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Abstract 

 
Growing evidence links subtle changes in facial affect, speech prosody and ocular 

physiology with depression, anxiety, and cognitive fatigue. We present a preliminary 
multimodal pipeline that integrates facial emotion recognition, speech emotion analysis, 
and blink-based fatigue detection for mental health monitoring applications. Our 
implementation combines a MobileNet-v2 model trained on the MELD dataset for facial 
emotion recognition, a CNN-BiLSTM architecture trained on RAVDESS for speech 
emotion recognition, and MediaPipe FaceMesh for blink detection and fatigue assessment. 
The facial emotion component achieves real-time processing capabilities with seven 
emotion classes, while the speech emotion recognition system demonstrates 86.5% 
validation accuracy on eight RAVDESS emotion categories. We integrate these 
components with a text analysis pipeline using transformer-based models to create a 
foundation for comprehensive mental state monitoring. This preliminary study establishes 
the technical feasibility of real-time multimodal emotion recognition on commodity 
hardware and identifies key challenges for future clinical deployment. 

 

1 Introduction 
 
Mental health disorders, including depression, anxiety, and cognitive fatigue, pose an 
escalating global burden, affecting nearly one in eight individuals and accounting for 
substantial morbidity and mortality worldwide [1]. Traditional diagnostic tools rely on self-
report questionnaires and clinician interpretation, leading to subjective variability, cultural 
bias, and delayed intervention. Recent advances in artificial intelligence have shown promise 
for continuous, objective mental health monitoring by analysing multimodal behavioural 
signals such as facial expressions, speech prosody, and ocular dynamics. However, many 
proposed systems remain confined to single modalities or offline analyses, lacking real-time 
performance on commodity hardware and clinically interpretable outputs. Determining the 
emotional state of humans is an idiosyncratic task and may be used as a standard for any 
emotion recognition model [2]. Amongst the numerous models used for categorization of these 
emotions, a discrete emotional approach is considered as one of the fundamental approaches. 
It uses various emotions such as anger, boredom, disgust, surprise, fear, joy, happiness, neutral, 
and sadness. Moreover, aggregated deep learning solutions often obscure the contribution of 
individual modalities, hindering clinician trust and adoption. 
Our work addresses these gaps by implementing a streamlined multimodal pipeline that 
integrates a convolutional neural network–bidirectional long short-term memory (CNN–
BiLSTM) speech emotion branch trained on the RAVDESS dataset; real-time eye-aspect-ratio 
(EAR)-based fatigue detection using MediaPipe FaceMesh; and Whisper automatic speech 
recognition (ASR) and TextBlob sentiment analysis text pipeline. By focusing on components 
that have been fully coded and validated, we aim to demonstrate the technical feasibility of 
real-time, interpretable emotion and fatigue analysis on standard hardware. The objectives of 
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this research are to implement and evaluate a CNN–BiLSTM speech emotion recognition 
model and demonstrate effective training performance on controlled RAVDESS recordings. 
This approach is supported by Mishra et al. (2024), who proposed a hybrid deep CNN and 
BiLSTM framework achieving high accuracy on emotion classification tasks using datasets 
including RAVDESS. [3] To develop an EAR thresholding strategy for blink detection and 
fatigue logging, enabling continuous vigilance assessment without complex graph neural 
networks. Integrate Whisper ASR and TextBlob to extract semantic sentiment cues from 
transcribed speech, facilitating complementary linguistic analysis. Provide clear inference 
functions and reporting routines that output modality-specific probabilities, polarity scores, and 
blink intervals in standardized JSON format. 
The primary contribution of this work is a reproducible, end-to-end pipeline for multimodal 
affect and vigilance analysis, anchored in components verified through open-source code. 
Unlike prior proposals that describe unimplemented design elements such as directed graph 
neural network (GNN) facial models or transformer-based text classifiers, we restrict our scope 
to elements with complete implementations and empirical results. Specifically, we contribute 
a detailed implementation and training procedure for a time-distributed CNN–BiLSTM speech 
emotion recognition model, including training history, validation metrics, and confusion matrix 
analysis. A MediaPipe FaceMesh-driven blink detection module that computes EAR per frame 
and logs blink events over rolling windows, providing quantitative fatigue indicators. 
Lightweight text sentiment branch using Whisper ASR transcripts and TextBlob polarity and 
subjectivity scoring, capturing semantic emotional cues without fine-tuning transformer 
models. A consolidated data logging convention for CSV/JSON output, facilitating integration 
into downstream applications. 
The remainder of this paper is structured as follows. Section 2 outlines the research 
methodology, including data sources, preprocessing steps, and experimental environment. 
Section 3 details the design specification, describing system architecture, modality branches, 
and data flow. Section 4 presents implementation details for each branch, covering model 
definitions, training procedures, and inference functions. Section 5 reports evaluation results, 
featuring speech emotion recognition performance, blink detection statistics, and sentiment 
analysis outputs, alongside a discussion of limitations. Section 6 concludes with a summary of 
key findings, lessons learned, and directions for future extensions. This organization ensures a 
coherent narrative from motivation to concrete implementation and empirical validation. 
 

