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Abstract 

Robot vision and AI-based recognition systems have emerged as critical 

technologies enabling artificial agents to perceive, understand, and interpret 

visual information from the environment. This paper reviews recent 

advancements in robot vision, deep learning models used in recognition tasks, 

and the integration of AI systems with robotics platforms. The review discusses 

core algorithms, sensing modalities, applications, and challenges faced by 

developers and researchers. Through comparing classical vision techniques 

with modern AI approaches, the paper highlights how convolutional neural 

networks (CNNs), transformer architectures, and sensor fusion methods 

improve accuracy and reliability. The paper also outlines future directions 

where robot vision can evolve more adaptively in real-world scenarios, 

especially under dynamic environmental conditions. Case studies and statistical 

comparisons are included to illustrate performance differences across popular 

models. The overall purpose of this review is to support researchers, students, 

and engineers looking for consolidated and practical insights. 
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INTRODUCTION 

Robot vision refers to the ability of robots to capture visual data and make meaningful decisions 

based on that. AI-based recognition systems apply machine learning and deep learning to 
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 interpret images or video input. Combining robotics with AI vision is transforming automation 

industries, autonomous vehicles, surveillance, healthcare robotics, and human-robot 

interaction. Unlike traditional machine vision that processes fixed patterns under controlled 

settings, robot vision systems operate in unpredictable scenarios where lighting, movement, 

and clutter vary widely. 

 

Historically, machine vision started with edge detection and template matching in controlled 

environments. But with the advent of AI and advanced sensors, vision systems have evolved 

to become smarter, capable of understanding complex scene contexts and learning from 

massive datasets. This paper reviews the techniques, frameworks, and real-world applications 

that define state-of-the-art robot vision systems. 

 

BACKGROUND 

What is Robot Vision? 

Robot vision, also known as machine vision in robotics, is the capability that allows robots to 

perceive, analyze, and interpret visual data from their environment. Unlike human vision, 

which is naturally adaptive, robot vision systems rely on sensors and computational algorithms 

to make sense of what the robot “sees.” 

 

At its core, robot vision transforms raw visual input into meaningful information that guides 

robotic actions. It is not just about seeing; it is about understanding and responding 

appropriately. This capability is critical in applications ranging from autonomous navigation 

and industrial automation to healthcare robotics and human-robot interaction. 

 

Key Steps in Robot Vision: 

1. Image Acquisition 

 Purpose: Capture visual information from the environment. 

 

 Devices: RGB cameras, depth cameras (LiDAR, Time-of-Flight), stereo cameras, 

infrared/thermal cameras. 

 

 Example: A warehouse robot uses a depth camera to detect the distance of objects on 

a conveyor belt while an RGB camera captures their color for sorting purposes. 
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 2. Preprocessing 

 Purpose: Enhance the quality of the captured images to improve recognition accuracy. 

 

Techniques: 

 Noise reduction (e.g., Gaussian or median filtering) 

 Contrast and brightness adjustment 

 Image resizing or cropping to focus on regions of interest 

 Color space transformations (RGB → HSV or grayscale) 

 

 Example: A surgical robot may preprocess images to remove glare from operating 

lights before detecting tissue boundaries. 

 

 

3. Feature Extraction 

 Purpose: Identify key visual patterns such as shapes, edges, textures, or colors that 

characterize objects. 

 

Methods: 

 Classical: Edge detection (Canny), corner detection (Harris), gradient-based features 

(HOG, SIFT) 

 

 AI-based: CNNs automatically extract hierarchical features from raw data 

 

 Example: In pick-and-place robots, feature extraction helps distinguish between 

screws, bolts, and nuts based on shape and size. 

 

4. Recognition / Decision Making 

 Purpose: Classify and interpret the extracted features to make actionable decisions. 

 

Approaches: 

 Traditional classifiers (SVM, k-NN) 

 

 Neural networks (CNNs, RNNs, Transformers) 
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  Example: A domestic robot detects a spilled liquid and decides to navigate around it, 

preventing accidents. 

 

Significance: 

Robot vision goes beyond simply guiding robotic movements. It enables adaptability, learning, 

and interaction with unstructured, real-world environments. A robot can identify objects, 

understand spatial layouts, and respond intelligently to dynamic changes, which is impossible 

with purely mechanical control systems. 

