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A B S T R A C T 
 

Intelligent visual perception has advanced from traditional image classification to 

thorough comprehension of objects, scenes, relations, spatial context, and semantic 

information. This paper surveys the development of intelligent visual perception, 

particularly focusing on DL and foundation models. This section provides a 

comprehensive overview of visual recognition, detection, segmentation, and scene 

understanding, including key methods such as convolutional neural networks, 

recurrent neural networks, attention mechanisms, encoder-decoder architectures, 

generative models, and Vision Transformers. The study also explores feature 

attribution, visual attention, visual reasoning, and multimodal vision-language 

models, which combine visual and text information for tasks such as visual question 

answering, captioning, and visual generation. This study examines recent 

foundation models incorporating vision-language architectures for their 

transferability, contextual understanding, and generalized perception capabilities. 

The study also discusses challenges related to computational efficiency, 

environmental variability, data requirements, robustness, explainability, and real-

time deployment. Finally, it contrasts current developments to identify new 

approaches to scalable, interpretable, multimodal, and human-centric visual 

intelligence systems. 

 
1. Introduction  

Manufacturing Healthcare increasingly relies on intelligent technology to enable accurate diagnosis, clinical decision-making, patient 

monitoring, and medical analysis, creating a growing need for dependable systems that can efficiently interpret complex visual information. 

Humans perceive and interact with the world mostly through visual information, which accounts for more than 80% of all external information 

humans gain [1]. Visual perception is a key element of intelligent systems, allowing robots to see and interpret their surroundings, recognize 

things, and make educated decisions [2]. Traditional visual perception systems rely on passive processing of visual input and have been 

widely used across fields, focusing on object identification, segmentation, and recognition. Such systems often rely on predefined algorithms 

to extract information from fixed perspectives or sensors and perform well in controlled, predictable contexts. But in the actual world, 

environments are typically complex, dynamic, and congested, making it difficult for passive systems to collect the entire breadth of essential 

information [3].  

Deep Learning (DL) is a subfield of AI that has revolutionized image processing [4], emulating how the human brain processes and 

analyses information. Historically, classical ML techniques and manual feature extraction were used for image processing [5]. These 

approaches required substantial domain expertise and often struggled with the complexity and unpredictability of visual input. These systems 

performed well for tightly stated aims, but they couldn’t handle the diversity and high dimensionality of real-world photographs because they 

weren’t scalable or flexible enough [6]. DL's ability to learn hierarchical representations directly from raw data has helped mitigate many 

limitations of previous techniques [7]. With the development of multi-layered neural networks (NNs) it became possible for models to learn 

complicated patterns and features automatically that were not possible with human procedures [8]. Automated feature learning is a milestone 

in the history of image processing, replacing manually created feature engineering. This change enabled enormous improvements in accuracy 

and generalizability across many applications [9]. 

Foundation model building blocks like deep neural networks and self-supervised learning have been present for a while, but the current 

boom, especially in LLMs, is mostly due to data and model size scaling up. Significant research on large foundation models for various 
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sensory problems has coincided with LLMs in natural language processing. For example, CLIP and other pre-trained vision-language (VL) 

models have shown strong zero-shot performance on several downstream vision tasks, such as object identification and image categorization. 

The representations provided by these VL foundation models, usually trained on millions of image-text pairings retrieved from the web, 

transfer well and generalize strongly. By providing these VL foundation models with a natural language task description and instructions, 

they can be trained to perform a downstream task. The groundbreaking CLIP paradigm, for example, uses thoughtfully crafted prompts to 

accomplish various downstream tasks, such as zero-shot classification- a process in which the text encoder builds classifiers on the fly using 

class names or other free-form text. Customized prompt templates help here; for instance, "A photo of a {label}" can help ensure the language 

matches the image's visual content [10]. A lot of recent work has also looked at ways to fine-tune VL models on a given set of instructions 

such that they can conduct conversations [11]. This paper structure is as follows: Section II introduces Intelligent Visual Perception. Section 

III explores Deep Learning for Intelligent Visual Perception. Section IV reviews recent literature, and Section V concludes the paper while 

outlining potential future research directions. 

2. Intelligent visual perception overview  

Intelligent visual perception refers to artificial intelligence systems' ability to interpret and understand visual information beyond simple 

image classification. It integrates object detection, segmentation, attention mechanisms, feature attribution, visual reasoning, and multimodal 

learning to capture objects, relationships, spatial context, and semantic information. Modern vision transformers, vision–language models, 

and foundation models further enhance these capabilities by enabling contextual understanding and reasoning across visual and textual 

modalities. Intelligent visual perception lays the groundwork for future visual intelligence systems that are more adaptable, contextually 

aware, interpretable, and human-focused. 