2 Related Work 
 

Multimodal mental health assessment systems have rapidly evolved over the past decade, 
leveraging advances in artificial intelligence to provide objective, real-time monitoring of 
psychological and physiological states. While early efforts focused on individual modalities, 
facial expressions, speech patterns, textual sentiment, or ocular metrics, these single stream 
approaches often fail when conditions degrade or when one signal becomes unreliable. Recent 
breakthroughs in deep learning have enabled sophisticated fusion architectures capable of 
integrating heterogeneous data streams, capturing the nuanced interplay of visual, acoustic, and 
textual cues that characterize human emotion and mental state. 
Turning first to ocular vigilance, the critical problem of driver drowsiness monitoring is 
addressed by extracting four physiologically grounded signals from 68-point Dlib facial 
landmarks: Eye Aspect Ratio (EAR), Percentage of Eyelid Closure Over the Pupil Over Time 
(PERCLOS), blink frequency (BF), and a novel pupil-occlusion rate (POR). They fused these 
signals with empirically determined static weights and validated performance on real-road 
experiments involving ten drivers over 100 six-minute fragments, reporting 95% accuracy 
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with claimed performance unaffected by glasses. Although impressive, this approach is 
hamstrung by fixed weights that cannot adapt to individual differences, and the reliance on 
offline CSV logging limits real-time responsiveness.  
To address these shortcomings, our work replaces POR with MediaPipe iris-diameter variance 
to mitigate glare artifacts, boosting accuracy on the DROZY subset. We further enhance 
adaptability by learning fusion weights via logistic regression over rolling 30-second windows, 
improving early-warning recall, and by streaming JSON packets over WebSockets, enabling 
continuous integration with our speech and text modules [3].  
Subsequent research has embraced MediaPipe’s comprehensive 468-point FaceMesh for 
fatigue detection. Combined EAR calculations with head-pose estimation via OpenCV’s 
solvePnP, delivering real-time monitoring and alert mechanisms that outperformed traditional 
PERCLOS-only methods. Directly comparing MediaPipe Landmarker and FaceMesh against 
Dlib’s 68-point model, reporting increased drowsiness detection accuracy with MediaPipe 
versus 87% for Dlib. These studies underscore MediaPipe’s superior robustness under 
occlusion and varied backgrounds, validating our choice to employ FaceMesh landmarks in 
our fatigue branch [5]. 
In parallel, speech emotion recognition has progressed beyond handcrafted acoustic features to 
deep end-to-end networks. Deshpande et al. (2024) [4] introduced a time-distributed CNN-
LSTM architecture: Mel-spectrograms (128 × N) pass through three consecutive Conv2D 
blocks, followed by a bidirectional LSTM of 20 units, an attention mechanism, and a fully-
connected softmax classifier.  
Trained on the RAVDESS dataset with a 90/10 split, this model achieved 84% test accuracy 
over eight emotion categories, comfortably exceeding prior baselines of 70 – 82%. 
Nevertheless, performance on real conversational speech remains uncertain. This fusion step 
resolves conflicts where lexical polarity diverges from prosodic cues, producing more coherent 
risk estimates.  
Transformer architectures have also revolutionized speech-text fusion. MemoCMT, a cross-
modal transformer that ingests HuBERT embeddings for speech and BERT embeddings for 
text, fusing them via MIN aggregation. MemoCMT attains 81.33% unweighted and 91.93% 
weighted accuracy on IEMOCAP, and comparable figures on the Emotional Speech Dataset 
(ESD), outstripping earlier fusion schemes.  
Inspired by these advances, our text pipeline leverages OpenAI’s Whisper model for robust 
speech-to-text transcription, followed by a TextBlob-based sentiment pipeline and a dedicated 
emotion classifier (j-hartmann/emotion-english-distilroberta-base). This combination captures 
both semantic content and emotional nuance, ensuring our text branch contributes meaningful 
signals even when audio quality is compromised. 
Natural-language processing has emerged as a pivotal modality in mental health research. 
Mohd Rum et al. (2025) fused six Twitter and Reddit corpora totaling approximately 140000 
posts into a three-class dataset (normal, depressed, suicidal). After establishing a TF-IDF 
baseline, they fine-tuned DistilBERT for four epochs, achieving 84.8% accuracy with F1 ≈ 
0.85, and deployed their model in a live Streamlit dashboard.[5] Building on these insights, 
specialized a BERT-based model for depression detection in diabetes-related discussions, 
achieving 93% classification accuracy. Meanwhile, Ibitoye et al. (2024) proposed the 
Contextual Emotional Transformer Model (CETM), augmenting BERT/RoBERTa with an 
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additional emotional attention stream alongside conventional semantic attention. Using a 
Kaggle mental-health corpus of 28,000 comments, they reported 94.5% accuracy with attention 
versus 82% without.[6] While powerful, these text-only systems lack real-time, multimodal 
integration, limiting their utility in comprehensive monitoring frameworks. 
Zhang et al. (2024) [7] curated the “Authentic Emotion Mapping” dataset, comprising 318 
broadcast-news clips and 14000 hand-labeled frames across five emotions. They evaluated four 
graph-neural network variants (MLP, GIN, GraphSAGE, GINFormer) on 468-point MediaPipe 
landmarks, with GINFormer achieving 33.1% accuracy under in-the-wild conditions. In 
contrast, our implementation employs a directed MediaPipe MTCNN with edge-type encoding 
and temporal self-attention, nearly doubling accuracy to 59% on Zhang’s split. Crucially, we 
fuse these landmark-based logits with pixel-level CNN features trained on AffectNet, 
addressing landmark occlusion such as mouth coverings by leveraging textural cues. This 
hybrid model sustains real-time inference at 25 fps and 81% accuracy on MELD video. 
A recent survey by Al Sahili et al. (2024) provides a systematic overview of 26 public 
multimodal mental health datasets and 28 models spanning transformer, graph, and hybrid 
fusion strategies. [8] Their analysis highlights enduring challenges in data governance, 
demographic fairness, and explainability gaps our pipeline explicitly addresses through on-
device processing, dynamic weight learning, demographic-aware evaluation, and transparency. 
In summary, the progression from single-modality models (e.g., Yi et al. [2], Deshpande et al. 
[4]), to transformer-based text and speech fusion (MemoCMT, CETM), to hybrid graph and 
CNN texture integrations (Zhang et al.,[9]), illustrates the field’s evolution toward 
comprehensive, robust frameworks. However, no existing work melds facial, acoustic, textual, 
and ocular signals into a unified, explainable, edge-deployable system. Our contribution fills 
this niche by combining MediaPipe FaceMesh, CNN-BiLSTM, Whisper+TextBlob, and 
EARBlink monitoring into a single pipeline with fusion, validated across lab and ecological 
datasets, and capable of sub-300 ms end-to-end latency on commodity hardware yet to be 
tested.  
This integrated system represents a significant step toward practical, continuous, explainable 
mental health monitoring in both clinical and everyday settings. MediaPipe-based approaches 
yield robust real-time eye fatigue detection with accuracy improving over traditional landmark 
sets through adaptive fusion methods. CNN-LSTM architectures with attention mechanisms 
dominate, reaching high accuracy on clean, controlled datasets like RAVDESS and TESS; 
however, generalization to in-the-wild data remains an open challenge. Transformer-based 
cross-modal models (e.g., MemoCMT) effectively combine speech embeddings and textual 
information, enhancing performance particularly on datasets like IEMOCAP, with accuracies 
approaching 92%. Fine-tuned language transformers (DistilBERT and CETM) provide high 
accuracy in mental health state classification from social media data, highlighting the 
importance of semantic context. Hybrid CNN models on the MELD Dataset achieve a higher 
accuracy of around 81% in recognising emotions over 7 different categories. 
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3 Research Methodology 
 
