mV, which was slightly above the 2 mV maximum error observed when testing with the standard 

implementation model, shown in Figure 6. It is unclear why the error increased on load profile A when the 

error was observed to decrease on the overall training and validation dataset.  

 

Figure 14: Transfer Learning GRU Predictions on Dynamic Load Profile A 

Though the performance of the transfer learning model was visibly worse than the standard implementation 

for load profile A, this was not the case for load profile B and for the 1C discharge. For the load profile B 

test, plotted in Figure 15, the variation between predicted and target values was visibly lower than what 

was plotted in Figure 7 for the standard implementation. The maximum error between real and predicted 

values had decreased from 70 mV to approximately 30 mV. Similarly, the performance on the 1C discharge 

curve using the transfer learning implementation, plotted in Figure 16, was observed to better represent the 

true cell behaviour at low state of charge relative to the standard implementation which was plotted in Figure 

8. Still, the low state of charge performance proved to be quite inaccurate and would likely require additional 

training data to fully capture.  
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Figure 15: Transfer Learning GRU Predictions on Dynamic Load Profile B 

 

Figure 16: Transfer Learning GRU Predictions on 1C Discharge 
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6 Future Work and Objectives 

The objective of generating a machine learning based surrogate model for a battery cell voltage prediction 

task was achieved with reasonably sufficient accuracy. This model may be adequate as is for application 

into larger energy storage system management problems, however there is much room for improvement. 

The most obvious deficiency in the model was the lack of training data available. Specifically, the shortage 

of data at low state of charge was found to limit the performance of the model. For improved performance, 

it is recommended that additional data be collected across the operational range of the cell, with emphasis 

on low state of charge performance. The full module testing assembly used at EME Vancouver or Test Cell 

2 may be used for this data collection, however the process could be greatly simplified by creating a testbed 

for a single battery cell. A microcontroller could be used to control the cell discharge profiles while logging 

parameters such as current, voltage, and temperature. Data may also be collected during charge cycles to 

expand the prediction performance to charges and discharges.  

To improve model practicality, a combined machine learning and physics based modeling approach may 

also be considered. This approach has been a growing trend in the machine learning community in recent 

years and involves a combination of predictions based on physical equations and machine learning data 

driven models. In the context of the battery cell surrogate model, physics based equations may be used to 

estimate input features which were previously assumed to be known. For example, the state of charge input 

feature is not directly measured by a sensor in a battery cell, but is rather calculated by a battery 

management system based on the integration of discharged current, known as “Coulomb counting”. This 

calculation could be directly implemented into the battery surrogate model by using the equation below.   

 
𝑆𝑂𝐶(𝑡) = 𝑆𝑂𝐶0 − ∫

𝜂(𝑡)𝑖(𝑡)

𝑄
𝑑𝑡

𝑡

𝑡0

 
(3) 

Where, 

 SOC(t) is the state of charge as a function of time, 

 𝑆𝑂𝐶0 is the initial state of charge, 

 𝜂(𝑡) is the charge or discharge efficiency as a function of time,  

𝑖(𝑡) is the current draw as a function of time, and 

𝑄 is the cell capacity.  

 

A similar approach could be applied for cell temperature, or other input features which may be useful for 

prediction. Specifically, physics based equations or machine learning models that could accurately predict 

the cell capacity (represented by Q in the above equation) as a function of cumulative discharge cycles 

throughout the cell’s lifetime would be helpful in capturing the performance degradation of the cell as a 

result of aging. Cell aging is a challenge in both EV and grid based applications, and is an important aspect 

to capture in the modeling framework.  