 

Evolution of AI-Based Recognition 

The field of AI-based recognition in robotics has evolved dramatically over the last few 

decades. Initially, robot vision relied on handcrafted features, where engineers manually 

defined the visual cues necessary to detect or classify objects. 

 

Early Methods: 

 SIFT (Scale-Invariant Feature Transform): Detects distinctive keypoints in images 

that are invariant to scale and rotation. 

 

 HOG (Histogram of Oriented Gradients): Encodes the distribution of gradient 

directions, effective for human detection. 

 

While these methods worked well in controlled environments, they struggled in real-world 

scenarios with changing lighting, occlusions, or complex backgrounds. They required 

substantial domain expertise and manual tuning for each task. 

 

Shift to AI and Deep Learning: 

 Neural Networks: Early shallow neural networks allowed basic classification tasks. 

 

 Convolutional Neural Networks (CNNs): Revolutionized recognition by 

automatically learning features from raw images, eliminating the need for handcrafted 

feature engineering. CNNs can learn hierarchical representations—from edges and 

textures to object-level concepts. 
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  Transformers and Attention Models: Vision Transformers (ViTs) further improved 

performance by modeling long-range dependencies in images, making recognition 

more context-aware. 

 

Advantages of AI-Based Recognition: 

 Higher Accuracy: Deep learning models often outperform traditional methods in 

object detection and classification tasks. 

 

 Robustness: Can handle variations in lighting, orientation, and occlusion. 

 

 Generalization: Trained models can adapt to new environments and objects with fine-

tuning. 

 

 Efficiency: Reduces manual effort in feature design and allows end-to-end learning 

pipelines. 

 

Example: 

 In autonomous vehicles, classical edge detectors cannot reliably detect pedestrians in poor 

lighting, but AI-based models trained on large datasets can detect humans, vehicles, and 

traffic signs with high accuracy even in complex scenarios. 

 

 In industrial robots, deep learning-based recognition allows robots to pick objects of 

varying shapes, sizes, and colors without manual reprogramming. 

 

CORE TECHNOLOGIES IN ROBOT VISION 

Robot vision relies on a combination of sensing hardware and recognition algorithms to 

capture, process, and interpret visual information. The performance of a robot vision system 

depends on both the quality of sensors and the sophistication of recognition algorithms. 

 

Sensing Modalities 

Sensing is the foundation of robot vision. Different sensors provide complementary 

information, enabling robots to perceive the environment in multiple dimensions. 
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 1. RGB Cameras 

Overview: 

 RGB (Red, Green, Blue) cameras are the most widely used sensors in robot vision systems. 

 They capture high-resolution color images, which are easy to process and compatible with 

existing AI algorithms. 

 

Advantages: 

 Low cost and readily available. 

 High-resolution imaging supports detailed feature extraction. 

 Compatible with classical computer vision algorithms (e.g., edge detection, template 

matching) and AI-based models (CNNs). 

 

Limitations: 

 Poor performance in low-light or high-glare environments. 

 Lack of depth perception; cannot estimate object distance without stereo setups. 

 Sensitive to occlusion and cluttered backgrounds. 

 

Example: 

 In warehouse automation, RGB cameras help identify labels on packages or detect 

products for pick-and-place robots. 

 

2. Depth Cameras 

Overview: 

 Depth cameras provide distance information for each pixel, giving a 3D representation of 

the environment. 

 Technologies include LiDAR, Time-of-Flight (ToF) cameras, and stereo cameras. 

 

Advantages: 

 Enables 3D mapping and obstacle detection. 

 Supports tasks like path planning, grasping, and environment reconstruction. 

 Helps in separating objects from complex backgrounds. 

 

Limitations: 

 Higher cost than standard RGB cameras. 
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  May suffer from interference in bright sunlight or reflective surfaces (LiDAR). 

 Lower resolution than RGB cameras in many cases. 

 

Example: 

 Autonomous mobile robots use LiDAR to detect walls, shelves, and moving obstacles for 

collision avoidance. 

 

3. Thermal and Infrared Sensors 

Overview: 

 Thermal and infrared (IR) cameras capture heat signatures rather than visible light. 

 Useful when visual light is insufficient, e.g., at night or in smoke-filled environments. 

 

Advantages: 

 Detects living beings (humans, animals) even in complete darkness. 

 Useful for monitoring machinery temperature or fire detection. 

 Enhances safety in industrial and security robots. 