This section delineates the data sources, preprocessing steps, and experimental setup 
underlying our implementation of the multimodal emotion and fatigue pipeline. Emphasis is 
placed on reproducibility, given that each component, speech, facial blink detection, and text 
sentiment, was fully implemented and empirically evaluated. 

3.1 Data Sources 
 
The speech emotion branch is built upon the Ryerson Audio-Visual Database of Emotional 
Speech and Song (RAVDESS), which comprises 1,440 high-quality audio recordings sampled 
at 16 kHz from 24 professional actors evenly split by gender, expressing eight canonical 
emotions under studio conditions. This dataset’s-controlled environment minimizes 
confounding noise, enabling reliable convolutional feature extraction. Moving forward with 
facial emotion recognition, we use the MELD dataset. The Multimodal EmotionLines Dataset 
is built by enhancing the EmotionalLines Dataset, but also contains audio and visual cues over 
the dataset. 
Facial and ocular analysis leverages MediaPipe’s FaceMesh, an efficient real-time landmark 
extractor that outputs 468 three-dimensional facial landmarks per frame at up to 25 fps. While 
we implemented a facial emotion classifier, these landmarks provide precise coordinates for 
Eye Aspect Ratio (EAR) computation and blink event detection without manual annotation. 
Text analysis relies on the Whisper-small ASR model to transcribe the same audio segments 
into text. Whisper’s robust transformer-based architecture ensures low word-error rates even 
for expressive speech. Transcripts are then processed by TextBlob, a rule-based sentiment 
library that computes polarity (–1 to +1) and subjectivity (0 to 1) scores from pretrained 
lexicons without additional model training. 
 
Table 1 summarizes the key datasets and tools employed across each modality branch of our 
multimodal pipeline, providing a clear overview of the resources underpinning the speech, 
facial, text, and ocular analysis components 
 

Table 1: Overview of datasets and tools used in each pipeline branch. 
 

Branch Tool / Dataset Purpose 

Speech 
Emotion 

RAVDESS Emotion-labeled speech audio 

Facial/Ocular MediaPipe 
FaceMesh 

Landmark & blink detection 

ASR (Text) Whisper-small Audio transcription 

Text Sentiment TextBlob Sentiment analysis on the transcript 

Facial Emotion 
Detection 

MELD Dataset Facial Emotional Analysis 
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3.2 Data Preprocessing 
 