2.1 Transformers for intelligent visual perception 

Transformers are primarily used for text encoding, with subsequent applications including merging visual and linguistic elements [12]. 

Rather than significantly altering the central focus block shown in Figure 1, these models often use the vanilla multi-layer Transformer with 

multimodal inputs.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Transformers for intelligent visual perception  

Multi-stream transformers: The initial attempt to adapt the BERT concept for use in a multi-modal setting was ViLBERT [13]. The objective 

was to learn representations that model both visual data and natural language. To achieve this goal, ViLBERT designed a two-stream 

architecture, with one stream designed to mimic visual inputs and the other to mimic language inputs. 

Single-stream transformers: VisualBERT jointly represents the visual and textual worlds with a single stack of Transformers. The 

Transformer is trained to automatically learn relations between the two domains from an input sequence of text (e.g., a caption) and the visual 

attributes that match the object suggestions. 

Transformers for visual grounding: The CNN and BERT backbones of a modulated DETR each extract features from their respective input 

types: images and text, respectively [14]. Afterward, the visual and textual data are linearly projected into a common space, combined, and 

input into a transformer model. This model then predicts the object bounding boxes that match the queries in the grounded text. 

2.2 Feature attribution for intelligent visual perception  

An attribution approach provides relevance ratings to input variables based on their contribution to a model’s output. Higher ratings 

indicate more relevance, whereas lower scores suggest less relevance. In vision models, these scores are visualized as saliency maps, where 

red denotes important parts, while colors fade to yellow and green for less important regions.  
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Attention: Rollout and Attention Flow are early approaches for measuring attention flow across many layers and heads in transformer 

systems. Rollout computes attention weights by multiplying the attention matrices of each layer sequentially, resulting in a cumulative 

assessment of how input tokens affect the final output. 

Gradient: Gradients of the output with respect to input features help identify important areas that contribute to the model’s predictions [15]. 

Foundational techniques such as saliency maps, Layer-wise Relevance Propagation (LRP), DeepTaylor Decomposition (DTD), and Integrated 

Gradients (IG) form the basis for specialized approaches for ViTs. 

Perturbation: Evaluate feature relevance by varying input characteristics and monitoring corresponding changes in the model's output. These 

strategies are based on theoretical approaches like LIME, which approximates the model locally via an interpretable surrogate model, or 

SHAP, which computes Shapley values from game theory for fair feature attribution. Recent techniques have generalized these frameworks 

to ViTs. 

2.3 Attention mechanisms for visual intelligence  

Attention mechanisms allow visual models to focus on informative areas, features, or tokens in an image. They enhance contextual 

awareness and feature representation by selectively emphasizing pertinent visual information while suppressing less relevant areas. 

Channel attention: Channel Attention (CA) models inter-channel dependencies and recalibrates feature responses by adaptively weighting 

features from distinct channels. 

Spatial attention: One approach to train a model to differentiate between similar images is spatial attention (SA), which aims to describe 

feature saliency fluctuations across the spatial dimension [16]. Spatial attention focuses on “where to focus” by weighting spatial locations, 

unlike channel attention. 

2.4 Multimodal visual understanding and generation  

Combine visual and verbal information so models can understand images, answer queries, reason about scenarios, and provide 

meaningful descriptions or visual content. These skills provide enhanced vision–language interaction, contextual reasoning, and cross-modal 

content production beyond standard visual categorization, as seen in Figure 2. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Multimodal visual understanding and generation 

Visual Question Answering (VQA): This field focuses on enabling machines to understand visual material and respond appropriately to 

queries about the provided image. The model's accuracy depends on its ability to understand visual data and extract the logical connections 

relevant to the question. 

Visual Captioning (VC): This method aims to automatically generate syntactically and semantically correct descriptions of visual material. 

To produce effective captions, substantial language information must be combined with knowledge of the entities, scenes, and interactions 

in the visual input. 

Visual Commonsense Reasoning (VCR): This area focuses on robots' ability to infer cognitive and commonsense information from visual 

material [17]. This kind of reasoning includes answering questions about an image while providing proper arguments drawn from the visual 

context. 

Visual Generation (VG): This approach includes creating visual material from written descriptions. To produce outputs that are visually 

relevant, cohesive, and context-rich, one must understand the semantic information in the input text. 
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2.5 Benefits of intelligent visual perception 

Intelligent visual perception enhances artificial intelligence (AI) systems by providing better visual knowledge, contextual reasoning, 

and correct interpretation of complicated situations. It also enables multimodal interaction, better decision-making, interpretability, and 

generalization across many real-world visual tasks. 