 

Another important aspect that was not explored thus far was the computational complexity of the model, 

and the ability for the model to scale up. Even if the performance of the model with respect to prediction 

accuracy becomes nearly perfect, the model may be limited by run time as it is required to be scaled to grid 

level applications. These considerations should therefore be taken into account when further developing 
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the model. GRU layers were found to optimize prediction accuracy but are a relatively complex 

computational unit, and it may be well served to implement simpler methods such as a DNN. Simplified 

architectures would likely require greater quantities of data to achieve reasonable prediction accuracy, 

however.  
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Appendix A: Random Number Generation Modelica 

Code 

   // Global parameters 
  parameter Modelica.SIunits.Period samplePeriod = 500 
    "Sample period for the generation of random numbers"; 
  parameter Integer globalSeed = Modelica.Math.Random.Utilities.automaticGlobalSeed() 
    "Global seed to initialize random number generator"; 
 

// Random number generators with exposed state 
  parameter Integer localSeed = 514657 
    "Local seed to initialize random number generator"; 
 

  output Real r64 "Random number generated with Xorshift64star"; 
 

  Modelica.Blocks.Sources.RealExpression C_rate_random(y=-1*(1.75*r64 + 0.25)) 
    annotation (Placement(transformation(extent={{-90,72},{-70,92}}))); 
protected  
  discrete Integer state64[2](   each start=0, each fixed = true); 
 

algorithm  
  when initial() then 
    // Generate initial state from localSeed and globalSeed 
 

    state64   := Modelica.Math.Random.Generators.Xorshift64star.initialState(  localSeed, globalS

eed); 
    r64       := 0; 
  elsewhen sample(0,samplePeriod) then 
    (r64,  state64)   := Modelica.Math.Random.Generators.Xorshift64star.random(  pre(state64)); 
  end when; 
 

equation  
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Appendix B: Modelica Simulation Automation Script 

openModel("C:\Users\gibneye\Documents\Software 

repository\Dymola\Cessna337GSimulatorPackage\package.mo"); 
 

for i in 1:500 loop 
simulateExtendedModel( 
"Cessna337GSimulatorPackage.Experiments.Batteries.BatteryData_Annex32_Charge", 
startTime = 0.0, 
stopTime = 7000, 
outputInterval = 1.0, 
resultFile="Battery_Data_Annex32_FileC"+String(i)); 
end for; 
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Appendix C: Script to Preprocess Simulated Data 

% Script to generate battery data for annex model 

  

  

clc; 

close all; 

clear; 

  

target_length = 35001; % desired file length 

num_files = 50; % number of Dymola simulation files 

  

% Initialize variables 

Time = []; 

Current = []; 

SOC = []; 

Voltage = []; 

Temp = []; 

  

  

for i = 1:num_files 

     

    filename_input = sprintf('Sim_Annex_DischargeCurve_D%.0f', i); 

    data = dymload(filename_input); 

    Time = dymget(data,'Time');     

    Current = dymget(data,'lithium_Ion_Cell_ElectricalOnly_120Ah.packCurrent'); 

    SOC = dymget(data,'lithium_Ion_Cell_ElectricalOnly_120Ah.SOC') * 100; 

    Voltage = dymget(data,'lithium_Ion_Cell_ElectricalOnly_120Ah.packVoltage') / 12; 

    Temp = dymget(data,'lithium_Ion_Pack_Heat_UpdatedModel.corePort[1].T') - 273.15; 

  

     

    if length(Current) < target_length % zero pad short file 

         

        Time(length(Time)+1:target_length) = 0;         

        Current(length(Current)+1:target_length) = 0; 

        SOC(length(SOC)+1:target_length) = 0; 

        Voltage(length(Voltage)+1:target_length) = 0; 

        Temp(length(Temp)+1:target_length) = 0;  

         

    elseif length(Current) > target_length % trim long file 

  

        Time = Time(length(Time)-target_length+1:length(Time)); 

        Current = Current(length(Current)-target_length+1:length(Current)); 

        SOC = SOC(length(SOC)-target_length+1:length(SOC)); 

        Voltage = Voltage(length(Voltage)-target_length+1:length(Voltage)); 

        Temp = Temp(length(Temp)-target_length+1:length(Temp));         

         

    end 

     

