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Multimodal information integration is essential for developing context-aware visual communication designs,
especially as digital media increasingly relies on flexible and efficient interaction. Traditional approaches often
treat text and images as separate elements, limiting contextual coherence and weakening message clarity. This
study proposes a cross-modal fusion network that integrates visual and linguistic information to enhance
context-aware visual communication. Using the Scene Parse 150 dataset, preprocessing involved tokenization,
image resizing, and feature extraction through a convolutional neural network. The model introduces a
Self-Attention Based Generative Adversarial-tuned Robustly Optimized BERT Pretraining Approach (SAGA-
RoBERTa), where RoBERTa encodes textual descriptions to capture semantic richness and guide a generative
adversarial network in producing or refining visual design layouts. A multi-channel fusion module with
self-attention further captures intrinsic relationships between modalities, ensuring strong semantic alignment.
The discriminator evaluates visual realism and coherence with textual intent. Experimental results demonstrate
that SAGA-RoBERTa achieves notable improvements, including an Average IoU of 68.6% and pixel accuracy of
94.5%, outperforming conventional unimodal methods. The findings highlight the potential of cross-modal
deep learning frameworks to support more adaptive, emotionally resonant, and semantically precise visual
communication across diverse media contexts.
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1. Introduction

Visual communication enables individuals to perceive, in-
terpret, and understand information through images, sym-
bols, typography, and layouts, supporting effective mes-
sage delivery and self-perception [1]. It serves as a pow-
erful communication medium in digital environments by
facilitating rapid understanding across different languages
and cultures [2]. Language complements visual elements
by providing structured meaning, reducing ambiguity, and
enhancing semantic clarity through captions, labels, and
textual descriptions. The integration of textual and visual

information improves accessibility and minimizes misinter-
pretation of communicative intent [3]. Multimodal commu-
nication combines multiple representational modes, such as
text, visuals, and audio, to create richer and more effective
communication experiences. Each modality contributes
unique advantages, including visual presence, linguistic
precision, and emotional expression, while redundancy
across modalities enhances user engagement and under-
standing [4]. Context-aware communication design further
improves effectiveness by adapting messages according
to audience characteristics, cultural factors, environmen-
tal conditions, and temporal contexts. Such adaptability
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ensures relevance, comprehension, and acceptance in dy-
namic digital communication environments [5]. Visual and
textual elements interact to combine semantic meaning
with visual structures, enabling effective communication
across applications such as infographics, e-learning, and
marketing strategies [6]. Emotional resonance in commu-
nication is achieved when visual-linguistic artifacts evoke
emotional responses through imagery, composition, color
schemes, and narrative expression, thereby enhancing mes-
sage retention and user engagement [7]. The integration
of visual and linguistic modalities strengthens both cog-
nitive understanding and emotional perception, making
multimodal communication highly effective in digital me-
dia environments. Such multimodal interactions support
advertising, education, entertainment, applications, and
interactive experiences by improving user engagement and
facilitating brand development [8]. Emotional responses
are further reinforced through the complementary roles of
visual composition and language-based storytelling [9].
However, continuous contextual adaptation introduces
challenges related to data acquisition, computational cost,
privacy concerns, and potential biases arising from incom-
plete contextual information. Additionally, implementing
adaptive communication frameworks requires substantial
infrastructure, interdisciplinary expertise, and resource in-
vestment, which may limit adoption and integration within
existing systems [10]. Existing visual-language integration
methods often face challenges in maintaining semantic con-
sistency and contextual relevance across modalities. To
address these limitations, the proposed CMFN combines
self-attention fusion, GAN-guided layout generation, and
RoBERTa semantic encoding to achieve improved cross-
modal alignment, contextual adaptability, and visual com-
munication performance. The research aims to develop
and validate a Cross-Modal Fusion Network (CMFN) that
integrates visual and textual features to generate context-
aware visual communication designs. The proposed SAGA-
RoBERTa framework enhances semantic alignment, con-
textual relevance, and adaptive visual layout generation
through multimodal learning.

• Introduces a self-attention and adversarially tuned
RoBERTa model for improved semantic representation
learning and textual-visual coherence.

• Implements multi-channel self-attention and decision-
level fusion to capture cross-modal relationships and
enhance robustness and adaptability.

• Achieves superior semantic alignment, contextual rel-
evance, and user engagement compared to conven-

tional approaches, supporting adaptive visual commu-
nication design.