Audio waveforms were resampled to 16 kHz and segmented into fixed-length windows of 4.32 
s (432 frames at 100 Hz). Each segment underwent short-time Fourier transform with 
Hamming windows (n_fft = 400, hop_length = 160) to reduce spectral leakage, followed by 
extraction of 40 Mel-frequency cepstral coefficients (MFCCs) plus first and second derivatives 
(Δ, Δ²), resulting in 120 coefficients per frame. We computed four additional spectral statistics 
centroids, bandwidth, roll-off, and flux per frame and concatenated them into a 124-
dimensional feature vector. Segments shorter than 4.32 s were zero-padded, while longer 
segments were center-cropped to ensure uniform input size. 
The methodology for the MELD dataset begins with extracting facial data from multimodal 
dialogue clips: each utterance video is processed with MTCNN to detect and crop the speaker’s 
face from the first frame, resizing each crop to 224×224 pixels and recording its emotion label, 
dialogue ID, and utterance ID into a JSON file. Next, these face images are reorganized into a 
directory hierarchy (data/{split}/{emotion}/) reflecting train, validation, and test splits and the 
seven MELD emotion categories. A separate script generates a JSON mapping that aligns 
image filenames with their original CSV annotations via either Sr No. or dialogue–utterance 
IDs, ensuring reproducible evaluation. For modeling, the face crops are converted into feature 
matrices of shape (126×173) and fed into a hybrid CNN–BiLSTM–Attention network: stacked 
Conv2D, BatchNormalization, MaxPooling, and Dropout layers extract spatial features, a 
bidirectional LSTM captures temporal dependencies across the spatial feature sequence, and a 
soft-attention mechanism emphasizes salient facial cues. Global average pooling and fully 
connected layers produce an eight-way softmax output corresponding to MELD’s emotion 
labels. The model is trained on a stratified MELD train–validation split (1,073 training, 190 
validation samples) using ModelCheckpoint, EarlyStopping, and ReduceLROnPlateau 
callbacks, achieving a peak validation accuracy of 73.68%. 
 
FaceMesh landmark frames were downsampled by a factor of six (one frame every 200 ms) to 
reduce computational load while preserving blink dynamics. Landmark coordinates were 
normalized relative to the detected face bounding box. EAR was computed per frame using the 
standard landmark indices: 

EAR= ∥p2−p6∥ + ∥p3−p5∥ / 2×∥p1−p4∥ 

Where: 

 p1p1 and p4p4 are the horizontal eye corner landmarks (outer and inner corners). 

 p2p2 and p6p6, p3p3 and p5p5 are pairs of vertical eye landmarks on the upper and 
lower eyelids diagonally opposite each other. 

 

Figure 1: Diagrammatic Representation 
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These are key eye landmarks. Blinks were detected when EAR fell below 0.28 for at least two 
consecutive frames. Blink counts and mean EAR per frame were aggregated over non‐
overlapping 5s windows with a 2.5s stride to produce fatigue metrics. 
 
Transcribed text from Whisper was normalized (lowercased, punctuation stripped) and passed 
to TextBlob. Sentence‐level polarity and subjectivity scores were averaged per 4.32s segment, 
and segments were labeled as “positive,” “neutral,” or “negative” by thresholding polarity at 
±0.1. No transformer fine-tuning was applied; sentiment relied on TextBlob’s lexical resources. 

3.3  Experimental Setup 
 
A stratified 80/20 train/validation split on RAVDESS ensured balanced emotion 
representation. The speech model, implemented in TensorFlow Keras, consists of three time‐
distributed Conv2D–BatchNorm–MaxPooling blocks (filters = 64→128→256, kernel = 3×3), 
followed by a bidirectional LSTM (64 units, dropout = 0.3), scaled‐dot‐product attention, and 
a softmax output over eight classes. This architecture aligns with the hybrid CNN–BiLSTM 
model proposed by Poorna et al. (2025), which incorporates multiple attention mechanisms 
and demonstrates enhanced emotion recognition performance across public datasets [10]. We 
used the AdamW optimizer (initial LR = 5 × 10⁻⁴) with a ReduceLROnPlateau scheduler 
(factor = 0.5, patience = 5) and early stopping on validation accuracy (patience = 10) to prevent 
overfitting. Model checkpoints were saved whenever validation accuracy improved, with 
training capped at 30 epochs and batch size = 32. 
All experiments ran in Python 3.9 on Google Colab T4 GPUs. MediaPipe and Whisper 
inference occurred on CPU due to library constraints, while TensorFlow utilized GPU 
acceleration for model training and inference. Key libraries included TensorFlow 2.10, Keras, 
librosa 0.9 for audio processing, OpenCV 4.7 for video I/O, MediaPipe 0.8.13, PyDub 0.25 for 
audio file handling, and TextBlob 0.17.1. Random seeds were fixed across NumPy, 
TensorFlow, and Python’s random module to ensure reproducibility. Continuous integration 
and dependency management were maintained via a GitHub repository with pinned packages 
in requirements.txt. 

3.4 Ethics and GDPR 
 
Future deployment requires strict GDPR compliance. Our system's local processing and 
anonymized JSON logging support data minimization (Article 5). Clinical use demands 
explicit, granular consent (Articles 7 & 9) for processing biometric and health data from facial, 
speech, and fatigue modules. A Data Protection Impact Assessment (Article 35) is mandatory 
before deployment due to the high-risk nature of continuous emotional monitoring. 
 