• Enhanced Visual Understanding: Captures objects, scenes, relationships, and contextual information beyond basic classification. 

• Improved Decision-Making: Provides more visual information for correct and context-aware decisions. 

• Better Feature Representation: Attention and advanced DL models identify the most relevant visual features. 

• Contextual Reasoning: Allows models to grasp interactions, spatial linkages, and complicated visual situations. 

Table 1 summarizes the main components of intelligent visual perception, including typical approaches and models and their main 

competencies. It includes visual recognition, segmentation, interpretability, reasoning, generation, and multimodal foundation models. 

Table 1. Key components of intelligent visual perception  

Component Representative Techniques/Models Key Capability 

Visual Recognition & Detection CNNs, ResNet, YOLO, DETR Object and scene understanding 

Segmentation & Scene Understanding U-Net, Mask R-CNN, SAM Pixel-level and contextual perception 

Attention & Feature Attribution Self-Attention, Attention Rollout, IG, SHAP Focused and interpretable perception 

Visual Reasoning & Generation VQA, VCR, NLVR, Diffusion Models Reasoning and content generation 

Multimodal & Foundation Models CLIP, BLIP, ViT, LLaVA, SAM Vision–language and generalized intelligence 

 

3. Deep learning for intelligent visual perception 

DL has dramatically advanced intelligent visual perception by allowing computers to automatically learn hierarchical visual properties 

from complex images and videos. CNNs, attention mechanisms, and Vision Transformers assist object identification, detection, segmentation, 

scene comprehension, and visual reasoning. These models help machines better understand spatial, semantic, and contextual information. 

Recent advances in multimodal learning better integrate visual and linguistic information, enabling more complete, human-like visual 

comprehension. DL Models for Intelligent Visual Perception. 

3.1 Convolutional neural network  

CNNs for the recognition of handwritten numerals. This neural network model was developed using backpropagation and gradient-

based techniques. A CNN is a neural network commonly used for difficult image-driven pattern recognition tasks [18]. CNNs are structured 

to mirror how the human visual cortex processes visual information, drawing significant inspiration from this structure and its organization. 

3.2 Recurrent neural network-based model 

RNNs can (hopefully) enhance the segmentation map estimate by simulating the short- and long-term relationships among pixels. To 

represent global context and improve semantic segmentation, RNNs allow sequential processing of connected pixels. 

3.3 Attention-based model 

Several studies have used attention techniques for semantic segmentation, which is not unexpected given their extensive exploration in 

computer vision over the years. 

3.4 Generative model and adversarial training 

GANs have been used for picture segmentation and many other computer vision tasks [19]. The team trained a convolutional semantic 

segmentation network and an adversarial network to separate the segmentation network's output from the ground-truth maps. This method 

was used for semantic segmentation. 

3.5 Encoder-decoder based model 

The convolutional encoder-decoder architecture underpins another popular family of deep models for image segmentation. An encoder-

decoder paradigm is used by the majority of DL-based segmentation operations. 

3.6 Deep learning for visual reasoning 

DL for Visual Reasoning enables models to interpret visual information and perform logical, relational, and contextual reasoning to answer 

complex questions. Attention mechanisms, relation networks, and neural-symbolic approaches help identify relevant visual features and 

understand relationships between objects, scenes, and language. 

• Attention-based visual reasoning: In the context of Image QA, attention mechanisms mostly mean spatial attention to obtain region-specific 

CNN features or selective terms in a given question relevant to expected answers. 

• Relation-based visual reasoning: The output of the conditional relation network is eventually used for answer prediction [20]. Although 

these relation networks for machine reasoning are relatively simple to design, the concept is generic and thus applicable to a variety of 

tasks. 

• Neural-symbolic visual reasoning: There is a family of works called Neural Module Networks (NMN) that address compositional visual 

reasoning based on the structures of language constituents and co-attention. 
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• Visual question answering: Visual Question Answering (VQA) as a representative task of language and visual reasoning. VQA is a task to 

assess whether a machine can understand and reason about the visual content present in either a static image or a video through a question-

answering process. 

3.7 Challenges in deep learning-based visual perception  

Several factors limit the effectiveness and practical deployment of DL-based visual perception systems. These include computational 

complexity, environmental variability, limited and costly training data, difficulties in model interpretability, and the need for robust, safe, and 

real-time performance in complex environments. 

• Real-time performance and computational efficiency: The main challenge in autonomous robots during implementation of DL models for 

dynamic scene understanding is to provide real-time operation on embedded devices with limited computing units [21]. 