Section 2 reviews related work on context-aware visual
communication design. Section 3 presents the proposed
CMFN with SAGA-RoBERTa methodology. Section 4 eval-
uates semantic alignment and performance metrics, while
Section 5 concludes the study and outlines future direc-
tions.

2. Related work

The SLRGAN model improved context-aware continuous
sign language recognition using GAN-based learning by
incorporating contextual information beyond conventional
spatiotemporal features [11]. The DLVPR-MCATS frame-
work combined ResNet, EfficientNet, and MobileNetV2
features to enhance visual place recognition and multi-
media communication performance in autonomous trans-
portation systems [12]. A context-aware multimodal fu-
sion framework for Bengali sarcasm and humor detec-
tion integrated MobileNetV2 visual features with BiLSTM
and GRU-based textual representations, achieving high
classification accuracy [13]. The BICA deep network en-
hanced watermark robustness and image quality, maintain-
ing nearly 95% extraction accuracy under various noise
attacks. Recent transformer-based multimodal and vision-
language foundation models have advanced cross-modal
understanding through large-scale pretraining and atten-
tion mechanisms, although their application to context-
aware visual communication remains limited [14]. Liu
and Yang [15] proposed a meta-learning framework for
multi-scene student posture recognition and performance
assessment, demonstrating the effectiveness of adaptive
representation learning across diverse environments. Simi-
lar to the proposed SAGA-RoBERTa framework, the study
highlights the importance of contextual feature modeling
and robust learning strategies for improving performance
in complex real-world scenarios.

2.1. Research gap

Existing studies in multimodal and visual communication
design have introduced innovative frameworks, yet several
research gaps persist. SLRGAN focused on spatiotemporal
elements in sign language recognition but neglected textual
or contextual cues, limiting semantic richness [11]. DLVPR-
MCATS improved multimedia communication with hybrid
feature fusion but relied heavily on optimization without
addressing semantic alignment [12]. Multimodal sarcasm
detection in Bengali demonstrated strong performance but
remained domain-specific and language-limited [13]. Sim-
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ilarly, BICA enhanced watermark robustness but concen-
trated on visual fidelity without broader contextual inte-
gration [14]. Current studies face challenges in preserving
semantic similarity, adapting contextual representations,
stabilizing adversarial multimodal training, and generating
emotionally engaging visual communication outputs.

3. Materials and methods

The proposed methodology integrates multimodal textual
and visual data through preprocessing, image resizing, and
contextual data collection to enrich representation learning.
CNN-based feature extraction is employed for dimension-
ality reduction, while the proposed SAGA-RoBERTa frame-
work combines self-attention-driven multimodal fusion,
adversarial learning, and RoBERTa semantic embeddings
to perform context-aware visual layout generation and re-
finement. This architecture enhances semantic consistency,
visual realism, and contextual relevance across multimodal
inputs. Fig. 1 illustrates the overall architecture of the pro-
posed framework.

Fig. 1. Overall architecture of the proposed model.

3.1. Dataset

Scene Parse 150 (scene_parse150) Tensorflow dataset is
the process of segmenting and parsing an image into
different image regions according to semantic categories
such as sky, road, person, and bed from open source in
Kaggle (https://www.kaggle.com/datasets/naresh/scene-
parse-150-tf?select=scene_parse150). The MIT Scene Pars-
ing Benchmark (SceneParse150) is a standardized platform

for training and evaluating scene parsing algorithms. Fig. 2
shows the sample images of the dataset. SceneParse150
was selected because it contains diverse scene categories
and rich semantic annotations that facilitate contextual rep-
resentation learning and multimodal feature alignment.
Its comprehensive segmentation labels provide a suitable
benchmark for evaluating context-aware visual communi-
cation and semantic consistency.

Fig. 2. Overall example images of the dataset.

3.2. Preprocessing using tokenization and Resizing im-
ages

Tokenization converts textual descriptions into words or
subwords for effective semantic encoding and alignment
with visual elements. Image resizing standardizes image
dimensions for consistent CNN-based feature extraction
while reducing computational complexity. Together, these
preprocessing steps enhance contextual understanding and
support coherent context-aware visual communication de-
sign. Fig. 3 illustrates the image preprocessing workflow
adopted in the proposed framework. The input images
from the SceneParse150 dataset are resized to a uniform
resolution and normalized to ensure consistency across
samples. This preprocessing step reduces computational
complexity, preserves essential semantic content, and facili-
tates effective synchronization between visual features and
corresponding textual representations during multimodal
learning. Fig. 3 shows the preprocessed images for the
original vs. the resized.
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Fig. 3. Overall example images of the dataset.