    % Output as table 

    filename_output = sprintf('Sim_Annex_DischargeCurve_D%.0f', i); % change to "i+50", "i+100", 

etc depending on which batch of files are being processed 

    T = table(Time, Current, SOC, Temp, Voltage); 

    if width(T) ~= 5 || height(T) ~= 35001 

        fprintf('Broken on i = %f\n\n\n', i); 

    end 

    writetable(T, filename_output,'Delimiter','\t','WriteRowNames',false); 

     

  

     

end 
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Appendix D: Script to Preprocess EME Data 

% Template Script Data Processing for Annex data 

  

clear; 

clc; 

close all; 

  

[data, ~, ~] = xlsread('OtherDischargeCurve.xlsx'); 

  

  

Current_full = -data(:, 1); 

SOC_full = 100*(1 - (data(:, 2) / 120)); 

Voltage_full = data(:, 3) / 12; 

time_full = data(:, 4); 

  

target_length = 35001; 

  

time = time_full(50:2571); 

data = [Current_full(50:2571), SOC_full(50:2571), Voltage_full(50:2571)]; 

  

time_new = linspace(min(time), max(time), 10*(max(time) - min(time))); 

data_new = interp1(time, data, time_new, 'linear'); 

  

  

  

data_new(length(time_new)+1:target_length, :) = 0; 

  

file1 = data_new(1:35001, :); 

Current = file1(:, 1); 

SOC = file1(:, 2); 

Voltage = file1(:, 3); 

filename_output = sprintf('EME_DischargeData_9'); 

T = table(Current, SOC, Voltage); 

writetable(T, filename_output,'Delimiter','\t','WriteRowNames',false); 
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Appendix E: Script to Preprocess Test Cell 2 Data 

% Script to generate battery data for annex model (zero padded) 

  

  

% 1) loop through all files to find max length 

% 2) Loop through all files again 

%   3) Create vectors for current/SOC/voltage 

%   4) zero pad vectors if less than max length 

%   5) Export as .txt 

  

clc; 

close all; 

clear; 

  

  

% Load a vector of file names 

[~, Files, ~] = xlsread('FileNames'); 

Files = Files(:, 1); 

  

% Initialize variables 

Time = []; 

Current = []; 

SOC = []; 

Temp = []; 

Voltage = []; 

file_length = []; 

  

  

% Loop through each data file to find each length 

for i = 1:length(Files) 

     

    % load the current data file 

    data = load(string(Files(i))); 

    file_length(i) = length(data.FullTime); 

        

end 

  

[max_length, max_index] = max(file_length); 

  

% Loop through each data file to zero pad and export as .txt 

for i = 1:length(Files) 

     

    fprintf('Processing file #%d\n', i); 

     

    % don't zero pad max length file 

    if i == max_index 

         

        % load the current data file 

        data = load(string(Files(i))); 

         

        Time = data.FullTime; 

        Current = data.FullPacket(:,find(strcmp(data.FullNames,'stack_power_0__current' ))); 

        SOC = data.FullPacket(:,find(strcmp(data.FullNames,'stack_soc_0__soc' ))); 

        Temp = data.FullPacket(:,find(strcmp(data.FullNames,'therm_3__temperature' ))); 

        Voltage = data.FullPacket(:,find(strcmp(data.FullNames,'cell_0__voltage' ))); 

         

        % Output as table 

        filename_output = sprintf('TC2_Annex_DischargeCurve_%d', i); 

        T = table(Time, Current, SOC, Temp, Voltage); 

        writetable(T, filename_output,'Delimiter','\t','WriteRowNames',false); 

         

    % zero pad all other files   

    else  

         

        % load the current data file 

        data = load(string(Files(i))); 
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        Time = data.FullTime; 

        Time(length(Time)+1:max_length) = 0; 

        Current = data.FullPacket(:,find(strcmp(data.FullNames,'stack_power_0__current' ))); 

        Current(length(Current)+1:max_length) = 0; 

        SOC = data.FullPacket(:,find(strcmp(data.FullNames,'stack_soc_0__soc' ))); 

