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Abstract:   

The integration of artificial intelligence with Internet of Things (IoT) devices has opened new frontiers in 

real-time human-computer interaction, especially in emotion-aware systems. However, traditional facial 

emotion recognition (FER) models demand high computational power, making them unsuitable for resource-

constrained edge devices. This paper presents a lightweight facial emotion recognition model optimized for 

deployment on a Raspberry Pi, enabling real-time emotion detection at the edge without relying on cloud 

servers. The proposed system utilizes a compact convolutional neural network (CNN) trained on the FER-

2013 dataset, which is converted to TensorFlow Lite format for efficient inference. Facial regions are detected 

using OpenCV's Haar Cascade classifier, followed by on-device emotion classification into key categories 

such as happy, sad, angry, surprised, and neutral. The system also integrates with Adafruit IO to transmit 

emotion data over Wi-Fi for remote monitoring and IoT-based applications. Performance evaluation 

demonstrates low latency, reduced power consumption, and high accuracy in real-time conditions, confirming 

the suitability of Raspberry Pi for edge-deployed AI tasks. The proposed model has potential applications in 

smart homes, emotion-aware healthcare monitoring, and intelligent human-machine interfaces. 

 

Index Terms - Facial Emotion Recognition, Raspberry Pi, Edge Computing, IoT Applications, Lightweight 

CNN, Real-Time Processing, TensorFlow Lite, OpenCV, Smart Devices, Human-Computer Interaction, 

Emotion Detection, Adafruit IO, Embedded AI, Deep Learning, Low-Power AI. 

I. INTRODUCTION 

In recent years, the fusion of Artificial Intelligence (AI) with the Internet of Things (IoT) has paved the way 

for intelligent and context-aware systems. Among these, Facial Emotion Recognition (FER) has emerged 

as a vital component in enhancing human-computer interaction, offering real-time insights into user emotions 

for applications ranging from healthcare monitoring to smart home automation. However, the majority of FER 

systems rely on computationally intensive models that require cloud-based processing or high-end GPU 

hardware, which limits their deployment on low-power edge devices. 

With the advancement of compact and cost-effective microcomputers such as the Raspberry Pi, there is a 

growing interest in shifting AI processing from the cloud to the edge. Edge computing enables real-time 

processing, reduces latency, preserves user privacy, and lowers bandwidth usage—making it ideal for emotion 

recognition systems in remote or resource-limited environments. 

This research focuses on the development and deployment of a lightweight Convolutional Neural Network 

(CNN) model optimized using TensorFlow Lite, specifically tailored for real-time emotion detection on a 

Raspberry Pi. The model is capable of identifying primary facial expressions such as happy, sad, angry, 

neutral, and surprised. The facial detection and classification tasks are performed locally on the Raspberry Pi 

using OpenCV and TFLite, eliminating the dependency on external servers. 

Furthermore, the recognized emotion data is transmitted to an IoT platform (Adafruit IO) for remote 

monitoring and analytics, showcasing seamless integration of edge AI and IoT. This real-time, embedded 

system provides a scalable and cost-effective solution for emotion-aware applications in smart 

environments, including classrooms, elderly care, smart mirrors, and mental health tracking systems. 
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The primary objective of this work is to demonstrate that low-cost hardware like Raspberry Pi can 

efficiently run emotion recognition models with acceptable accuracy and latency, making it a practical 

solution for real-world IoT-based emotion detection systems. 

II. LITRATURE SURVEY 

Facial Emotion Recognition (FER) has witnessed rapid advancements due to the development of powerful 

deep learning models and publicly available datasets. The FER-2013 dataset, introduced during the ICML 

2013 Challenges in Representation Learning, remains one of the most widely used benchmarks for emotion 

classification tasks. Models like DeepFace by Facebook and VGGFace from the Visual Geometry Group 

have demonstrated high accuracy in facial recognition and emotion classification tasks, but their 

computational complexity makes them unsuitable for deployment on resource-constrained devices. 

To address this challenge, lightweight deep learning models such as MobileNet, SqueezeNet, and YOLO-

Tiny have been explored. These models offer a significant reduction in memory and processing requirements, 

allowing partial or full deployment on edge devices. For instance, MobileNet has been integrated into 

smartphone-based FER systems, while YOLO-Tiny has been used for real-time face detection with reduced 

computational overhead. 

Researchers have also attempted deploying FER systems on edge devices like NVIDIA Jetson Nano, Google 

Coral, and Raspberry Pi. These efforts demonstrate the feasibility of emotion recognition at the edge but often 

compromise on real-time performance or rely on hybrid edge-cloud architectures. Additionally, most existing 

implementations do not incorporate an IoT layer for remote monitoring or cloud analytics. 

