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Abstract - Caregivers and healthcare professionals struggle to measure infants' suffering since they lack the ability to communicate it 

vocally. Conventional techniques frequently depend on subjective observation, which might cause delayed or erroneous results. This 

study presents a machine learning-based method that uses audio input to evaluate baby cries and identify the source of suffering, be it 

pain, hunger, or discomfort. The technology offers a dependable resource that helps parents and healthcare professionals by giving 

precise, real-time information into an infant's needs. In addition to improving pain detection accuracy, this objective approach gives 

caregivers the ability to act swiftly and properly. In contrast to conventional methods that rely on subjective observations, this system 

uses Mel Frequency Cepstral Coefficients (MFCC) for feature extraction and a Random Forest Classifier for objective audio analysis. 

This approach provides real-time feedback, improves classification accuracy, and removes biases associated with caregiver 

interpretations, thereby enhancing the overall quality of care. 

 

IndexTerms - Infant pain detection, cry analysis, machine learning, audio processing, MFCC, Random Forest Classifier, real-time 

assessment. 

I. INTRODUCTION  

 

Since infants cannot speak, it is extremely difficult to accurately quantify their suffering in both clinical and caregiver situations. 

Conventional techniques for assessing pain mostly rely on subjective indicators including body language, physiological alterations, 

and facial expressions. But frequently, these cues result in inconsistent assessments, which may lead to either too little or too much 

treatment. Since poorly controlled pain can have long-term detrimental impacts on behavior and health, effective pain management is 

essential for the development and well-being of infants. Current methods, such physiological monitoring or ocular observation, call 

for certain knowledge or tools that aren't always available in practical situations. An intriguing but little-used substitute is the study of 

baby cries. Studies have demonstrated that distinct cry patterns, distinguished by variances in loudness, duration, and pitch, can 

indicate various emotional states, including pain. This offers a chance to create an audio-analysis-based pain assessment system that is 

more impartial and trustworthy. 

 

In this paper, a machine learning-based multimodal tool for processing baby cries' audio inputs to determine discomfort is introduced. 

In order to give objective, real-time pain ratings, the system uses sophisticated algorithms to extract important acoustic elements. The 

program seeks to increase the precision and speed of pain identification by automating this process and lowering the dependency on 

human interpretation. It is intended to be useful for caregivers to utilize at home and in clinical settings, which makes it a solution for 

enhancing newborn care. The main goal of this research is to develop a tool that will help caregivers and healthcare professionals 

alike by improving the efficiency and accuracy of newborn pain evaluation.   

 

II. EASE OF USE 

A key aspect of this infant pain detection system is its accessibility and ease of use, ensuring that both caregivers and healthcare 

professionals can operate it with minimal training. The system is designed with a user-friendly interface, allowing non-technical users 

to navigate the application effortlessly. The main screen presents simple options such as starting a new assessment, viewing past 

results, and accessing recommendations, making it easy to use even in urgent situations. The system provides real-time feedback 

immediately after processing the infant’s cry, enabling caregivers to respond swiftly to the infant's needs, whether related to pain, 

hunger, or discomfort. 

Additionally, the setup is minimal, as the software runs efficiently on widely available devices like smart phones, tablets, or PCs, 

eliminating the need for specialized equipment. This makes the system accessible in a range of settings, from homes to clinical 

environments, without requiring advanced technical expertise. Automated analysis further enhances ease of use by removing the need 

for manual interpretation; the machine learning models analyze the cry and deliver a clear, objective assessment. The system is 

designed to be scalable and adaptable for various environments, providing a seamless solution for both home-based care and 

professional healthcare settings. 

III. OVERVIEW  OF THE SYSTEM 

 

The diagram representation of the proposed system is shown in Figure 1.  

The system analyzes audio recordings of infant cries collected from a specific infant database. After capturing the audio, Mel 

Frequency Cepstral Coefficients (MFCC) are employed to extract essential features from the audio signals. The extracted features are 

then processed using a Random Forest Classifier to classify the cries based on their underlying causes, such as pain, hunger, or 

discomfort. This design aims to provide real-time feedback and assessment, serving as a reliable tool for caregivers and healthcare 

professionals. The entire implementation is carried out in Python, ensuring scalability and accessibility across a range of devices. 
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 Figure 1.  Block Diagram representation  

 

IV. RELATED WORK 

Research on infant pain assessment through cry analysis can benefit from advancements in Audio Event Classification (AEC) and 

Acoustic Scene Classification (ASC), which have traditionally been addressed as separate tasks. Recent studies suggest that joint 

modeling techniques, such as the Cooperative Scene-Event Modeling (cSEM) framework, can enhance classification performance by 

recognizing the intertwined nature of events and scenes [1]. This approach utilizes shared and separated high-level embeddings to 

discern between various audio events while considering their contextual backgrounds, making it applicable for differentiating types of 

infant cries, such as those indicating pain versus hunger.  