        SOC(length(SOC)+1:max_length) = 0; 

        Temp = data.FullPacket(:,find(strcmp(data.FullNames,'therm_3__temperature' ))); 

        Temp(length(Temp)+1:max_length) = 0; 

        Voltage = data.FullPacket(:,find(strcmp(data.FullNames,'cell_0__voltage' ))); 

        Voltage(length(Voltage)+1:max_length) = 0; 

         

        % Output as table 

        filename_output = sprintf('TC2_Annex_DischargeCurve_%d', i); 

        T = table(Time, Current, SOC, Temp, Voltage); 

        writetable(T, filename_output,'Delimiter','\t','WriteRowNames',false); 

         

         

    end 

     

     

end 
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Appendix F: Standard Implementation Model Generation 

# Import libraries 
import matplotlib as mpl 
import matplotlib.pyplot as plt 
import numpy as np 
import pandas as pd 
import tensorflow as tf 
import keras 
from keras.models import Sequential 
from keras.layers import Dense 
from keras.layers import GRU 
from keras.layers import Dropout 
from keras.layers import Masking 
from glob import glob 
 
mpl.rcParams['figure.figsize'] = (8, 6) 
mpl.rcParams['axes.grid'] = False 
 
# Import real raw data from TC2 
files = glob('TC2_Annex_DischargeCurve_*') 
files.sort() 
raw_data_TC2 = [pd.read_csv(file, delimiter="\t") for file in files] 
raw_data_TC2 = np.array(raw_data_TC2) 
 
# feature scaling 
# apply manual min-max scaling to normalize inputs to between 0 and 1 
# Note, doesn't work for negative currents (did this to leave zeros as is for masking layer) 
min_current = 0 
min_SOC = 0 
max_current = 265 
max_SOC = 100 
min_temp = 0 
max_temp = 50 
raw_data_TC2[:, :, 1] = (raw_data_TC2[:, :, 1] - min_current)/(max_current-min_current) 
raw_data_TC2[:, :, 2] = (raw_data_TC2[:, :, 2] - min_SOC)/(max_SOC-min_SOC) 
raw_data_TC2[:, :, 3] = (raw_data_TC2[:, :, 3] - min_temp)/(max_temp-min_temp) 
 
# Generate Data features_sets and labels  
# features_sets = input current and SOC over x timesteps 
# labels = output voltage over x timesteps 
 
x = 1 
time = [] 
features_sets = [] 
labels = [] 
temp = [] 
         
for i in range(0, len(raw_data_TC2)): 
    temp = raw_data_TC2[i] 
    for j in range(x, len(temp)-x, x): 
        time.append(temp[j-x:j, 0]) 
        features_sets.append(temp[j-x:j, 1:4]) 
        labels.append(temp[j-x:j, 4]) 
 
# split into 70% train, 20% validate, and 10% test sets 
n = len(features_sets) 
train_features = np.array(features_sets[0:int(n*0.7)]) 
train_labels = np.array(labels[0:int(n*0.7)]) 
val_features = np.array(features_sets[int(n*0.7):int(n*0.90)]) 
val_labels = np.array(labels[int(n*0.7):int(n*0.90)]) 
test_features = np.array(features_sets[int(n*0.90):]) 
test_labels = np.array(labels[int(n*0.90):]) 
test_time = np.array(time[int(n*0.90):]) 
 
# reshape outputs 
train_labels = np.reshape(train_labels, (train_labels.shape[0], train_labels.shape[1], 1)) 
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val_labels = np.reshape(val_labels, (val_labels.shape[0], val_labels.shape[1], 1)) 
test_labels = np.reshape(test_labels, (test_labels.shape[0], test_labels.shape[1], 1)) 
 
def build_Model(l1, l2, dropout=0.1): 
  return Sequential([ 
                     Masking(mask_value=0., input_shape=(train_features.shape[1],  train_features.shape[2])), 
                     GRU(units=l1, return_sequences=True ), 
                     Dropout(dropout), 
                     GRU(units=l1, return_sequences=True ), 
                     Dropout(dropout), 
                     GRU(units=l2, return_sequences=True ), 
                     keras.layers.TimeDistributed(Dense(1)) 
                     ]) 
 