The novelty of this research lies in its use of TensorFlow Lite (TFLite) for deploying a lightweight CNN-

based emotion recognition model directly on a Raspberry Pi. Unlike previous systems, our implementation 

enables real-time, offline emotion detection using on-device processing and extends the functionality by 

integrating IoT capabilities through Adafruit IO. This combination of low-cost hardware, optimized AI 

models, and IoT integration offers a scalable solution for emotion-aware smart environments, particularly 

in healthcare, education, and home automation. 

 

III. SYSTEM ARCHITECTURE  

 

 Hardware Components 

The hardware setup is centered around the Raspberry Pi 4, a compact and affordable microcomputer capable 

of handling lightweight machine learning models using optimized frameworks like TensorFlow Lite. The 

following components are used: 

 Raspberry Pi 4 Model B (4GB RAM) – Serves as the main processing unit. 
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 Raspberry Pi Camera Module v2 – Captures live video feed or images for face and emotion 

detection. 

 

 

 

 

 

 Built-in WiFi Module – Enables data communication with the IoT server. 

 Adafruit IO (MQTT-based IoT platform) – Used for sending and monitoring detected emotion data 

remotely in real time. 

 

Software Tools 

To implement the lightweight FER system, a set of efficient and open-source software tools were employed: 

 Python 3.x – Primary programming language for system control and model execution. 

 OpenCV – For real-time image processing and face detection using Haarcascade classifiers. 

 TensorFlow Lite (TFLite) – To run the optimized CNN model efficiently on Raspberry Pi. 

 TFLite Interpreter – Lightweight runtime environment to load and infer the converted model. 

 Adafruit IO or ThingSpeak – IoT platforms used to visualize and store emotion data remotely. 

 MQTT Protocol – Enables real-time communication between the Raspberry Pi and the IoT platform. 

Model Pipeline 

The emotion recognition and IoT communication system follows a simple yet efficient pipeline: 

1. Image Capture: 
The Pi Camera continuously captures frames from the live video stream. 

2. Face Detection: 
OpenCV's Haarcascade algorithm is used to detect facial regions from each frame. 

3. Emotion Prediction: 
The cropped face is resized and passed through the pre-trained CNN model running on the TFLite 

Interpreter. The model predicts the most likely emotion label (e.g., happy, sad, angry, neutral, 

surprised). 

4. Data Transmission: 
The detected emotion is published using MQTT protocol to Adafruit IO, where it can be 

visualized and recorded for further analysis in IoT-based systems. 
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System Block Diagram 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 1 shows Block Diagram of proposed system 

Dataset & Processing  

 

Dataset Used 

For training and evaluation of the facial emotion recognition model, the system utilizes: 

 FER-2013 Dataset: A benchmark dataset widely used in emotion recognition research, consisting of 

35,887 grayscale images (48×48 pixels) labeled with seven emotions: Angry, Disgust, Fear, Happy, 

Sad, Surprise, and Neutral. 

 Custom Dataset (via Roboflow) (Optional): To enhance real-world applicability, a curated dataset 

with custom-captured facial expressions can be uploaded and preprocessed using Roboflow. This 

allows additional flexibility for domain-specific training (e.g., students, workers, patients). 

Preprocessing Steps 

To ensure consistency and improve model performance, the following preprocessing operations are applied: 

 Grayscale Conversion: All facial images are converted to grayscale to reduce computation and 

maintain compatibility with FER-2013 input format. 

 Resizing: Input images are resized to 48x48 pixels to match the expected input dimension of the 

lightweight CNN model. 

 Normalization: Pixel values are scaled to a range of [0, 1] by dividing by 255, which helps in faster 

convergence during model training and inference. 
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Data Augmentation 

To increase the diversity and generalization of the training data, the following augmentation techniques are 

applied: 

 Horizontal Flipping: Random horizontal flip improves the model’s robustness to orientation changes. 

 Random Rotation: Small random rotations (±10–15 degrees) help the model recognize tilted facial 

expressions. 

 Zoom Transformation: Random zoom-in and zoom-out simulate variations in face-to-camera 

distance. 

These augmentation techniques help in improving the robustness of the model against real-world variations 

in facial expressions, lighting, and orientations. 

V. MODEL DESIGN 

The core of the proposed facial emotion recognition system is a lightweight Convolutional Neural Network 

(CNN) model designed for efficient deployment on low-resource edge devices like Raspberry Pi. The focus 

is on reducing computational load while maintaining a reasonable accuracy for real-time inference. 

CNN Architecture 

To optimize the model for edge deployment, lightweight CNN architectures are considered: 

 MobileNetV2: Designed specifically for mobile and embedded vision applications. It uses depthwise 

separable convolutions and inverted residuals to reduce the number of parameters while maintaining 

performance. 