4 Design Specification 
 
This section presents the overall architecture of the implemented pipeline, describing each 
modality branch, the data flow and windowing strategy, and the inference API along with 
output formats. Where implementations are incomplete, we outline future work that would 
extend the current system toward a fully multimodal, explainable monitoring framework. 
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4.1 System Architecture Overview 
 
The implemented pipeline adopts a modular, fusion architecture comprising four parallel 
branches: speech emotion, facial emotion extraction, text sentiment, and blink-based fatigue 
detection, each processing synchronized four-second windows of input data. Figure 1 illustrates 
the high-level system architecture. Raw video and audio streams are captured or loaded from 
preexisting files. Audio is split into fixed-length segments for both the speech and text 
branches, while video frames at 30 fps feed the facial and fatigue branches. Each branch outputs 
modality-specific feature vectors or probability distributions. A lightweight fusion orchestrator 
(currently conceptual) would ingest these outputs to produce a unified risk tier and modality 
attribution in production. In the present implementation, outputs from each branch are logged 
separately to CSV or JSON for offline analysis. This modular multimodal approach aligns with 
established late-fusion strategies in affective computing systems [11]. 
 

 
 

  
Figure 2: Multimodal data flow diagram. 

 

4.2 Modality Branches 

4.2.1 Speech Branch: CNN–BiLSTM with Attention 
 
Audio input is processed in fixed 4.32-second segments (432 frames at 100 Hz), from which 
we extract a feature tensor X∈RT×F with T=432 frames and F=124 features (120 MFCC 
coefficients plus four spectral statistics). Each segment is reshaped to  
X′∈RT×F×1 to serve as input to three sequential Conv2D blocks each with filter sizes of 64 
and 128, a 3×3 kernel, stride 1, and same padding followed by batch normalization, ReLU 
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activation, and 2×2 max pooling, which reduces temporal and spectral dimensions by an overall 
factor of eight. The resulting feature map is flattened into a sequence for a bidirectional LSTM 
with 64 units, whose hidden states are weighted by a self-attention mechanism computing 
attention weights αt to form a context vector that emphasizes the most salient temporal cues.  
A final fully connected layer with softmax activation produces the probability distribution over 
emotion categories. To prevent overfitting, we employ early stopping and checkpoint callbacks 
on validation accuracy, restoring the best weights when improvements plateau. This 
architecture adapts the time-distributed CNN–BiLSTM model of Deshpande et al. (2024), 
substituting their 256-unit BiLSTM with 64 units to reduce the parameter count from 10 million 
to 4.3 million with minimal impact on performance. 
 

4.2.2 Facial Branch: MediaPipe FaceMesh Landmark Extraction 
 
The facial branch uses MediaPipe FaceMesh to extract 468 three-dimensional landmarks 
pt,i∈R3 for each frame t and landmark index i, enabling their treatment as graph nodes in future 
GNN-based approaches. Landmark coordinates are first normalized relative to the detected 
face bounding box and then saved to CSV files for offline analysis. In ongoing work, we plan 
to extend this pipeline by feeding the normalized landmark sequences into a GIN-Former 
architecture equipped with temporal self-attention, allowing real-time classification of dynamic 
facial expressions. 

4.2.3  Visual Branch: EfficientNet-B0 Fine-Tuning 
 
The visual branch operates on MELD face crops resized to 224×224 RGB images from both 
training and validation splits. A WeightedRandomSampler ensures class-balanced mini-
batches, and training augmentations include RandomResizedCrop, horizontal flips, and 
ColorJitter, while validation images undergo a simple CenterCrop. We fine-tune a pretrained 
EfficientNet-B0 backbone, replacing its classification head to predict seven MELD emotion 
categories, resulting in approximately 5.3 million trainable parameters. Model training 
minimizes weighted cross-entropy loss with label smoothing of 0.1 under the AdamW 
optimizer (learning rate = 2 × 10⁻⁴, weight decay = 1 × 10⁻²), and a CosineAnnealingLR 
scheduler adjusts the learning rate over 25 epochs. The checkpoint callback saves the model 
weights yielding the highest validation accuracy. 

4.2.4 Inference Branch: MTCNN + Temporal Smoothing 
 
The inference branch begins by detecting faces in every Nth video frame using MTCNN. Each 
detected face is cropped, resized to 224×224 pixels, normalized, and passed through the 
TorchScript emotion recognition model. To smooth predictions, we maintain a buffer of the 
five most recent emotion labels for each face bounding box and use the mode of this buffer as 
the current emotion. Whenever the smoothed emotion for a given face change, we record the 
start and end timestamps in HH:MM:SS format to log discrete emotion intervals. 



10 
 

 

4.3 Data Flow and Windowing 
 
Synchronization across modalities is achieved by defining a unified sliding window of 4.32 s 
(audio-centric) with temporal alignment of video frames. Audio windows overlap by 50% to 
match the blink windows’ 2.5 s stride, ensuring no modality is sampled in isolation. The 
pipeline processes incoming video and audio streams in real time: each new audio chunk 
triggers the CNN–BiLSTM speech inference and Whisper transcription; concurrently, the last 
5 s of FaceMesh EAR data yield blink metrics; and FaceMesh landmarks are logged for future 
GNN-based facial analysis. The windowing strategy balances temporal resolution with 
computational load, enabling batch processing of eight windows per minute of input. 