def train_model(): 
  model = build_Model(64, 128) 
 
  model.compile(optimizer = 'adam', loss = 'mean_squared_error') 
   
  model.fit(train_features, train_labels, validation_data=(val_features,val_labels), epochs = 20, batch_size = 64) 
  return model 
 
with tf.device('/device:cpu:0'):  
  model = train_model() 
   
  # Save model 
  model_save_name = 'Discharge_GRU' 
  model.save(model_save_name) 
  model.summary() 
 
# Predict trained data 
model_trained = tf.keras.models.load_model('Discharge_GRU') 
predictions = model_trained.predict(test_features, verbose=1) 
 
plt.plot(model.history.history['loss']) 
plt.plot(model.history.history['val_loss']) 
plt.title('model loss') 
plt.ylabel('loss') 
plt.xlabel('epoch') 
plt.xlim([0, 19]) 
plt.legend(['training', 'validation'], loc='upper right') 
plt.grid() 
plt.show() 
 
loss_1 = [model.history.history['loss']], [model.history.history['val_loss']] 
 
# Reshape output for plotting 
 
plot_predictions = np.reshape(predictions, (predictions.shape[0] * predictions.shape[1], 1)) 
plot_test_labels = np.reshape(test_labels, (test_labels.shape[0] * test_labels.shape[1], 1)) 
 
# # Plot results 
plt.plot(test_time[20000:30000,:], plot_test_labels[20000:30000,:], color = 'black', label = 'Real Voltage') 
plt.plot(test_time[20000:30000,:], plot_predictions[20000:30000,:], color = 'red', label = 'Predicted Voltage') 
plt.xlabel('Time [s]') 
plt.ylabel('Voltage [V]') 
plt.xlim([600, 1600]) 
plt.legend() 
plt.grid() 
plt.show() 
 
plt.plot(test_time[85000:118000,:], plot_test_labels[85000:118000,:], color = 'black', label = 'Real Voltage') 
plt.plot(test_time[85000:118000,:], plot_predictions[85000:118000,:], color = 'red', label = 'Predicted Voltage') 
plt.xlabel('Time [s]') 
plt.ylabel('Voltage [V]') 
plt.xlim([100, 3400]) 
plt.legend() 
plt.grid() 
plt.show() 
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plt.plot(test_time[49500:53000,:], plot_test_labels[49500:53000,:], color = 'black', label = 'Real Voltage') 
plt.plot(test_time[49500:53000,:], plot_predictions[49500:53000:,:], color = 'red', label = 'Predicted Voltage') 
plt.xlabel('Time [s]') 
plt.ylabel('Voltage [V]') 
plt.xlim([50, 400]) 
plt.legend() 
plt.grid() 
plt.show() 
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Appendix G: Transfer Learning Model A Generation 

# Import libraries 
import matplotlib as mpl 
import matplotlib.pyplot as plt 
import numpy as np 
import pandas as pd 
import tensorflow as tf 
import keras 
from keras.models import Sequential 
from keras.layers import Dense 
from keras.layers import GRU 
from keras.layers import Dropout 
from keras.layers import Masking 
from glob import glob 
 
mpl.rcParams['figure.figsize'] = (8, 6) 
mpl.rcParams['axes.grid'] = False 
 
# Import sim data  
files = glob('Sim_Annex_DischargeCurve_D*') 
files.sort() 
raw_data_Sim = [pd.read_csv(file, delimiter="\t") for file in files] 
raw_data_Sim = np.array(raw_data_Sim) 
 