3.3. Preprocessed images for original vs. resized

The CNN module extracts local spatial patterns while sup-
pressing noise and generating hierarchical feature represen-
tations that capture contextual information. A Transformer
encoder further enhances these features by focusing on
important regions, and the resulting attention-enhanced
embeddings support effective multimodal fusion, semantic
alignment, and context-aware visual communication de-
sign. The input sequence is represented as a matrix, where
each row corresponds to the embedding vector of a word
or character. An input data matrix J (such as an image or
spatial signal) is processed through a set of learnable filters
E, resulting in a collection of feature maps X (Eq. (1)).

E(j, i, l) = ∑
n,m

J(j + n, i + m)X(n, m, l) + al (1)

3.4. Self-Attention Based Generative Adversarial-tuned
Robustly Optimized BERT Pretraining Approach
(SAGA-RoBERTa) for context-aware visual commu-
nication design

The proposed SAGA-RoBERTa framework combines
RoBERTa contextual embeddings, self-attention learning,
GAN-based adversarial optimization, and robust training
strategies to support context-aware visual communication
design. Self-attention enhances textual-visual alignment,
while discriminator–generator interaction improves visual
realism and semantic consistency, resulting in stable multi-
modal learning and effective semantic alignment preserva-
tion. Fig. 4 shows the feature maps extracted from different
layers of the CNN, illustrating how the network progres-

sively learns low-level patterns, edges, textures, and higher-
level discriminative features from the input image through
convolution and pooling operations.

Fig. 4. Overall extracted the dataset images (a)
input_layer_1, (b) block1_conv1, (c) block1_conv2, (d)

block1_pool, (e) block2_conv1.

3.4.1. Self-Attention Based Generative Adversarial Network
(SAGA)

Beyond image realism, GANs can be modified to include
visual-language aspects, in which textual semantics lead
the generator in producing designs or images that are con-
sistent with linguistic context, while the discriminator as-
sesses both visual authenticity and semantic coherence.
This goal permits the creation of outputs that are both vi-
sually appealing and contextually appropriate, promoting
improved communication in multimodal applications (??).

min
H

max
C

U(C, H) = Ew∼pdata(w)[log C(w)]

+ Ey∼py(y)[log(1 − C(H(y)))]
(2)

The minimax optimization method, in which the gener-
ator minH attempts to minimize the loss and the discrim-
inator minC aims to maximize. Here, Ew∼odata (w) denotes
actual data samples taken in the true data distribution,
while Ey∼oy(y) depicts latent variables taken from a preced-
ing noise distribution. The term log C(w) encourages the
discriminator to assign high probability to real samples,
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whereas 1 − C(H(y)), the discriminator properly detects
created samples as fraudulent, and the generator is penal-
ized. This adversarial training pushes C to produce realistic
outputs, while H continuously improves its discriminative
capability. Selfattention enhances multimodal learning by
selectively focusing on informative features and modeling
global relationships between visual and textual representa-
tions. This mechanism improves semantic alignment and
contextual coherence by capturing cross-modal dependen-
cies beyond the limitations of conventional convolutional
operations. This selfattention process is mathematically
stated in Eq. (3).

Attention(R, L, U) = softmax

(
RLS
√

cl

)
U (3)

Where R, L, and U depict the many linear projections
of the same data, which is represented by the query, key,
and value matrices that are obtained from the input fea-
tures. The operation RLS computes similarity scores be-
tween queries and keys, with S indicating the transpose to
align dimensions for dot-product calculation. The scaling
factor

√
cl , where cl is the dimension of the key vectors,

normalizes these scores to prevent excessively large values.
Applying the softmax function transforms the scores into
probability weights, which are then used to aggregate the
values of U, yielding a contextually weighted representa-
tion that emphasizes the most relevant features.

3.4.2. Robustly Optimized BERT Pretraining Approach
(RoBERTa)

To enhance downstream job performance, the RoBERTa
makes numerous significant changes to the original BERT
framework. Stronger contextual awareness is made possi-
ble by RoBERTa’s reliance on full-sentence training rather
than the Next Sentence Prediction (NSP) objective, which
BERT uses. This corruption process is applied during train-
ing to encourage the model to recover the original image
input, thereby improving its robustness and denoising ca-
pability, as follows in Eq. (4).