 

Limitations: 

 Low spatial resolution compared to RGB cameras. 

 Cannot capture color or fine visual details. 

 Expensive for high-resolution industrial-grade sensors. 

 

Example: 

 Security robots use thermal cameras to detect intruders at night in warehouses or 

outdoor facilities. 

 

Recognition Algorithms 

Recognition algorithms are used to analyze captured images and identify or classify objects, 

patterns, or actions. These algorithms can be broadly divided into classical methods and AI-

based approaches. 

 

A. Classical Methods 

Classical computer vision methods were the first approaches used in robot vision before the  
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 rise of deep learning. They rely on manually engineered features rather than learning from data. 

 

Common Techniques: 

1. Edge Detection: 

 Identifies boundaries of objects using gradients in pixel intensity. 

 Algorithms: Canny, Sobel, Prewitt. 

 Use Case: Detecting object contours for robotic pick-and-place operations. 

 

2. Corner Detection: 

 Identifies points where edges intersect. 

 Algorithms: Harris Corner Detector, Shi-Tomasi. 

 Use Case: Helps in mapping and localization by tracking distinct points. 

 

3. Feature Descriptors: 

 Extract distinctive patterns from images for matching. 

 Algorithms: SIFT (Scale-Invariant Feature Transform), SURF, ORB. 

 Use Case: Object recognition in industrial environments. 

 

4. Histogram-Based Methods: 

 Capture intensity or gradient distributions. 

 Algorithms: HOG (Histogram of Oriented Gradients). 

 Use Case: Detecting humans or other standardized shapes. 

 

Advantages: 

 Computationally light for small-scale applications. 

 Work well in controlled environments with minimal variations. 

 

Limitations: 

 Sensitive to lighting changes, occlusion, and scale variations. 

 Limited ability to handle complex or unstructured scenes. 

 Requires manual tuning of features for each task. 

 

Example: 

 Early factory robots used HOG-based detection to identify human workers and avoid  
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 collisions on assembly lines. 

 

Table 1: Classical Vision Techniques 

Method Strength Weakness 

SIFT Robust keypoints Slow, computationally heavy 

HOG Simple, effective for humans Limited context 

Template Matching Easy to implement Not robust to scale 

 

B. Deep Learning Models 

Deep learning has revolutionized robot vision by enabling systems to learn features directly 

from raw visual data, rather than relying on handcrafted features. These models can 

automatically identify relevant patterns in images and videos, improving accuracy and 

adaptability in real-world environments. Below we discuss the main categories of deep learning 

models used in robot vision. 

 

1. Convolutional Neural Networks (CNNs) 

Overview: 

 CNNs are the cornerstone of modern image recognition systems. 

 They use convolutional layers to automatically detect local patterns such as edges, 

textures, and shapes, building hierarchical feature maps. 

 CNNs reduce the need for manual feature extraction and can handle variations in scale, 

rotation, and illumination. 

 

Common Architectures in Robotics: 

 ResNet (Residual Networks): Introduces skip connections to prevent vanishing 

gradients, enabling very deep networks. 

 

 MobileNet: Optimized for resource-limited devices; lightweight and fast, suitable for 

embedded robotics. 

 

 YOLO (You Only Look Once) and SSD (Single Shot Detector): Real-time object 

detection models for robotics and autonomous systems. 
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 Advantages: 

 High accuracy in image classification and object detection. 

 Robust to noise and minor variations in the visual scene. 

 Well-supported in open-source frameworks (TensorFlow, PyTorch). 

 

Limitations: 

 Require large amounts of labeled training data. 

 Computationally intensive for high-resolution images or real-time inference without 

hardware acceleration. 

 

Example Applications: 

 A robotic arm in an assembly line uses a CNN to detect defective products by analyzing 

shapes and colors. 

 Autonomous drones classify terrain types (grass, water, sand) for navigation. 

 

2. Vision Transformers (ViTs) 

Overview: 

 Vision Transformers adapt the transformer architecture from natural language processing 

(NLP) to images. 

 Instead of local convolutions, ViTs split images into patches and use self-attention 

mechanisms to model relationships between distant regions in the image. 

 

Advantages: 

 Excellent at capturing long-range dependencies in images. 

 Achieve state-of-the-art performance on large-scale datasets. 

 Can generalize well to complex, unstructured environments. 

 

Limitations: 

 Require very large datasets for training. 