# feature scaling 
# apply manual min-max scaling to normalize inputs to between 0 and 1 
# Note, doesn't work for negative currents (did this to leave zeros as is for masking layer) 
min_current = 0 
min_SOC = 0 
max_current = 265 
max_SOC = 100 
min_temp = 0 
max_temp = 50 
raw_data_Sim[:, :, 1] = (raw_data_Sim[:, :, 1] - min_current)/(max_current-min_current) 
raw_data_Sim[:, :, 2] = (raw_data_Sim[:, :, 2] - min_SOC)/(max_SOC-min_SOC) 
raw_data_Sim[:, :, 3] = (raw_data_Sim[:, :, 3] - min_temp)/(max_temp-min_temp) 
 
# Generate Data features_sets and labels  
# features_sets = input current and SOC over x timesteps 
# labels = output voltage over x timesteps 
x = 1 
time = [] 
features_sets = [] 
labels = [] 
temp = [] 
 
for i in range(0, len(raw_data_Sim)): 
    temp = raw_data_Sim[i] 
    for j in range(x, len(temp)-x, x): 
        time.append(temp[j-x:j, 0]) 
        features_sets.append(temp[j-x:j, 1:4]) 
        labels.append(temp[j-x:j, 4]) 
         
# split into 70% train, 20% validate, and 10% test sets 
n = len(features_sets) 
train_features = np.array(features_sets[0:int(n*0.7)]) 
train_labels = np.array(labels[0:int(n*0.7)]) 
val_features = np.array(features_sets[int(n*0.7):int(n*0.90)]) 
val_labels = np.array(labels[int(n*0.7):int(n*0.90)]) 
test_features = np.array(features_sets[int(n*0.90):]) 
test_labels = np.array(labels[int(n*0.90):]) 
 
# reshape outputs 
train_labels = np.reshape(train_labels, (train_labels.shape[0], train_labels.shape[1], 1)) 
val_labels = np.reshape(val_labels, (val_labels.shape[0], val_labels.shape[1], 1)) 
test_labels = np.reshape(test_labels, (test_labels.shape[0], test_labels.shape[1], 1)) 
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def build_Model(n1, n2, dropout=0.1): 
  return Sequential([ 
       
                     Masking(mask_value=0., input_shape=(train_features.shape[1],  train_features.shape[2])), 
                     GRU(units=n1, return_sequences=True), 
                     Dropout(dropout), 
                     GRU(units=n1, return_sequences=True), 
                     Dropout(dropout), 
                     GRU(units=n2, return_sequences=True), 
                     keras.layers.TimeDistributed(Dense(1)) 
                     ]) 
 
def train_model(): 
  model = build_Model(64, 128) 
 
  model.compile(optimizer = 'adam', loss = 'mean_squared_error') 
   
  model.fit(train_features, train_labels, validation_data=(val_features,val_labels), epochs = 5, batch_size = 64) 
  return model 
 
with tf.device('/device:cpu:0'):  
  model = train_model() 
   
  # Save model 
  model_save_name = 'Discharge_GRU_Sim' 
  model.save(model_save_name) 
  model.summary() 
 
# Predict trained data 
model_trained = tf.keras.models.load_model('Discharge_GRU_Sim') 
predictions = model_trained.predict(test_features, verbose=1) 
 
# Plot learning curves 
plt.plot(model.history.history['loss']) 
plt.plot(model.history.history['val_loss']) 
plt.title('model loss') 
plt.ylabel('loss') 
plt.xlabel('epoch') 
plt.xlim([0, 4]) 
plt.legend(['train', 'test'], loc='upper left') 
plt.grid() 
plt.show() 
 
# Print learning curves 
print([model.history.history['loss']], [model.history.history['val_loss']]) 
 
# Reshape output for plotting 
plot_predictions = np.reshape(predictions, (predictions.shape[0] * predictions.shape[1], 1)) 
plot_test_labels = np.reshape(test_labels, (test_labels.shape[0] * test_labels.shape[1], 1)) 
 