• Robustness to illumination and environmental variations: Autonomous robots usually face diverse and challenging environments, such as 

illumination changes and severe weather conditions, all of which severely affect the perception system [22]. 

• Explainability and interpretability: To build trust and facilitate successful human-robot interaction, having the rationale for the decisions 

that a robot makes, especially in dynamic and safety-critical scenarios, is most important. 

• Data efficiency and synthetic data generation: One of the major issues of DL in robotics is the sheer amount of annotated data for training 

that is costly and may be laborious to obtain, particularly with heterogeneous and changing real-world situations [23]. 

3.8 Visual perception computational model for deep learning 

The benefits of developing visual perception computational models oriented toward artificial intelligence are two-fold. First, biological 

visual perception provides a rich source of inspiration for new types of algorithms and architectures [24]. Second, it can be independent of, 

and complementary to, the mathematical and logic-based methods that have largely dominated traditional approaches to deep neural networks. 

Second, visual perception can validate existing deep neural network techniques. The main application areas of visual perception 

computational models focus on artificial intelligence. 

• Attention-based computational models: Visual attention refers to the cognitive operations of selectively focusing on crucial information 

and simultaneously filtering out irrelevant information from visual scenes [25]. 

• Visual Memory-based Computational Models: Visual memory plays a critical role in senior cognitive functions, since visual memory is 

the received visual information that is encoded and then restored in the brain, and finally can be used to recall, recognize, categorize, and 

identify objects. 

• Spatio-Temporal Coordination-based Computational Models: Although they belong to different dimensions, they are processed and 

encoded collaboratively for human perception and recognition. Here, spatial information and temporal information denote a broad sense. 

4. Literature review 

This section highlights related studies on intelligent visual perception, demonstrating the role of DL and foundation models in enhancing 

visual understanding, semantic interpretation, multimodal reasoning, explainability, and perception capabilities across diverse application 

domains. 

Yuru Liu et al. [26] proposed a hierarchical visual-semantic alignment framework that improves image interpretation by jointly modeling 

multi-scale visual features, local-global context, and cross-modal semantic correspondence. It integrates multi-scale feature extraction, token 

representation, spatial-channel attention, dual embedding projection, and cross-layer feature interaction, along with joint constraint 

optimization for classification, semantic alignment, and perturbation consistency. Experiments on MS-COCO2017 and NUS-WIDE achieved 

85.1% COCO-F1, 87.2% COCO-mAP, 84.2% NUS-F1, and 87.8% NUS-mAP, outperforming ResNet50, Swin-T, CLIP-B/16, and ALBEF. 

Haozhong Zhao et al. [27] proposed a Multi-Scale Mixed Attention Network (MMAN) for enhancing underwater visual perception. The 

network employs a three-branch feature-extraction structure to model multi-scale features and a dual-branch reconstruction architecture to 

separately restore structural information and enhance fine-grained details. In addition, the authors introduce a Multi-scale Mixed Attention 

Block (MMAB) to strengthen collaboration among different feature representations. 

Guo Yang et al. [28] critically reviewed key advances and trends in visual perception for autonomous driving, focusing on four 

dimensions: visual scene generation using generative AI, particularly diffusion models, to provide high-fidelity data for system testing, 3D 

occupancy prediction for fine-grained scene understanding and its benchmark performance; end-to-end driving models that integrate 

perception and planning, evaluated in complex scenarios; and large-scale models, including world models and multimodal foundation models, 

and their potential to enhance cognitive intelligence in autonomous systems. 

Chi Zhang et al. [29] address explainable evaluation for visual intelligence, which faces challenges from sophisticated, heterogeneous, 

or inaccessible AI algorithms. The authors propose a latent attribute dictionary learning method constrained by mapping consistency to 

explain performance variations in visual perception intelligence across test samples. By jointly learning latent concept representations and 

regressing latent concept-generalization performance, the method establishes relationships among deep representations, semantic attributes, 

and generalization performance to predict the influence of semantic attributes. The method obtains the optimal solution through alternating 

optimization. 

Changde Du et al. [30] proposed BraVL, a generic neural decoding method that uses multimodal learning of brain, visual, and linguistic 

features. It models their relationships through multimodal deep generative models and employs a mixture-of-product-of-experts formulation 

to infer a latent code for coherent joint generation across the three modalities. Intra- and inter-modality mutual information maximization 
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regularization improves representation consistency and data efficiency with limited brain activity data. BraVL also supports semi-supervised 

training by incorporating visual and textual features from extra categories. 