 Computationally more expensive than CNNs, especially for real-time robotics applications. 

 May need specialized hardware (GPUs or TPUs). 

 

Example Applications: 

 Warehouse robots use ViTs to identify packages on cluttered shelves, where objects  
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 partially occlude each other. 

 

 Agricultural robots analyze drone images to detect plant diseases over wide fields. 

 

RECURRENT MODELS (RNNS, LSTMS, GRUS) 

Overview: 

 Recurrent Neural Networks (RNNs) and their variants (LSTMs, GRUs) are designed 

for sequential data. 

 

 In robot vision, they are useful for video analysis or tasks where temporal context 

matters, such as predicting object motion or human activity. 

 

Advantages: 

 Capture temporal dependencies between frames. 

 Can track moving objects over time or recognize gestures and actions. 

 

Limitations: 

 Can be slower to train and infer compared to CNNs. 

 Susceptible to vanishing gradient problems in long sequences (though mitigated by 

LSTMs/GRUs). 

 

Example Applications: 

 Surveillance robots analyzing video streams to detect suspicious movements. 

 Humanoid robots recognizing gestures to interact naturally with humans. 

 

INTEGRATION OF AI & VISION IN ROBOTICS 

Integrating AI-based vision into robotic systems is not simply a matter of attaching a camera 

and running a model. Real-world robotic applications require processing sensor data in real-

time, handling multiple modalities, and making decisions under hardware and 

environmental constraints.  

 

Effective integration ensures that robots perceive their environment accurately and react 

promptly, enabling robust autonomous behavior. 
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 Sensor Fusion 

Overview: 

Sensor fusion is the process of combining data from multiple sensors to produce more accurate, 

reliable, and complete information than could be achieved from any individual sensor alone. 

In robotics, sensor fusion is critical for navigation, object recognition, obstacle avoidance, and 

manipulation. 

 

Common Sensor Combinations: 

1. RGB + Depth Sensors (RGB-D): 

 Combines color and distance information for object detection and 3D mapping. 

 

 Example: A warehouse robot detects a partially occluded box using RGB data while 

estimating its distance with a depth camera. 

 

2. Camera + Inertial Measurement Unit (IMU): 

 IMUs provide orientation, acceleration, and angular velocity data. 

 

 Combining IMU with visual data improves pose estimation and stabilization in moving 

robots. 

 

 Example: Drones rely on camera-IMU fusion to maintain stable flight while navigating 

complex environments. 

 

3. Camera + LiDAR: 

 LiDAR provides high-precision distance mapping, while the camera adds rich color and 

texture information. 

 

 This combination is commonly used in autonomous vehicles for robust object detection 

and road scene understanding. 

 

Techniques for Sensor Fusion: 

 Kalman Filters / Extended Kalman Filters: Estimate the state of the system by 

combining noisy measurements from multiple sensors. 
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  Particle Filters: Handle nonlinear, non-Gaussian distributions in dynamic 

environments. 

 

 Deep Learning-Based Fusion: Neural networks combine features extracted from 

multiple modalities for end-to-end decision-making. 

 

Advantages of Sensor Fusion: 

 Reduces uncertainty and improves accuracy. 

 Provides redundancy; if one sensor fails, others compensate. 

 Supports complex tasks like SLAM (Simultaneous Localization and Mapping) and 

multi-object tracking. 

 

Example: 

A mobile robot navigating a cluttered warehouse may use RGB cameras for object recognition, 

depth cameras for distance measurement, and IMUs for orientation tracking. Fusion of these 

inputs allows precise navigation even in dynamic, low-light conditions. 

 

Real-Time Processing Challenges 

Overview: 

Robots often operate under strict time constraints, where delays in perception can lead to 

collisions, task failure, or unsafe behavior. Achieving real-time processing is challenging due 

to: 

 

1. Hardware Limitations: 

 Embedded processors on robots often have limited computational power compared to 

desktop GPUs. 

 Real-time inference must balance accuracy with processing speed. 

 

2. High Data Bandwidth: 

 Cameras and depth sensors generate large volumes of data continuously. 

 Processing high-resolution video streams in real-time can overwhelm hardware. 

 

3. Complex AI Models: 

 Deep learning models (e.g., ResNet, ViT) are computationally intensive. 



