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The analysis of running performance is often challenged by data fragmentation across 
various tracking applications. This study presents a novel mobile application that 
automates data collection and provides personalized performance forecasting by 
integrating Optical Character Recognition (OCR) with a Long Short-Term Memory 
(LSTM) deep learning model. To address data fragmentation, the system allows users 
to upload running performance summary images, from which an EasyOCR-based 
module extracts key metrics such as distance and duration. These time-series data are 
subsequently processed by an LSTM network for two primary tasks: forecasting future 
running performance over a 30-day horizon and classifying daily activity (run vs. non-
run). Experimental results demonstrated the effectiveness of the OCR component, 
which achieved a low average Word Error Rate (WER) of 10.3%, with 70% of test 
images recognized perfectly. The LSTM forecasting model yielded a Mean Absolute 
Error (MAE) of 5.3417 km for distance and 21.1524 minutes for duration. Meanwhile, 
the binary classification model achieved an accuracy of 68%, with balanced F1-scores 
of 0.69 (non-running) and 0.67 (running). Furthermore, usability testing confirmed a 
100% task completion rate, with automated extraction averaging 18.02 seconds and 
re-upload times dropping to 8.53 seconds, demonstrating high learnability. These 
findings validate the feasibility of a unified OCR-LSTM pipeline for running analytics. 

1.  Introduction 
 Running is one of the most popular forms of physical 
activity globally, offering significant health benefits, 
including improved cardiovascular health, weight 
management, and mental well-being. The World Health 
Organization (WHO) recommends regular physical activity 
to reduce the risk of noncommunicable diseases (World 
Health Organization, 2024). With the advent of wearable 
technology and fitness tracking applications, runners now 
have access to vast amounts of data regarding their 
performance. However, a significant challenge of data 
fragmentation persists. Runners often switch between 
different applications or devices, leading to scattered 
records that are difficult to consolidate for long-term 
analysis. Furthermore, while many existing applications 
provide historical data, few offer automated digitization 
from running performance summary images or 
personalized predictive analytics to guide future training.  
 Current solutions for data digitization, such as text 
readers for the visually impaired, utilize Optical Character 
Recognition (OCR) technology (Manikandan et al., 2017). 
While machine learning has shown great potential in 
health analytics, there is still a lack of integrated systems 

that combine automated data collection from images with 
deep learning-based time series forecasting. 
 To overcome these challenges, this research proposes 
"Smart Run," a mobile application developed to address 
these issues. The application is designed to automate the 
digitization of running statistics from summary images 
using OCR, ensuring data integrity through verification 
logic, and to forecast future running performance 
(distance and duration) and activity patterns using Long 
Short-Term Memory (LSTM) networks (Hochreiter & 
Schmidhuber, 1997). By leveraging a large-scale dataset of 
long-distance running records, the system provides 
personalized trend analysis and event recommendations, 
thereby enhancing the user's ability to plan and improve 
their physical activity effectively. 
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2. Related work 
 This section discusses research efforts related to 
physiological and behavioral prediction involving machine 
learning techniques. The first sub-section of this article 
discusses published research works in the calories burnt 
prediction domain. The following subsection summarizes 
other predictive algorithms that have been successfully 
applied to related health domains, such as physical activity 
adherence analysis. Several papers have been written on 
the topic of estimating energy expenditure and health-
related behaviors using regression and classification 
models. A detailed summary is described in Table 1. 

3.  Materials and Methods 

3.1 System architecture 
 The proposed "Smart Run" application operates on a 
client-server architecture designed to balance user 
responsiveness with computational efficiency, as shown in 
Figure 1. The mobile client was developed using the Flutter 
framework (Google, 2024), enabling cross-platform 
compatibility for Android devices. The client handles user 
interactions, images, and data visualization. The server-
side backend was implemented using Python with the 

Flask framework (Pallets, 2024), serving as an API gateway 
for processing requests. Firebase Firestore (Google 
Developers, 2024), a NoSQL cloud database, is utilized for 
scalable data storage, managing user profiles, running 
event logs, and authentication via Google and Facebook 
OAuth 2.0 standards (IETF, 2012). The system's core 
analytical engine integrates two key subsystems: an 
Optical Character Recognition (OCR) for the automated 
digitization of running statistics and a Deep Learning 
dedicated to time-series forecasting. 

3.2 Automated data extraction using Optical 
Character Recognition 
 The system addresses data fragmentation by utilizing 
EasyOCR (Jaided AI, 2020), which integrates CRAFT (Baek 
et al., 2019) for text detection and CRNN (Shi et al., 2017) 
for recognition, to process fitness summary images. 
Beyond alphanumeric extraction, the engine retrieves 
spatial coordinates to dynamically render bounding boxes 
on the mobile interface, providing a visual mechanism for 
user verification. The extracted text is parsed into 
structured key-value pairs: Date, Distance, Duration, Pace, 
and Heart Rate. Finally, to ensure data integrity, a heuristic 
verification algorithm validates mathematical consistency 

 

Figure 1. System architecture of Smart Run application. 