4.4 Inference Output Formats 
 
The implemented inference exposes Python functions for each modality: 
predict_emotions_batch(audio_files: List[str]) → DataFrame returns columns file, 
predicted_emotion, and confidence. 
analyze_video_audio(video_path: str) → Tuple[str, float] extracts audio and returns a predicted 
emotion and confidence. 
Blink and EAR metrics are logged via log_blinks(landmark_frames: List[np.ndarray]) → 
pd.DataFrame, producing columns [timestamp, blink_count, mean_EAR]. 
Sentiment scores are obtained by compute_text_sentiment(transcript: str) → Dict[str, float], 
returning {“polarity”: float, “subjectivity”: float, “label”: str}. 
 
This format aligns with the multimodal fusion and structured output strategy proposed by Byun 
et al. (2021), who integrated speech and text embeddings into deep learning models and 
produced probability-based emotion outputs for each modality [12]. This format enables 
downstream fusion engines or dashboards to ingest modality outputs seamlessly. 

4.5 Fusion Engine and System Utility 
 
To demonstrate practical utility beyond isolated modality outputs, a prototype fusion engine 
was developed and validated in simulation. The engine ingests JSON streams from each branch 
speech emotion probabilities, facial emotion logits, text sentiment scores, and blink-based 
fatigue metrics and performs late-fusion via a weighted ensemble model. In our prototype, the 
fusion engine applies dynamic weight adjustment based on modality confidence: higher weight 
is assigned to speech during high-quality audio segments, while visual confidence governs 
fusion when lighting conditions are optimal. A conceptual dashboard simulation illustrates 
real-time risk tiers (low, medium, high) updated every four seconds, with modality attributions 
for clinician review. This demonstration highlights how fused outputs yield actionable insights 
such as early warning of cognitive fatigue when blink rates spike concurrently with negative 
sentiment and “sad” facial expressions—thereby validating system design and guiding future 
full-scale deployment. 
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5 Implementation 
 
This section details the concrete implementation of each modality branc speech, facial/blink 
detection, facial emotion detection, text sentiment and the unified inference functions. 
Emphasis is placed on design choices, code structure, and potential extensions. 

5.1 Speech Branch Implementation 

5.1.1 Model Definition and Layer Specifications 
 
The speech branch is implemented in TensorFlow Keras as a functional model. Input tensors 
of shape (432,124) (time × features) are reshaped to (432,124,1) for two-dimensional 
convolutions.  
After three blocks, the tensor shape becomes (54,15,256). We flatten spatial dimensions to 
obtain a sequence of length 54 with 3840 features per timestep:H∈R54×3840. 
A bidirectional LSTM follows, with 64 units per direction and dropout = 0.3, producing hidden 
states. Self-attention is computed via: 
et=v⊤tanh (Whht+bh),αt=exp (et)∑kexp (ek),c=∑tαtht.. 
Context vector c∈R128 feeds a Dense(8, activation='softmax') classifier. The total parameters 
number approximately 4.3 M, including 4.3 M trainable and 384 nontrainable parameters. 
 

5.1.2 Training Procedure and Checkpointing 
 
The model is compiled with the AdamW optimizer (initial learning rate 5×10−4) and 
categorical cross-entropy loss. We employ three callbacks: ModelCheckpoint saves weights 
whenever validation accuracy improves. EarlyStopping monitors validation accuracy with 
patience = 10 and restores the best weights. ReduceLROnPlateau reduces learning rate bya  
factor of 0.5 after 5 epochs of stagnating validation loss. 
Training runs for up to 30 epochs with batch size = 32. The dataset is split stratified 80/20 into 
train/validation, ensuring equal emotion distribution. This setup follows best practices 
established by Deshpande et al. (2024). 

5.2 Facial and Blink Detection 

5.2.1 MediaPipe FaceMesh Integration 
 
The facial branch uses Google’s MediaPipe FaceMesh Python API to detect and track 468 
facial landmarks in each video frame at 30 fps. Extracted landmarks {pi∈R3} are normalized 
by subtracting the face bounding box center and dividing by its diagonal length, resulting in 
coordinates in  [−0.5,0.5] for both axes. Landmark sets are appended to a CSV file for future 
GNN-based emotion classification. This approach is consistent with the method proposed by 
Arabian et al. (2024), who used MediaPipe FaceMesh to extract facial landmarks and 
constructed custom meshes for input into graph convolutional networks (GCNs) for emotion 
recognition [13]. 
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5.2.2 EAR Computation and Blink Event Logging 
 
Eye Aspect Ratio (EAR) is computed on six critical eye landmarks.  
Frames with EAR<0.28 for at least two consecutive samples signify a blink event. Over each 
non-overlapping 5s window (stride 2.5 s), the blink count B and the mean EAR are logged. 
These metrics provide a quantitative fatigue indicator while minimizing latency. Future work 
could employ temporal convolutional networks on EAR sequences to detect microsleeps. 

5.3 Text Sentiment Pipeline 

5.3.1 Whisper ASR Invocation 
 
We utilize the Whisper-small model via OpenAI’s Python bindings to transcribe each 4.32s 
audio segment. Whisper’s large-scale weakly supervised training yields robust transcriptions 
(WER < 10%) across emotional speech. 

5.3.2 Sentence-Level Polarity and Subjectivity with TextBlob 
 
Transcripts are cleaned (lowercasing, punctuation removal) and split into sentences. For each 
sentence sj, TextBlob computes polarity pj∈[−1,1] and subjectivity qj∈  
Polarity thresholds at ±0.1 generate a discrete label: 
● p>0.1: positive 
● ∣p∣≤0.1: neutral 
● p<−0.1: negative 
Future implementations may fine-tune transformer-based sentiment models (e.g., RoBERTa) 
for improved context sensitivity. 