 

Additionally, incorporating Multitask Learning (MTL) allows models to share layers for low-level feature extraction while a retaining 

task-specific high-level representation, which is particularly useful as different cries may exhibit, shared acoustic characteristics. 

Furthermore, leveraging pretrained audio models like PANN and Audio Spectrogram Transformer (AST) can significantly improve 

detection accuracy, especially when labeled data is scarce [1]. Collectively, these approaches provide a robust foundation for 

developing an effective machine-learning model for real-time infant pain assessment based on cry analysis. 

 

The project on infant pain assessment leverages advancements in non-invasive monitoring, highlighting tools like the Audio-Video 

Infant Recorder (AVIR) and AVIM, which enable simultaneous audio and video recording for analyzing cries related to pain or 

hunger[2]. Platforms such as Neo and Voxyvi, which aggregate audio and video data, provide valuable frameworks for this work. By 

utilizing existing audio signal analysis techniques to classify infant cries, the aim is to implement machine learning methods for real-

time monitoring and accurate pain assessment.[2] 

Various techniques for classifying child cries have utilized acoustic features like Mel Frequency Cepstral Coefficients (MFCC) and 

intensity, achieving accuracy rates of 80% to 90% with models such as Support Vector Machines (SVM), K-Nearest Neighbors 

(KNN), and Random Forest. One notable study pre-processed 1,615 cry samples and successfully classified them using Probabilistic 

Neural Networks. These findings underscore the importance of effective cry classification systems in helping caregivers promptly 

address infants' needs.[3] 

Research on infant pain assessment using machine learning has focused on analyzing facial expressions, crying sounds, and body 

movements. Databases have been developed to classify infant cries and facial expressions under different conditions, such as pain, 

hunger, and discomfort. Some approaches combine multiple data types, like facial expressions and body movements, to improve pain 

detection accuracy. These techniques highlight the importance of multimodal data in creating effective systems for automatic pain 

assessment in infants.[4] 

Recent research on infant cry analysis utilizes spectral entropy and machine learning for pain detection. Mansouri Jam et al. 

highlighted the effectiveness of multi-band spectral entropy in distinguishing pain-related cries. Other studies also explore MFCCs 

and LPC to improve classification accuracy[5]. 

Recent studies have utilized deep learning for classifying infant cries linked to needs like hunger and discomfort. Ji et al. achieved 

over 79% accuracy in detecting vocal tract abnormalities in infants using convolutional neural networks (CNNs)[6]. Alam et al. 

developed a hybrid CNN+DNN model that incorporated data augmentation and advanced feature extraction methods[7]. These 

findings highlight the effectiveness of deep learning in improving infant cry classification for timely healthcare interventions. 
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Recent studies on infant cry analysis use deep learning models like CNN, RNN, and LSTM to accurately classify emotional states 

such as pain, hunger, and discomfort[8]. LSTM models also play a crucial role in predicting pain intensity by analyzing facial features 

for continuous monitoring[9]. Furthermore, explainable AI techniques, leveraging Vision-Language Models, improve transparency in 

pain assessment by identifying important facial cues linked to pain[10]. Alagundi et al. used a CNN-MFCC model for cry 

classification[10]. Samhita et al. introduced an IoT system for real-time monitoring and response to infant cries[12]. Bonin et al. 

explored AI-driven wearable sensors for predicting health deterioration in high-risk infants[14]. These innovations highlight 

technology's role in enhancing infant care. 

V. METHODOLOGY  

This methodology describes the systematic approach employed to develop a classification system for infant cries, enabling the 

identification of specific emotional states such as belly pain, the need for burping, tiredness, hunger, and discomfort. The process 

comprises several key stages: audio input, preprocessing, feature extraction using Mel-frequency Cepstral coefficients (MFCC), 

classification with a Random Forest classifier, and the generation of actionable outputs for caregivers. 

 

1. Audio Inputs 

The first step involves the collection of recordings of infant cries, which form the foundational dataset for the classification system. 

The quality and diversity of the audio data are critical; hence, samples are sourced from a range of environments, ages, and emotional 

contexts of infants. This comprehensive approach ensures that the dataset is representative of various crying patterns, enabling the 

model to learn and differentiate effectively among different emotional states. The recordings are obtained using high-quality 

microphones in controlled environments to minimize background noise and enhance clarity. By including a diverse set of samples, the 

system aims to improve its generalization capabilities, thereby increasing its accuracy in real-world applications. 