 

Table 1.  Summary of related works in health and activity prediction. 

Related work  Method used Result 

A Study on Calories Burnt Prediction using 

Machine Learning (Panwar et al., 2023) 

Linear Regression, XG boost Regressor, 

and Random Forest 

Best Mean Absolute Error (MAE) = 

1.48 on XG boost Regressor 

Machine Learning modeling for predicting 

adherence to physical activity guideline 

(Choe et al., 2025) 

Logistic Regression, Random Forest, 

Gradient Boosting (XGBoost), and SVM 

Accuracy = 70.5%, Area Under Curve 

(AUC) = 0.542, F1-score = 0.819 (best 

from decision tree) 

Comparison of Machine Learning Methods 

for Calories Burn Prediction (Tan Jing Sheng 

et al., 2024) 

Linear Regression, XG boost Regressor, 

Random Forest, and LightBGM 

Regressor 

Best Mean Absolute Error (MAE) = 

1.27 on LightBGM Regressor 

 

 



Journal of Applied Informatics and Technology, Journal pre-proof 3 
 

(e.g., Duration = Distance × Pace) prior to user 
confirmation. 

3.3 OCR Performance Evaluation 
 The accuracy of the OCR system was evaluated using 
the Word Error Rate (WER) metric (Morris et al., 2004), as 
defined in Equation (1), to quantify the reliability of the 
extraction process. 

𝑊𝐸𝑅 =
𝑆+𝐷+𝐼

𝑁
   (1) 

where S, D, and I represent the number of substitutions, 
deletions, and insertions, respectively, and N is the total 
number of words in the reference text. 

3.4 Datasets and Preprocessing 
 The study utilized the "Long-distance running dataset" 
from Kaggle (Mexwell, 2023), comprising approximately 
10.7 million records from 36,412 anonymized athletes. 
The preprocessing pipeline began with filtering data based 
on activity frequency to enhance model reliability. This 
process involved excluding the bottom 10th percentile for 
regression models to capture consistent training behaviors 
and applying a stricter 40th percentile threshold for 
classification to clearly distinguish activity patterns. 
Concurrently, a binary running feature was added, yielding 
a balanced dataset of 9,775,995 running (Class 1) and 
10,162,965 non-running (Class 0) instances. Subsequently, 
the dataset was partitioned by unique athlete IDs into 
training (80%), validation (10%), and testing (10%) sets. 
Following the split, feature engineering was applied where 
numerical features were normalized using a Min-Max 
Scaler, and categorical variables were one-hot encoded. 

Finally, 30-day sliding window sequences were generated 
separately for the training and validation sets to train the 
model, and for the test set to evaluate performance. 

3.5 Deep Learning Model Architecture 
 A Bidirectional LSTM (Schuster & Paliwal, 1997) 
architecture was implemented using TensorFlow to 
capture long-term dependencies in sequential data. The 
system comprises three models: the Distance and 
Duration models for regression tasks shown in Figure 2, 
and the IsRunning model for binary classification to 
predict daily activity probability shown in Figure 3. 
 The architecture comprises three stacked Bidirectional 
LSTM layers (256, 128, and 64 units), interleaved with 
Dropout layers (rate 0.2) (Srivastava et al., 2014) to 
prevent overfitting. The final Dense output layer utilizes 
ReLU activation for regression models and Sigmoid for the 
classification task. 
 The models were trained using the Adam optimizer. To 
handle outliers inherent in user-generated fitness data, 
the regression models utilized the Huber Loss function 
(Huber, 1992), as defined in Equation (2). 

𝐿𝛿(𝑎) = {

1

2
𝑎2                          𝑖𝑓 |𝑎| ≤ 𝛿

𝛿 ⋅ (|𝑎| −
1

2
𝛿)        𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (2) 

 where 𝑎 represents the residual (𝑦 − 𝑦̂) and δ the 
transition threshold. The classification model utilized 
Binary Cross-Entropy Loss. To prevent overfitting, Early 
Stopping halted training upon validation loss stagnation, 
automatically restoring optimal weights. Finally, an 
Integrated Forecasting approach modulated regression 

 

Figure 2. Architecture of the bidirectional LSTM models for regression tasks (Distance and Duration). 
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outputs via classification probabilities (e.g., Prediction = 
Regression × Probability) to minimize false positives on 
non-running days. 

3.6 Performance Evaluation 
 Model effectiveness was assessed using standard 
performance metrics. Regression models were evaluated 
using Mean Squared Error (MSE) and Mean Absolute Error 
(MAE), while the classification model was assessed using 
confusion matrix-based metrics: True Positives (TP), True 
Negatives (TN), False Positives (FP), and False Negatives 
(FN) (Hossin & Sulaiman, 2015). 