# Plot results 
plt.plot(plot_test_labels[0:27100,:], color = 'black', label = 'Simulated Voltage') 
plt.plot(plot_predictions[0:27100,:], color = 'red', label = 'Predicted Voltage') 
plt.xlabel('Samples') 
plt.ylabel('Voltage [V]') 
plt.xlim([0, 27100]) 
plt.legend() 
plt.grid() 
plt.show() 
 
plt.plot(plot_test_labels[0:600000,:], color = 'black', label = 'Simulated Voltage') 
plt.plot(plot_predictions[0:600000,:], color = 'red', label = 'Predicted Voltage') 
plt.xlabel('Samples') 
plt.ylabel('Voltage [V]') 
plt.xlim([0, 600000]) 
plt.ylim([-1, 5]) 
plt.legend() 
plt.grid() 
plt.show() 
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Appendix H: Transfer Learning Model B Generation 

# Import libraries 
import matplotlib as mpl 
import matplotlib.pyplot as plt 
import numpy as np 
import pandas as pd 
import tensorflow as tf 
import keras 
from keras.models import Sequential 
from keras.layers import Dense 
from keras.layers import GRU 
from keras.layers import Dropout 
from keras.layers import Masking 
from glob import glob 
 
mpl.rcParams['figure.figsize'] = (8, 6) 
mpl.rcParams['axes.grid'] = False 
 
# Import raw data from TC2 
files = glob('TC2_Annex_DischargeCurve_*') 
files.sort() 
raw_data_TC2 = [pd.read_csv(file, delimiter="\t") for file in files] 
raw_data_TC2 = np.array(raw_data_TC2) 
 
# feature scaling 
# apply manual min-max scaling to normalize inputs to between 0 and 1 
# Note, doesn't work for negative currents (did this to leave zeros as is for masking layer) 
min_current = 0 
min_SOC = 0 
max_current = 265 
max_SOC = 100 
min_temp = 0 
max_temp = 50 
raw_data_TC2[:, :, 1] = (raw_data_TC2[:, :, 1] - min_current)/(max_current-min_current) 
raw_data_TC2[:, :, 2] = (raw_data_TC2[:, :, 2] - min_SOC)/(max_SOC-min_SOC) 
raw_data_TC2[:, :, 3] = (raw_data_TC2[:, :, 3] - min_temp)/(max_temp-min_temp) 
 
# Generate Data features_sets and labels  
# features_sets = input current and SOC over x timesteps 
# labels = output voltage over x timesteps 
x = 1 
time = [] 
features_sets = [] 
labels = [] 
temp = [] 
 
for i in range(0, len(raw_data_TC2)): 
    temp = raw_data_TC2[i] 
    for j in range(x, len(temp)-x, x): 
        time.append(temp[j-x:j, 0]) 
        features_sets.append(temp[j-x:j, 1:4]) 
        labels.append(temp[j-x:j, 4]) 
         
# split into 70% train, 20% validate, and 10% test sets 
n = len(features_sets) 
train_features = np.array(features_sets[0:int(n*0.7)]) 
train_labels = np.array(labels[0:int(n*0.7)]) 
val_features = np.array(features_sets[int(n*0.7):int(n*0.90)]) 
val_labels = np.array(labels[int(n*0.7):int(n*0.90)]) 
test_features = np.array(features_sets[int(n*0.90):]) 
test_labels = np.array(labels[int(n*0.90):]) 
test_time = np.array(time[int(n*0.90):]) 
 
# reshape outputs 
train_labels = np.reshape(train_labels, (train_labels.shape[0], train_labels.shape[1], 1)) 
val_labels = np.reshape(val_labels, (val_labels.shape[0], val_labels.shape[1], 1)) 
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test_labels = np.reshape(test_labels, (test_labels.shape[0], test_labels.shape[1], 1)) 
 
# Load and clone model trained on sim data 
model_A = tf.keras.models.load_model('Discharge_GRU_Sim') 
model_A_clone = keras.models.clone_model(model_A) 
model_A_clone.set_weights(model_A.get_weights()) 
 