2. Preprocessing 

Once the audio data is collected, it undergoes preprocessing to enhance its quality and suitability for analysis. This stage includes 

multiple steps aimed at improving the signal-to-noise ratio and segmenting the audio into manageable pieces for further analysis. The 

first step in preprocessing is noise reduction. Various techniques, such as spectral gating and Wiener filtering, are applied to eliminate 

background noise, allowing the system to focus on the infant's vocalizations. The formula used for the pre-emphasis process, which 

amplifies higher frequencies and reduces lower frequencies, is represented as: 

y (t) = x (t) – α ⋅ x (t−1) 

In this equation,  

             y (t) is the output signal after pre-emphasis, 

             x (t) is the original audio signal,  

             α is a pre-emphasis coefficient (usually set to 0.97). 

This step is essential for improving the clarity of the audio signals, ensuring that the important features of the cries are preserved. 

After noise reduction and pre-emphasis, the audio signals are segmented into smaller frames, typically ranging from 20 to 40 

milliseconds in duration. This segmentation allows the analysis to capture temporal variations and patterns in the audio data. Each 

frame is then windowed using a Hamming window to minimize signal discontinuities at the boundaries, thus preparing the data for 

feature extraction. 

3. Feature extraction 

The feature extraction phase is pivotal in transforming the raw audio signals into a form suitable for classification. This project 

employs Mel-frequency Cepstral coefficients (MFCCs), which are widely used in audio processing due to their ability to capture the 

spectral characteristics of sounds effectively. The extraction process begins with the application of the Fast Fourier Transform (FFT), 

which converts the time-domain audio signal into the frequency domain, enabling an analysis of the frequency components present in 

the infant cries. The frequency spectrum is then filtered through a Mel filter bank, designed to emulate the human auditory system's 

response to different frequencies. This step emphasizes frequency components that are more relevant to human perception. 

The energy of the Mel-filtered spectrum is computed and logarithmically compressed to reflect auditory sensitivity more accurately. 

This process can be mathematically expressed as: 

S (m) =log (k∑∣ X (k) ∣2⋅Hm(k)) 

In this formula,  

             S (m) represents the log Mel spectrum,  

             X (k) is the Fourier transform of the audio signal, 

             Hm(k) denotes the Mel filter bank.  

The logarithmic compression helps to stabilize the variance of the features and to reduce the impact of outliers. Finally, the Discrete 

Cosine Transform (DCT) is applied to convert the log Mel spectrum into MFCCs, mathematically represented as: 

MFCC (n) =m=0∑M−1S(m)⋅cos((πn(m+0.5))÷M) 
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Here, MFCC (n) is the n-th MFCC coefficient;  

          M is the number of filters used in the Mel filter bank. 

The resulting MFCC features provide a compact representation of the audio signal's characteristics and are used as input for the 

classification model. 

4. Classification 

The extracted MFCC features are fed into a Random Forest classifier, which is chosen for its robustness, versatility, and effectiveness 

in handling complex classification tasks. The Random Forest algorithm consists of multiple decision trees, each making independent 

predictions regarding the emotional state of the infant based on the input features. The final classification result is determined by a 

majority vote across all decision trees like in Figure 2, which helps improve accuracy and reduce over fitting. This can be 

mathematically expressed as: 

ŷ=majority vote ({ht(x)} t=1T) 

In this equation,  

            ŷ is the predicted class (such as belly pain), 

            ht(x) denotes the output from the t-th decision tree,  

            T represents the total number of trees in the forest. 

 

 

 
Figure 2. Classification 

To enhance the decision-making process, the Gini impurity criterion is used to assess the effectiveness of the features in separating the 

different classes. The Gini impurity can be calculated using the following formula: 

G=1-∑pi
2 

Here, pi  is the probability of class i, 

         C is the total number of classes.  

This helps in selecting the most informative features that contribute to accurate classification outcomes. 