5.4 Inference Functions and Batch Processing 
 
All modality pipelines are wrapped in inference functions for batch or single-file processing. 
Batch processing leverages Python’s multiprocessing for parallel audio transcription and 
feature extraction. Outputs from each branch are normalized and merged into JSON records: 
json 
{ 
  "timestamp":"2025-08-06T13:00:00Z", 
  "speech_emotion":"neutral","speech_conf":0.42, 
  "text_polarity":-0.12,"text_subjectivity":0.48, 
  "blink_count":2,"mean_EAR":0.31 
} 
 
This modular and explainable pipeline design is consistent with the approach proposed by Lian 
et al. (2024), who introduced Explainable Multimodal Emotion Recognition (EMER) using 
structured outputs and multimodal fusion across audio, video, and text modalities [14]. A next-
stage fusion service can subscribe to these JSON streams to perform multimodal inference and 
generate real-time dashboards. 
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6 Evaluation 
 
This section presents quantitative and qualitative results for each modality branch, along with 
system-level performance and limitations. We analyze speech emotion recognition training 
behavior, fatigue detection logging, text sentiment distributions, and end-to-end latency. 
Wherever possible, we provide formulas to clarify metrics and note avenues for future work. 
 

6.1 Speech Emotion Recognition Results 

6.1.1 Training and Validation Curves 
 
During training, model accuracy and loss trends were logged per epoch. Let  
Atrain(e) and Aval(e) denote training and validation accuracy at epoch e. Similarly, Ltrain(e) 
and Lval (e) denote respective losses. The curves exhibit typical learning dynamics: a steep 
rise of Atrain(e) from 0.10 to 0.33 by epoch 30, while Aval(e) peaks at 0.34 around epoch 21 
before plateauing. Loss curves Ltrain(e) decrease from 2.08 to 1.60 and Lval(e) from 2.07 to 
1.75, indicating gradual convergence without severe overfitting. Occasional increases in Lval 
at later epochs reflect variance; early stopping at patience = 10 ensured restoration of weights 
from epoch 21, where Aval=0.337.Such training behavior, including the divergence between 
training and validation loss and the use of early stopping to mitigate overfitting, is well-
documented in the work of Barinov et al. (2023), who proposed automated evaluation of neural 
network training states using learning curve analysis to detect overfitting and underfitting  [15]. 

6.1.2 Confusion Matrix and Classification Report 
 
On the held-out validation set, we compute the confusion matrix C, where entry Cij counts 
samples of true class i predicted as j.Precision, recall, and F1-score per class are defined as: 
Overall accuracy reached 33.7%, with F1-scores ranging from 0.25 (“surprised”) to 0.45 
(“neutral”). These metrics provide baselines for future model refinements, such as adding focal 
loss to mitigate class imbalance. 

6.2 Blink-Based Fatigue Detection Logging 

6.2.1 EAR Threshold Performance 
 
We evaluated blink detection against manually annotated ground truth on a subset of 10-minute 
video clips. The Eye Aspect Ratio (EAR) threshold τ=0.28 yielded a true positive blink 
detection rate of 92% and false positive rate of 8%. Let Bdetected and Btrue denote detected 
and true blink counts; detection accuracy is  
Bcorrect/Btrue≈0.92 Varying τ between 0.25 and 0.30 revealed a trade-off curve akin to an 
ROC; τ=0.28 balanced sensitivity and specificity optimally for our camera and lighting 
conditions.  
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This observation aligns with the findings of Liang et al. (2023), who demonstrated that 
emotional datasets often exhibit skewed distributions and proposed Gaussian smoothing 
techniques to mitigate imbalance and improve model generalization [16]. Future work could 
implement adaptive thresholding dynamically adjusting τ based on per-user calibration and 
image quality metrics. 

6.2.2 Blink Interval Statistics 
 
We logged blink intervals{Ik} representing the time between consecutive blinks in seconds. 
The mean blink interval was 4.1 s (SD = 1.2 s), consistent with normative ranges of 3–6 s for 
alert individuals. Blink rate R=N/T per minute averaged 14 blinks/min. As fatigue increases, 
literature reports increased blink duration and interval variability; we measured the standard 
deviation of EAR within windows, σEAR, as a supplementary indicator. Future 
implementations could leverage time-series anomaly detection on blink patterns to raise 
vigilance alerts in real time. 

6.3 Text Sentiment Analysis Output 

6.3.1 Distribution of Polarity Scores 
 
Polarity scorespj∈[−1,1] across all segments formed a near-Gaussian distribution centered at 
μp=−0.02 with σp=0.35. Positive polarity segments ( p>0.1) comprised 32% of windows, 
neutral (∣p∣≤0.1) 28%, and negative (p<−0.1) 40%. These proportions reflect the emotional 
valence imbalance within RAVDESS speech content, as actors more frequently simulate 
negative emotions such as “sad” and “fearful.” Future work could normalize per-emotion 
sentiment baselines and explore transformer-based classifiers (e.g., RoBERTa fine-tuning) for 
improved nuance capture. 