3.6.1 Mean Squared Error (MSE) 
 MSE measures the average squared difference 
between the actual value (𝑦𝑖) and the predicted value (𝑦̂𝑖) 
across n samples. It penalizes larger errors significantly, as 
defined in Equation (3). 
 

𝑀𝑆𝐸 =
1

𝑛
∑ (𝑦𝑖 − 𝑦̂𝑖)2𝑛

𝑖=1
  (3) 

3.6.2 Mean Absolute Error (MAE) 
 MAE calculates the average absolute difference 
between the actual value (𝑦𝑖) and predicted value (𝑦̂𝑖). In 
contrast to MSE, MAE assigns equal weight to all errors, 
providing robustness against outliers, as defined in 
Equation (4). 
 

𝑀𝐴𝐸 =
1

𝑛
∑ |𝑦 − 𝑦̂|𝑛

𝑖=1   (4) 

 

 

3.6.3 Accuracy 
 Accuracy represents the overall ratio of correctly 
predicted observations to the total observations, as 
defined in Equation (5). 
 

Accuracy =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
   (5) 

3.6.4 Precision 
 Precision quantifies the proportion of positive 
identifications that were correct, indicating the model's 
reliability in predicting running events, as defined in 
Equation (6). 
 

Precision =
𝑇𝑃

𝑇𝑃+𝐹𝑃
   (6) 

3.6.5 Recall 
 Recall (or sensitivity) measures the proportion of 
actual positives correctly identified by the model, as 
defined in Equation (7). 
 

Recall =
𝑇𝑃

𝑇𝑃+𝐹𝑁
   (7) 

3.6.6 F1-Score 

 

Figure 3. Architecture of the bidirectional LSTM model for binary classification (IsRunning). 
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 F1-Score is the harmonic mean of Precision and Recall. 
It is prioritized to ensure a balanced evaluation, especially 
for imbalanced datasets, as defined in Equation (8). 
 

F1 − Score =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +𝑅𝑒𝑐𝑎𝑙𝑙
  (8) 

4.  Experimental Results 

4.1 Deep Learning Model Performance 
 The predictive capabilities of the system were 
evaluated using the LSTM architecture described in the 
methodology. The evaluation is categorized into 
regression tasks (Distance and Duration) and binary 
classification (IsRunning).  

4.1.1 Regression Models (Distance and Duration) 
 The regression models were tested on a hold-out 
dataset of 3,277 athletes. The performance metrics, Mean 
Squared Error (MSE) and Mean Absolute Error (MAE), as 
shown in Table 2. 
 

Table 2.  Performance of Regression Models. 
Model MSE MAE 

Distance Model 42.0293 4.2664 

Duration Model 1590.6757 24.4588 

 
 The training and validation loss curves for both models 
are presented, as shown in Figure 4 and Figure 5. The 
convergence of loss values indicates that the models 
effectively captured temporal patterns with minimal 
overfitting. 

4.1.2 Binary Classification Model (IsRunning) 
 The IsRunning model, designed to predict daily activity 
probability, was evaluated using a dataset of 
approximately 19.9 million records, as shown in Table 3. 

 

Figure 4. Training and validation loss curves of the Distance Model. 

 

 

Figure 5. Training and validation loss curves of the Duration Model. 
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Table 3.  Classification Report for IsRunning Model. 

Class Precision Recall F1-Score 

0 (Non-Run) 0.68 0.70 0.69 

1 (Run) 0.68 0.66 0.67 
Accuracy   0.68 

 
 To assess model stability during training, the accuracy 
and loss curves were analyzed, as shown in Figure 6. The 
model demonstrates steady convergence in both training 
and validation phases, indicating effective learning of 
activity patterns without significant overfitting. 
 The model achieved 68% accuracy with balanced F1-
scores (0.69 vs. 0.67), indicating minimal class bias, as 
shown in Table 3. The confusion matrix, as shown in Figure 
7 further validates this, demonstrating moderate 
consistency in distinguishing between rest and active days. 

4.1.3 Integrated Model Performance 
 To refine the predictions, an Integrated Model was 
developed by modulating the regression outputs with the 
classification probability (i.e., Predicted_Value × 
IsRunning_Probability), as shown in Table 4. 
 
Table 4.  Performance of Regression Models. 

Model MSE MAE 

Integrated Distance Model 83.7107 5.3147 

Integrated Duration Model 1852.7449 21.1524 

 
 As shown in Table 4, the integration yielded mixed 
results. While the Duration Model's MAE significantly 
decreased from 24.4588 to 21.1524, the Integrated 
Distance Model experienced a marginal increase in MAE 
(from 4.2664 to 5.3147). 