5. Output generation 

In the final stage of the methodology, the system processes the results from the Random Forest classifier to provide useful information 

for caregivers. This output is crucial as it translates the analysis of infant cries into understandable emotional states that can help 

caregivers respond effectively to the infant's needs. The classifier categorizes the emotional states based on the audio features 

extracted earlier. The system identifies states such as belly pain, the need for burping, discomfort, hunger, and tiredness. For instance, 

if the classifier detects belly pain, it indicates that the infant might be experiencing gastrointestinal issues, prompting caregivers to 

check for signs related to feeding or digestion. If the cry signals a need for burping, caregivers can take action to help the infant 

release gas and reduce discomfort. 
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Recognizing discomfort is also important, as it can relate to various issues like a dirty diaper or uncomfortable clothing. When the 

classifier identifies hunger, caregivers can respond by providing feeding, ensuring the infant's nutritional needs are met. Similarly, 

recognizing tiredness can help caregivers establish better sleep routines for the infant. The classification results are presented in a 

straightforward format that caregivers can easily understand. For example, the system may display a message such as "Predicted 

Emotional State: Belly Pain" along with a confidence level, like "Confidence Level: 85%." This information helps caregivers gauge 

how reliable the prediction is. A high confidence score might prompt immediate action, while a lower score could encourage further 

observation before taking steps. The system may also suggest actions based on the classified emotional state. For example, if the 

infant is identified as needing to burp, recommendations might include gently massaging the infant’s belly or holding them upright. 

These suggestions not only provide immediate assistance but also help caregivers learn to recognize the different emotional cues from 

the infant over time. 

VI. RESULT  

The developed system for classifying infant cries was tested on a dataset of 1,615 cry samples, categorized as pain, hunger, or 

discomfort. Using Mel Frequency Cepstral Coefficients (MFCC) for feature extraction and a Random Forest Classifier for cry 

categorization, the system was evaluated based on accuracy, precision, recall, and F1-score metrics. 

As shown in Table 1, the overall classification accuracy of the system reached 93.84%, demonstrating strong performance in 

distinguishing between different types of infant cries. 

Category Accuracy Precision Recall F1-Score 

Pain 94.5% 93.8% 92.7% 93.2% 

Hunger 92.3% 91.5% 93.1% 92.3% 

Discomfort 94.7% 95.2% 94.0% 94.6% 

Overall 93.84% 93.5% 93.3% 93.4% 

Figure 3. Performance Metrics for Cry Classification 

Figure 3 presents the confusion matrix, showing high accuracy for identifying pain cries, with minor misclassifications occurring 

between hunger and discomfort. 

 Predicted Pain Predicted Hunger Predicted Discomfort 

True Pain 185 8 7 

True Hunger 10 192 12 

True Discomfort 9 11 180 

The matrix indicates that most errors occurred in distinguishing hunger from discomfort, while pain was generally well classified. 

In conclusion, the system provides an efficient, real-time solution for classifying infant cries, enhancing the speed and accuracy of 

care giving interventions. Further development will focus on enlarging the dataset and optimizing the model for increased robustness 

in diverse environments. 

VII. CONCLUSION AND FUTURE WORK  

This project has successfully developed a novel system for classifying infant cries into specific emotional states, such as belly pain, 

the need for burping, tiredness, hunger, and discomfort. By leveraging advanced audio processing techniques and machine learning 

algorithms, we have created a framework that not only captures the nuances of infant vocalizations but also translates them into 

actionable insights for caregivers. The methodology employed in this project includes a comprehensive approach that begins with the 

collection of high-quality audio recordings. These recordings were meticulously processed to enhance their clarity and suitability for 

analysis. The use of Mel-frequency Cepstral coefficients (MFCC) for feature extraction allowed us to effectively represent the 

auditory characteristics of the cries, enabling the Random Forest classifier to accurately distinguish between different emotional 

states. 

A significant aspect of this system is its capability for real-time audio analysis. This feature provides caregivers with immediate 

feedback regarding an infant's emotional state, which is critical in addressing the infant's needs promptly. For instance, recognizing 

signs of belly pain or the need for burping can lead to timely interventions, improving the overall well-being of the infant. The 

system’s ability to produce clear and interpretable outputs empowers caregivers to make informed decisions quickly, enhancing their 
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responsiveness and fostering a supportive environment for the infant. Moreover, this project contributes to the growing body of 

knowledge in the field of infant care, illustrating the potential of machine learning techniques to interpret and analyze complex 

behaviors such as crying. By facilitating a better understanding of the different emotional cues exhibited by infants, this system can 

help caregivers develop a deeper intuition regarding their children's needs over time. 

Looking ahead, the focus can shift towards enhancing the model's accuracy and reliability by expanding the dataset to include a wider 

variety of infant cries across diverse contexts. Incorporating feedback from caregivers can also improve the system's effectiveness, 

ensuring it meets the practical needs of its users. By providing a practical application that benefits both infants and their caregivers, it 

sets the stage for future advancements in the field, ultimately contributing to improved infant health and caregiver understanding. 
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