 TinyCNN (Custom): A custom-built shallow CNN with fewer convolutional layers (3–4 layers), 

reducing memory footprint and computational requirements, making it ideal for real-time use on 

Raspberry Pi. 

 SqueezeNet: Uses "fire modules" to achieve AlexNet-level accuracy with 50× fewer parameters and 

<1MB model size, making it suitable for devices with limited RAM. 

Model Training 

 Framework: Model training is performed using Keras with TensorFlow as the backend. 

 Dataset: Preprocessed FER-2013 or custom dataset is used. 

 Loss Function: Categorical Crossentropy 

 Optimizer: Adam Optimizer 

 Batch Size: 32 

Evaluation Metrics 

To evaluate the model's performance, the following metrics are used: 

 Accuracy: Proportion of correctly classified emotion labels. 

 Precision: Correct positive predictions divided by all predicted positives. 

 Recall: Correct positive predictions divided by all actual positives. 

 F1-Score: Harmonic mean of precision and recall, useful for imbalanced datasets. 

Model Optimization: TFLite Conversion 

To make the trained CNN model compatible with edge deployment: 

 Quantization: The model is converted to TensorFlow Lite (.tflite) format using post-training 

quantization, which reduces model size and speeds up inference. 

 Optimization Techniques: 
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o Weight pruning 

o Integer or float16 quantization 

o Operator fusion for faster TFLite execution 

This quantized model is then deployed on Raspberry Pi using the TFLite Interpreter, enabling real-time 

inference with minimal latency. 

 

IV. IMPLEMENTATION ON RASPBERRY PI 
  
 8.1 Environment Setup 

 Hardware: 

o Raspberry Pi 4 (4GB/8GB RAM) 

o Pi Camera Module or USB webcam 

o Power adapter and microSD card with Raspberry Pi OS 

 Software Dependencies: 

o Python 3.x 

o OpenCV (opencv-python) 

o TensorFlow Lite Runtime (tflite-runtime) 

o NumPy, Pillow 

o Adafruit IO libraries for IoT transmission (optional) 

sudo apt update 

sudo apt install python3-pip 

pip3 install opencv-python tflite-runtime numpy adafruit-io 

 

Face Detection using Haarcascade 

Face regions are localized using Haar Cascade Classifier provided by OpenCV: 

import cv2 

 

face_cascade = cv2.CascadeClassifier('haarcascade_frontalface_default.xml') 

 

def detect_face(frame): 

    gray = cv2.cvtColor(frame, cv2.COLOR_BGR2GRAY) 

    faces = face_cascade.detectMultiScale(gray, 1.3, 5) 

    return faces 

 

 

TFLite Inference Code 

The quantized .tflite model is loaded and executed using TFLite Interpreter: 

import numpy as np 

import tflite_runtime.interpreter as tflite 

 

interpreter = tflite.Interpreter(model_path="emotion_model.tflite") 

interpreter.allocate_tensors() 

 

input_details = interpreter.get_input_details() 

output_details = interpreter.get_output_details() 

 

def predict_emotion(face_img): 

    face_img = cv2.resize(face_img, (48, 48)) 

    face_img = face_img.astype('float32') / 255.0 
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    face_img = np.expand_dims(face_img, axis=(0, -1)) 

 

    interpreter.set_tensor(input_details[0]['index'], face_img) 

    interpreter.invoke() 

    output_data = interpreter.get_tensor(output_details[0]['index']) 

    return np.argmax(output_data) 

 

 

 Real-Time Testing on Raspberry Pi 

 The Pi Camera captures live frames 

 Faces are detected using Haar Cascade 

 Detected face regions are passed to the TFLite model 

 Predicted emotion is displayed on the frame using OpenCV putText 

cap = cv2.VideoCapture(0) 

while True: 

    ret, frame = cap.read() 

    faces = detect_face(frame) 

    for (x, y, w, h) in faces: 

        face = frame[y:y+h, x:x+w] 

        emotion_label = predict_emotion(face) 

        cv2.putText(frame, str(emotion_label), (x, y-10), 

cv2.FONT_HERSHEY_SIMPLEX, 0.9, (255, 0, 0), 2) 

    cv2.imshow("FER Real-Time", frame) 

    if cv2.waitKey(1) & 0xFF == ord('q'): 

        break 

cap.release() 

cv2.destroyAllWindows() 

 

Performance Metrics (Speed, Latency, FPS) 

Metric Value (approx.) 

Inference Time ~25–35 ms per frame 

Frames per Second (FPS) 18–22 FPS 

Model Size (.tflite) <1 MB (after quantization) 

RAM Usage <150MB during runtime 

CPU Load (Raspberry Pi 4) ~60–70% usage during processing 
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