 
# Create new model based on sim model. exclude previous output layer and add new output layer  
model_B_on_A = keras.models.Sequential(model_A_clone.layers[:-1]) 
model_B_on_A.add(keras.layers.TimeDistributed(Dense(1))) 
 
# freeze weights of original network layers 
for layer in model_B_on_A.layers[:-1]: 
    layer.trainable = False 
 
# train new layer (i.e initialization) 
model_B_on_A.compile(optimizer = 'adam', loss = 'mean_squared_error') 
model_B_on_A.fit(train_features, train_labels, validation_data=(val_features,val_labels), epochs = 2, batch_size = 64) 
 
plt.plot(model_B_on_A.history.history['loss']) 
plt.plot(model_B_on_A.history.history['val_loss']) 
plt.title('model loss') 
plt.ylabel('loss') 
plt.xlabel('epoch') 
plt.legend(['training', 'validation'], loc='upper right') 
plt.grid() 
plt.show() 
 
loss_1 = [model_B_on_A.history.history['loss']], [model_B_on_A.history.history['val_loss']] 
 
# now unfreeze and retrain the pretrained layers (decrease learning rate) 
for layer in model_B_on_A.layers[:-1]: 
    layer.trainable = True 
     
optimizer = keras.optimizers.Adam(lr=1e-4) 
model_B_on_A.compile(loss = 'mean_squared_error', optimizer=optimizer)  
model_B_on_A.fit(train_features, train_labels, validation_data=(val_features,val_labels), epochs = 20, batch_size = 64) 
 
  
# Save model 
model_save_name = 'Discharge_TL' 
model_B_on_A.save(model_save_name) 
model_B_on_A.summary() 
 
# Predict trained data 
model_trained = tf.keras.models.load_model('Discharge_TL') 
predictions = model_trained.predict(test_features, verbose=1) 
 
plt.plot(model_B_on_A.history.history['loss']) 
plt.plot(model_B_on_A.history.history['val_loss']) 
plt.title('model loss') 
plt.ylabel('loss') 
plt.xlabel('epoch') 
plt.legend(['training', 'validation'], loc='upper right') 
plt.xlim([0, 19]) 
plt.grid() 
plt.show() 
 
loss_2 = [model_B_on_A.history.history['loss']], [model_B_on_A.history.history['val_loss']] 
 
# Reshape output for plotting 
 
plot_predictions = np.reshape(predictions, (predictions.shape[0] * predictions.shape[1], 1)) 
plot_test_labels = np.reshape(test_labels, (test_labels.shape[0] * test_labels.shape[1], 1)) 
 
# # Plot results 
plt.plot(test_time[20000:30000,:], plot_test_labels[20000:30000,:], color = 'black', label = 'Real Voltage') 
plt.plot(test_time[20000:30000,:], plot_predictions[20000:30000,:], color = 'red', label = 'Predicted Voltage') 
plt.xlabel('Time [s]') 
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plt.ylabel('Voltage [V]') 
plt.xlim([600, 1600]) 
plt.legend() 
plt.grid() 
plt.show() 
 
plt.plot(test_time[85000:118000,:], plot_test_labels[85000:118000,:], color = 'black', label = 'Real Voltage') 
plt.plot(test_time[85000:118000,:], plot_predictions[85000:118000,:], color = 'red', label = 'Predicted Voltage') 
plt.xlabel('Time [s]') 
plt.ylabel('Voltage [V]') 
plt.xlim([100, 3400]) 
plt.legend() 
plt.grid() 
plt.show() 
 
plt.plot(test_time[49500:53000,:], plot_test_labels[49500:53000,:], color = 'black', label = 'Real Voltage') 
plt.plot(test_time[49500:53000,:], plot_predictions[49500:53000:,:], color = 'red', label = 'Predicted Voltage') 
plt.xlabel('Time [s]') 
plt.ylabel('Voltage [V]') 
plt.xlim([50, 400]) 
plt.legend() 
plt.grid() 
plt.show() 



  

National Research Council Canada Page 47 

 

 
 
 
 