Byoung-Hee Kwon et al. [31] proposed a visual perception-guided network training approach for decoding visual imagery. Visual 

perception decreases alpha-band power in the visual cortex over time, whereas visual imagery increases it, resulting in opposite brain activity 

patterns. The proposed network uses these characteristics. Using visual perception data, the proposed method achieves an average 

classification performance of 0.7008. 

Table 2 summarizes key studies on intelligent visual perception, including their study emphasis, techniques, key results, limitations, and 

future prospects within the framework of DL- and foundation model-based approaches. 

Table 2. Comparative analysis of deep learning and foundation model-based intelligent visual perception  

Reference Study Focus Approach / Methodology Key Findings Challenges and 

Limitations 

Future Directions 

Y. Liu et al. 
[26] 

Image interpretation 
and visual-semantic 

alignment 

Hierarchical alignment using 
multi-scale features, local-

global tokens, attention, dual 

projection, and cross-layer 

interaction 

Achieved 85.1% COCO-F1, 
87.2% COCO-mAP, 84.2% 

NUS-F1, and 87.8% NUS-mAP, 

outperforming ResNet50, Swin-

T, CLIP-B/16, and ALBEF 

Complex 
architecture, 

computational cost, 

and cross-modal 

alignment challenges 

Develop efficient and 
scalable visual-

semantic alignment 

models 

H. Zhao et 

[27] 

Underwater visual 

perception 

MMAN with multi-scale 

feature extraction, dual-
branch reconstruction, and 

mixed attention blocks 

Improves structural restoration, 

fine-grained details, and multi-
scale feature collaboration 

Complex underwater 

degradation and high 
computational cost 

Extend MMAN for 

real-time and diverse 
underwater 

perception 

G. Yang et 

al. [28] 

Visual perception 

for autonomous 
driving 

Review of generative AI, 

diffusion models, 3D 
occupancy, end-to-end 

driving, world models, and 

foundation models 

Highlights improvements in 

scene understanding and 
autonomous driving intelligence 

High computation, 

complex scenarios, 
reliability, safety, and 

generalization 

Develop robust world 

models, multimodal 
foundation models, 

and safer driving 

systems 

C. Zhang et 

al. [29] 

Explainable visual 

intelligence 

Latent attribute dictionary 

learning with mapping-

consistency constraints and 
alternating optimization 

Explains the influence of 

semantic attributes on visual 

perception generalization 

Inaccessible AI 

mechanisms and 

dependence on latent 
concepts 

Develop transparent, 

general, and model-

agnostic 
explainability 

methods 

C. Du et al. 
[30] 

Multimodal brain-
visual-linguistic 

learning 

BraVL with multimodal 
generative models, mixture-

of-product-of-experts, and 

mutual-information 
regularization 

Enables joint generation across 
modalities and improves data 

efficiency 

Limited brain-activity 
data and complex 

multimodal 

relationships 

Improve neural 
decoding using larger 

datasets and stronger 

cross-modal 
representations 

B.-H. 

Kwon et al. 

[31] 

Visual imagery 

decoding 

Visual perception-guided 

training using differences in 

alpha-frequency brain 
activity 

Achieved 0.7008 average 

visual-imagery classification 

performance 

Moderate 

performance, brain-

signal variability, and 
dependence on 

perception/imagery 

characteristics 

Improve decoding 

using advanced deep 

learning and 
personalized models 

 

5. Conclusion  

Visual intelligence has advanced well beyond simple image classification to provide a holistic grasp of objects, scenes, connections, 

geographical information, and semantic context. The study explored the contributions of DL models such as CNNs, RNNs, attention-based 

models, generative models, and encoder-decoder architectures in improving visual recognition, segmentation, and reasoning. The research 

also examined feature attribution and attention mechanisms, which improve model interpretability and help systems focus on important visual 

information. Moreover, multimodal tasks such as visual question answering, visual captioning, visual commonsense reasoning, and visual 

production all show the increasing integration of vision and language. Recent foundation models and vision-language architectures have 

enabled transferability, contextual comprehension, and generalized perception capabilities. However, computational complexity, 

environmental unpredictability, limited training data, interpretability, resilience, and real-time deployment remain key issues. Intelligent 

visual perception in general is an essential route toward scalable, explainable, multimodal, adaptive, and human-centric visual intelligence 

systems. Future work should aim to establish efficient, strong foundation models for real-time multimodal perception across a variety of 

environmental conditions. Greater emphasis is needed on explainable and trustworthy visual reasoning, data-efficient learning, lightweight 

architectures, and improved cross-modal alignment. Integrating visual memory, spatio-temporal reasoning, and human-centered interaction 

can further advance adaptive intelligent perception systems. 
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