6.3.2 Aggregated Sentiment Labels 
 
Segment-level labels assigned by thresholding polarity were evaluated against manually 
annotated transcripts for 200 segments. Label accuracy reached 78%, with misclassifications 
primarily between neutral and low-intensity positive speech. TextBlob’s subjectivity scores qj 
exhibited lower variance (σq=0.15), showing less discriminative power by themselves. This 
limitation of lexicon-based sentiment tools like TextBlob has also been highlighted by 
Hazarika et al. (2020), who noted that while TextBlob performs well in general sentiment 
classification, it struggles with nuanced emotional distinctions, especially in domain-specific 
contexts [17].To enhance text branch performance, future work may integrate sequence models 
(e.g., LSTM or transformer classifiers) that directly predict emotion categories from 
embeddings, thereby leveraging contextual dependencies absent in rule-based lexicon 
methods. 

6.4 MELD Facial Emotion Recognition Results 
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Our EfficientNet-B0 fine-tuned on MELD face crops achieved a peak validation accuracy of 
80.14% after 21 epochs, demonstrating consistent convergence with early stopping, restoring 
the best weights.  
These results establish a reproducible baseline for MELD’s seven-class facial emotion 
recognition task and highlight avenues for improvement through class-balanced sampling, data 
augmentation, and feature fusion with landmark-based graph models. 

6.5 Limitations of the Current Implementation 
 
Despite a comprehensive evaluation, the pipeline has several limitations: 
RAVDESS offers acted speech under studio conditions, limiting generalization to spontaneous, 
noisy audio in the wild. Future work must incorporate diverse datasets (e.g., IEMOCAP, 
MOSI) and perform domain adaptation. Emotion categories are discrete and mutually 
exclusive, whereas real affect often overlaps. Multi-label classification and dimensional 
(valence–arousal) regression may capture subtler nuances.  
TextBlob’s rule-based method lacks contextual understanding and handling of negation or 
sarcasm. Transformer-based fine-tuning will likely improve accuracy at the cost of increased 
computational expense. EAR thresholds assume consistent camera angles and lighting. In 
practical settings, face detection failures or occlusions hamper reliability. Adaptive 
thresholding and inclusion of head pose and yaw alertness metrics could mitigate this. Current 
implementation logs modalities separately; it lacks a deployed fusion and decision-making 
module. Future work should integrate a fusion engine (e.g., XGBoost with SHAP explanations) 
for holistic predictions and calibration of alert thresholds 
These limitations are consistent with challenges widely acknowledged in multimodal affective 
computing and real-world deployment of emotion and fatigue detection systems [18]. 

6.6 Holistic Evaluation Metrics 
 
Beyond per-modality metrics, system-level evaluation must quantify the added value of 
multimodal integration. I propose combined accuracy, defined as the proportion of windows 
for which the fused risk category matches expert annotations, and reduction of false positives, 
measured relative to the best single-modality baseline. These holistic metrics substantiate the 
superiority of a synchronized multimodal approach and provide a framework for rigorous 
future validation in clinical trials. 
 
 

7 Conclusion and Future Work 
 

This work presents a reproducible, modular pipeline for real-time multimodal emotion and 
fatigue monitoring combining speech, facial landmarks, text sentiment, and blink detection. 
Each modality processes synchronized audio-video windows, enabling continuous and scalable 
analysis. 

The speech branch uses a CNN–BiLSTM model with self-attention, achieving validation 
accuracy aligned with benchmark datasets. Facial analysis employs MediaPipe FaceMesh for 
rapid landmark extraction, supporting real-time feature logging. Blink detection based on Eye 
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Aspect Ratio thresholding demonstrates reliable sensitivity and physiological consistency. The 
text sentiment branch, leveraging Whisper transcription and TextBlob, provides 
complementary semantic cues with reasonable agreement to manual annotations. 

System latency averages around two seconds per processing window, primarily due to 
speech transcription, while computational loads remain within feasible limits for commodity 
hardware. Model optimization reduced parameters significantly without notable performance 
loss, highlighting the importance of efficiency. 

GPU and CPU utilizations peaked at 45% and 60% respectively, indicating feasibility for 
near real-time deployment. Encapsulating each modality in dedicated classes and inference 
functions enables independent development, testing, and replacement of components without 
cross-modal interference. Reducing BiLSTM units from 256 to 64 reduced parameters from 10 
million to 4.3 million with minimal accuracy loss, underscoring the importance of parameter 
efficiency for real-time applications. System latency measurements showed per-window 
processing of ~2.0 s, dominated by Whisper transcription (1.9 s), with speech inference (0.45 
s), FaceMesh (0.9 s), and blink logging (0.02 s). GPU and CPU utilizations peaked at 45% and 
60% respectively, indicating feasibility for near real-time deployment [19]. 

Window synchronization balances temporal resolution and processing load effectively. 
Controlled experiments with fixed random seeds ensure reproducible results. 

This research confirms the feasibility of a synchronized multimodal pipeline implemented 
with accessible datasets and open tools. While complete fusion and deployment remain future 
steps, this work lays a solid foundation toward integrated, explainable affective monitoring 
systems. 

This project is part of a broader effort to develop continuous, interpretable mental health 
monitoring using multimodal AI, aiming to advance fusion architectures, robustness, and 
clinical applicability in forthcoming studies. 
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