Ktotal (θ) = λKdenoise (θ) + ∑
j

Wtask j
(θ) (4)

The overall loss function Ktotal (θ) combines the denois-
ing objective and multiple task-specific objectives in visual
communication design. The coefficient λ is a tunable hy-
perparameter that strengths the role of the denoising loss
Kdenoise(θ) against the individual downstream task losses
Wtask j(θ).Each Wtask j quantifies performance on a specific
learning task, ensuring the model jointly learns robust
representations while maintaining task adaptability. The

RoBERTabase encoder utilizes 12 attention heads to simul-
taneously capture diverse semantic patterns and contextual
relationships from multimodal inputs. This multi-head at-
tention mechanism enhances feature learning by modeling
complementary dependencies between textual and visual
representations, leading to improved semantic alignment
and contextual understanding. The model uses RoBERTa-
base with 12 transformer layers, 768 hidden dimensions,
and 12 attention heads for robust textual feature encoding.

4. Result and discussion

The generated layouts incorporate essential visual commu-
nication principles such as hierarchy, contrast, and composi-
tional balance, enhancing message clarity and user engage-
ment. For model evaluation, the dataset was partitioned
into 80% training and 20% testing samples, and training
was performed using the Adam optimizer with a learn-
ing rate of 0.0001, batch size of 32, and 100 epochs on an
NVIDIA CUDA-enabled GPU. Convergence was achieved
when the validation loss remained stable without signifi-
cant improvement over consecutive training iterations. The
system configuration used for training and evaluation. The
experiments were conducted using an NVIDIA CUDA-
enabled GPU, 16 GB RAM, Python 3.8, and the Windows
10 operating system.

Fig. 5 shows the ROC curve demonstrating the strong
discriminative capability of the suggested model, achieving
a high area under the curve, and reflecting superior separa-
tion between positive and negative prediction classes. The
ROC curve demonstrates strong discriminative capability
of the proposed model, achieving an AUC of 0.969, indi-
cating excellent separation between positive and negative
classes.

Fig. 6 depicts the precision-recall curve, which indicates
a balance of precision and recall besides underlining the
resilience of the proposed strategy in dealing with class
imbalance and enhancing positive case detection. The deci-
sion threshold was chosen near the optimal precision–recall
balance point, providing reliable classification performance
across varying decision boundaries and class distributions.

The comparative analysis evaluates the SAGA-RoBERTa
method against existing methods such as objectless region
enhancement network (OENet) [16], Segmentation Net-
work (SegNet) [16], Cascade-SegNet [16], Fully Convolu-
tional Network with 8-pixel stride (FCN8 s) [16], Dilated
Convolutional Network (DilatedNet) [16], Deep CNN for
Semantic Segmentation (Version 2) (DeepLabv2) [16], Cas-
cade Dilated Convolutional Network (Cascade-DilatedNet)
[16], and Bascline [16] for context-aware visual commu-
nication design, highlighting its improved feature extrac-
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Table 1. Numerical outcomes of the existing and proposed methods.

Methods Average IoU (%) Pixel accuracy (%)
SegNet [16] 21.5 70.0

Cascade-SegNet [16] 27.4 71.7
FCN8 s [16] 29.4 71.2

DilatedNet [16] 32.2 73.5
DeepLabv2 [16] 34.2 75.2

Cascade-DilatedNet [16] 34.8 74.4
Bascline [16] 30.8 73.0
OENet [16] 38.3 77.8

SAGA-RoBERTa 68.6 94.5

Table 2. Evaluation Metrics of the Proposed SAGA-RoBERTa Framework.

Method Precision (%) Recall (%) F1-Score (%) Semantic Alignment Score (%)
SegNet 72.4 69.8 71.1 65.2

Cascade-SegNet 74.6 72.1 73.3 67.8
FCN8s 75.9 73.5 74.7 69.1

DilatedNet 77.3 75.2 76.2 71.4
DeepLabv2 79.1 77.0 78.0 73.5

Cascade-DilatedNet 80.2 78.4 79.3 74.6
Baseline 78.0 76.2 77.1 72.3
OENet 83.6 81.8 82.7 79.5

SAGA-RoBERTa (Proposed) 96.1 94.4 95.2 92.8

Fig. 5. Receiver Operating Characteristic curve explaining
classification model performance.

tion, classification accuracy, and robustness, resulting in
enhanced detection precision and reliability over existing
approaches. Table 1 displays the numerical results of the
existing and proposed methods.