4.2 OCR Performance Results 
 The EasyOCR system was tested using a set of 10 
running summary images from various fitness applications 
to assess the reliability of the automated data collection 

module. Performance was quantified using the Word Error 
Rate (WER) metric, as shown in Table 5. 
 
Table 5.  OCR Performance and Word Error Rate (WER). 

Image Sample Status WER (%) 

Sample 1 – 2, 4 – 5, 7 - 9 Complete 0% 

Sample 3 Incomplete 50% 

Sample 6 Incomplete 33% 
Sample 10 Incomplete 20% 
Average - 10.3% 

 
 Table 5 summarizes the extraction results. The system 
successfully extracted all key metrics (Distance, Duration, 
Pace, Date) from 70% of the images (7 out of 10), 
achieving a perfect WER of 0%. Incomplete extractions 
were observed in the remaining three samples, with WERs 
of 50%, 33%, and 20%, respectively, resulting in an overall 
average WER of 10.3%. These errors were primarily 
attributed to non-standard fonts and complex background 
gradients, which interfered with text detection 
boundaries. 
 

4.3 Usability and Learnability Evaluation 
 System utility was evaluated through usability and 
learnability testing conducted with 3 users who were the 
runners. Figure 8 shows user interfaces, including (A) Login 
screen, (B) Upload result, and (C) Profile dashboard. 
 To assess system learnability, the evaluation measured 
only task duration, ensuring no personal user data was 
collected. As detailed in Table 6, all tasks achieved a 100% 
completion rate. The automated OCR process, as shown in 
Figure 8B, proved highly efficient, averaging 18.02 seconds 
compared to 31.77 seconds for manual correction. 
Furthermore, the significant reduction in upload time to 
8.53 seconds in the second attempt confirms the 
learnability objective, demonstrating that users rapidly 
improved their interaction speed. 
 
 

 

Figure 6. Training and validation metrics (Loss and Accuracy) for the IsRunning classification model. 
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Figure 7. Confusion matrix for the IsRunning binary classification model. 

 

 

Figure 8. User interfaces of the "Smart Run" application: (A) Login screen, (B) Upload result, and (C) Profile dashboard. 

Table 6.  Usability and Learnability Evaluation. 

No. Task Test Result 
User 1 

(sec) 

User 2 

(sec) 

User 3 

(sec) 

Average 

(sec) 

 Usability Test      

1 Login via social media (Google / Facebook) PASS 19.13 25.21 18.21 20.85 

2 Complete Personal Profile Data PASS 22.21 17.15 26.78 22.05 

3 Upload Running Stat (Complete Data Flow) PASS 18.20 13.45 22.41 18.02 

4 Upload Running Stat (Edit Incomplete Data) PASS 33.61 26.24 35.47 31.77 

5 Filter Running Events PASS 8.53 10.44 6.21 8.39 

6 View Profile Dashboard (Trend & Leaderboard) PASS 15.20 32.11 16.20 21.17 

 Learnability Test      

7 Re-upload Running Stat (2nd Round) PASS 8.61 6.24 10.75 8.53 

8 Re-visit Profile Stats (2nd Round) PASS 5.10 22.13 12.11 13.11 

9 Edit Personal Data & Check BMI PASS 21.41 15.78 14.16 17.12 
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5.  Discussion  
 The results validate "Smart Run" as an effective 
platform. For the OCR module, while the 10.3% WER 
indicates limitations with complex backgrounds, the 
verification interface proved essential. It allowed users to 
quickly correct errors (~32 seconds), ensuring data 
accuracy despite algorithmic imperfections. 
 For forecasting, the model predicted distance better 
than duration. This is likely because runners often stick to 
fixed targets (e.g., 5km, 10km), creating consistent 
patterns, whereas duration varies with daily physical 
condition. Furthermore, the Integrated Model presented 
a trade-off: while it improved duration accuracy by 
filtering non-running days, it slightly increased distance 
errors due to false negatives. This indicates that while 
binary classification reduces noise, more detailed user 
segmentation is needed to further improve precision. 

6. Conclusion 
 This study presented the development of "Smart Run," 
a mobile application designed to address the challenge of 
data fragmentation in running analytics. By integrating an 
EasyOCR-based module with a Bidirectional LSTM 
network, the system successfully automates data 
collection and provides personalized performance 
forecasting. Key contributions include a reliable 
digitization process with a 70% perfect extraction rate and 
an effective regression model for distance forecasting 
(MAE ~4.27 km). Moreover, usability testing confirmed the 
system’s practical utility, demonstrating high learnability 
and efficient operation times. 
 Future work will focus on overcoming the current 
classification limitations by implementing soft clustering 
techniques. This approach aims to segment users based 
on distinct running behaviors (e.g., casual joggers vs. 
marathon runners) to train cluster-specific models, 
thereby refining prediction accuracy and delivering more 
relevant personalized insights. 
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