 
 

 

28 Page 15-32 © MANTECH PUBLICATIONS 2023. All Rights Reserved 

 

International Journal of Mechatronics and Manufacturing Technology 

Volume 8, Issue 1, January-June 2023 

 

  Running large models on embedded systems can cause latency, reducing responsiveness. 

 

Solutions for Real-Time Processing: 

1. Lightweight Models: 

 CNN variants like MobileNet, EfficientNet, and SqueezeNet reduce model size while 

maintaining reasonable accuracy. 

 

 Example: Mobile robots running MobileNet can detect obstacles at 30+ frames per second 

on edge devices. 

 

2. Edge AI Processors: 

 Specialized hardware like NVIDIA Jetson, Google Coral, or Intel Movidius accelerators 

enable fast neural network inference on-board robots. 

 

3. Model Optimization Techniques: 

 Quantization: Reduces model precision (e.g., from 32-bit to 8-bit) to increase speed. 

 

 Pruning: Removes redundant parameters to shrink the model size. 

 

 Knowledge Distillation: Trains a small “student” model to mimic a larger “teacher” 

model. 

 

4. Asynchronous Processing Pipelines: 

 Preprocessing, feature extraction, and decision-making are run in parallel threads to reduce 

latency. 

 

 This allows the robot to continue moving while processing new visual frames 

 

APPLICATIONS 

Autonomous Navigation 

In autonomous vehicles, cameras and LiDAR sensors are used together for route planning, 

obstacle avoidance, and adaptive driving. AI models interpret traffic signs, pedestrians, and 

unexpected situations. 
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 Industrial Automation 

Robot arms use vision systems to sort objects, inspect quality, and adjust assembly lines. These 

systems increase precision and reduce human errors. 

 

Healthcare Robotics 

Robot vision aids diagnosis assistance systems, surgery support, and patient monitoring. For 

example, visual feedback helps robotic arms navigate in surgical environments. 

 

Human-Robot Interaction 

Vision systems allow robots to detect gestures, recognize faces, and adapt their behavior based 

on human cues. This enhances collaborative scenarios in homes, offices, and service industries. 

 

CASE STUDY: COMPARING VISION MODELS 

In an experiment comparing object recognition accuracy: 

 

Table 2: Performance comparison of common vision models in a robotics benchmark test 

Model Dataset Accuracy (%) Inference Time (ms) 

CNN-ResNet50 Robotics Dataset 87.3 45 

MobileNetV3 Robotics Dataset 83.5 25 

Vision Transformer Robotics Dataset 89.1 60 

 

From (Table 2), Vision Transformers perform highest in accuracy, but at slower inference 

times. MobileNet offers faster responses with moderate accuracy. 

 

TECHNICAL CHALLENGES 

Dynamic Environments 

Lighting changes, occlusions, and moving objects can confuse vision systems. 

 

Dataset Bias 

Vision models depend on training sets. If real world situations differ, performance drops. 
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 Hardware Limitations 

Robots have power and computation limits. Complex models must be optimized or 

compressed. 

 

RECENT TRENDS 

Edge AI and Tiny Models 

Deploying lightweight models on the robot helps real-time processing without cloud 

dependency. 

 

Neural Architecture Search (NAS) 

NAS automates the design of optimized vision models based on robots’ requirements. 

 

 

Figure 1: Typical Robot Vision Pipeline 

 

DISCUSSION 

There is no one-size-fits-all approach in robot vision. Depending on tasks—navigation, object 

recognition, manipulation—the system design varies. AI models must be chosen based on 

accuracy needs, hardware capability, and environmental conditions. 
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 Robot vision has moved from handcrafted features to data-driven AI models. Improvements in 

datasets and training techniques further push capabilities. Still, practical challenges remain in 

deploying systems reliably in uncontrolled conditions. 

 

FUTURE DIRECTIONS 

Future work likely focuses on: 

 Integrated learning frameworks that combine vision, sound, and tactile input. 

 Self-learning robots that adapt on the fly. 

 Improved energy-efficient computing for mobile robots. 

 Real-world testing across diverse environments to reduce dataset bias. 

 

CONCLUSION 

Robot vision and AI-based recognition systems have shown remarkable progress in recent 

years. Deep learning techniques outperform classical methods, enabling robots to better 

perceive and interpret the world. However, achieving real-time performance in dynamic and 

complex environments remains a challenge. With continued research in model optimization, 

multimodal fusion, and adaptive learning, robot vision systems will become more robust and 

accessible across industries. 
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