Average Intersection over Union (IoU): Measures over-
lap between predicted and actual design regions, ensuring
contextual alignment of text-image elements. Higher IoU

Fig. 6. Receiver Operating Characteristic curve explaining
classification model performance.

indicates improved semantic accuracy in multimodal com-
munication layouts.

Pixel accuracy: Represents the proportion of correctly
classified pixels in visual design tasks. Ensures text and
imagery elements are contextually preserved. Higher accu-
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racy supports effective, coherent, and context-aware com-
munication outcomes. Compared with OENet, the pro-
posed SAGA-RoBERTa achieves a substantial improvement
in Average IoU, increasing from 38.3% to 68.6%, which rep-
resents a 79.1% enhancement. Furthermore, Pixel Accuracy
improves from 77.8% to 94.5%, demonstrating a 21.5% gain
and highlighting the effectiveness of the proposed multi-
modal fusion framework.

As shown in Table 2, the proposed SAGA-RoBERTa
framework achieved the highest Precision (96.1%), Recall
(94.4%), and F1-score (95.2%), demonstrating its ability to
accurately identify contextually relevant visual-textual rela-
tionships while minimizing false detections. Furthermore,
the Semantic Alignment Score reached 92.8%, indicating
strong consistency between textual semantics and gener-
ated visual layouts. These results further validate the effec-
tiveness of the self-attention fusion mechanism, RoBERTa-
based semantic encoding, and GAN-guided optimization
in enhancing contextual understanding and multimodal
communication performance. The superior scores across
all evaluation metrics confirm the robustness and reliabil-
ity of the proposed framework for context-aware visual
communication design.

The proposed SAGA-RoBERTa framework effectively
handles visually complex scenes through cross-modal se-
mantic fusion and self-attention learning, preserving con-
textual consistency and reducing ambiguity in diverse vi-
sual environments. Qualitative analysis demonstrates that
the generated layouts maintain strong semantic alignment
between textual descriptions and visual elements, thereby
enhancing message comprehension and communication ef-
fectiveness. The superior performance of the framework is
attributed to the integration of RoBERTa-based semantic en-
coding, self-attention-driven multimodal fusion, and GAN-
based optimization, which collectively improve contextual
understanding and visual-language alignment. Further-
more, cross-modal semantic guidance enables more coher-
ent and contextually relevant layout generation. Compara-
tive evaluation against established segmentation methods,
including SegNet, FCN8s, DilatedNet, Cascade-DilatedNet,
DeepLabv2, and OENet, validates the effectiveness of the
proposed approach, while future studies extend bench-
marking to transformer-based multimodal architectures
and vision-language foundation models.

Ablation study

An ablation analysis was conducted by individually remov-
ing the self-attention module, GAN optimization, RoBERTa
encoder, and fusion mechanism. Results indicate that each
component contributes positively to performance, with

the complete architecture achieving the highest semantic
alignment and segmentation accuracy.

5. Conclusion

This research highlights the significance of integrating mul-
timodal features to advance context-aware visual commu-
nication design. The proposed CMFN with the SAGA-
RoBERTa framework successfully aligns textual seman-
tics with visual representations, enabling more adaptive
and meaningful design generation. Experimental findings
demonstrate superior performance, with improvements in
average IoU (68.6%), and pixel accuracy (94.5%), showing
the model’s robustness in semantic alignment, contextual
relevance, and user engagement compared to unimodal ap-
proaches. Despite these advancements, limitations remain,
such as color inconsistencies in generated outputs and lay-
out design challenges in complex scenarios, which affect
the overall design quality. Future research can address
these gaps by incorporating color consistency mechanisms,
advanced generative modules, and reinforcement learning-
based adaptive design strategies, thereby enhancing flexi-
bility, interpretability, and creative control in multimodal
communication systems. Strong semantic alignment be-
tween textual and visual elements improves message com-
prehension and contextual relevance in visual communica-
tion design. Future work will investigate color harmony
analysis, scalable model architectures, computational opti-
mization, real-time deployment, domain adaptation, and
cross-domain evaluation to enhance communication effec-
tiveness and generalization. Further research will address
adversarial training instability, semantic drift, modality
imbalance, contextual ambiguity, computational complex-
ity, and memory consumption, while exploring adaptive
real-time systems and comparisons with state-of-the-art
multimodal and vision-language models to validate the
scalability and robustness of the proposed SAGA-RoBERTa
framework.
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