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Abstract: In the era of social media, platforms such as Twitter play an essential role in real-

time disaster reporting, offering immediate access to firsthand information during 

emergencies. This research presents a novel hybrid deep learning model for classifying disaster 

related tweets by integrating two state-of-the-art transformer architectures: BERT and 

RoBERTa. Our approach leverages the complementary strengths of each model by 

independently encoding the same tweet using both architectures, and then fusing their mean 

pooled representations to generate a more robust feature set for final classification. This dual 

stream method captures rich semantic nuances and contextual variations, substantially 

improving performance on noisy, unstructured text data. Extensive experiments were conducted 

on a carefully curated dataset of disaster and no disaster tweets. The experimental results 

demonstrate that our hybrid model significantly outperforms individual transformer models in 

terms of accuracy, precision, recall, and overall robustness. Detailed analysis of the combined 

outputs reveals that the hybrid approach effectively mitigates model specific limitations and 

enhances semantic representation. This work provides valuable insights into Mult transformer 

fusion strategies and suggests that integrating diverse pretrained models can yield substantial 

improvements in natural language processing tasks for real world crisis management 

applications. Furthermore, these findings exhibit strong promise. 

 1. Introduction 

Disaster response and management increasingly rely on real-time information from social 

media. Twitter, in particular, serves as a vital source for detecting emergency events, 

coordinating relief efforts, and understanding public sentiment. However, the dynamic nature 

of social media content presents significant challenges for automatic classification. Tweets are 

characterized by informal language, brevity, and an evolving vocabulary, which often leads to 

difficulties for traditional natural language processing techniques. Therefore, developing robust 

classification models capable of processing such unstructured data is a crucial component of 

effective crisis management and timely disaster relief. 

Recent advancements in natural language processing have ushered in a new era of transformer-

based models that have demonstrated state-of-the-art performance in various tasks. Among 

these models, BERT (Bidirectional Encoder Representations from Transformers) has proven 

highly effective in capturing rich contextual information by analysing text in both directions, 

thereby providing comprehensive semantic representations. Meanwhile, RoBERTa, a refined 

and optimized variant of BERT, utilizes dynamic masking strategies and enhanced training 

protocols to better handle noisy and ambiguous text frequently encountered in social media 

streams. 

Motivated by these innovations, this research proposes a novel hybrid model that fuses the 

strengths of both BERT and RoBERTa for disaster tweet classification. The model 

independently encodes tweets using both transformer architectures and subsequently integrates 

their pooled representations into a unified feature set for final classification. This dual stream 

approach not only captures a broader range of linguistic features but also addresses the 

variability and brevity inherent in tweet content. 
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By leveraging the complementary capabilities of BERT and RoBERTa, the proposed hybrid 

model aims to overcome the limitations of using a single transformer architecture. In this study, 

we detail the model’s architecture, elaborate on the preprocessing and tokenization techniques 

used to manage noisy input data, and present experimental results that demonstrate significant 

improvements in accuracy, precision, recall, and overall robustness. Through comprehensive 

analysis and evaluation, our work contributes valuable insights into the application of 

transformer-based models for enhancing real-time disaster response and emergency 

management. 

In summary, our research not only advances disaster tweet classification but also lays the 

groundwork for future innovations in crisis communication and emergency preparedness. 

2. Related Work 

Transformer based architectures have profoundly transformed the landscape of natural 

language processing. The introduction of BERT by (Devlin et al., 2018) marked a turning point, 

as its bidirectional training scheme enabled deeper contextual understanding, which led to 

breakthroughs in a wide range of NLP tasks. Subsequently, RoBERTa (Liu et al., 2019) refined 

the original BERT architecture by optimizing its training process—removing the next sentence 

prediction task and using dynamic masking techniques—to further boost performance, 

especially in scenarios with noisy and unstructured data. 

In recent years, the application of transformer models has been extended to domain specific 

tasks, including disaster tweet classification. Researchers have explored models such as 

finetuned BERT variants to capture the semantic nuances embedded within social media posts 

that report emergencies. For instance, studies in the 2022–2023 period have demonstrated that 

pretrained transformers can effectively distinguish between disaster related and no disaster 

tweets, even when faced with noisy and brief content common on platforms like Twitter 

(Mukhtiar et al., 2023) (JayaLakshmi et al., 2023) (Zou et al., 2023) (Lamsal et al., 2024). 

While earlier works also employed convolutional neural networks (CNNs) and recurrent neural 

networks (RNNs) for crisis detection tasks, these approaches were often limited by their 

inability to fully capture long range dependencies and complex semantics (Wang et al., 2021). 

Recent literature suggests that hybrid approaches—specifically ensembles or fusions of 

multiple transformer models—can leverage complementary strengths to enhance classification 

performance. However, to date, hybrid architectures that combine diverse transformers, such 

as BERT and RoBERTa, remain underexplored.  

Some recent studies have started to investigate the benefits of multimodal fusion, showing 

promising improvements in related domains such as sentiment analysis and event detection. 

Nonetheless, a dedicated study on fusing BERT and RoBERTa for disaster tweet classification 

is still in its early stages. This work builds on prior research by integrating the complementary 

features of both transformers to create a robust model tailored for the unique challenges posed 

by real-time disaster reporting on social media. 

 3. Methodology 

 3.1 Dataset and Preprocessing 

We utilized a labelled dataset of tweets obtained from Kaggle, where each tweet is annotated 

as either disaster related or not. The dataset provides not only the tweet text but also 

supplementary metadata, such as keywords and location information. To prepare the data for 

model training, the following preprocessing steps were applied: 
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 Text Normalization: Convert all text to lowercase to reduce variability introduced by case 

differences. 

 Noise Reduction: Remove extraneous elements including URLs, user mentions (e.g., 

@username), and hashtag symbols while preserving the meaningful components of hashtags. 

 Handling Missing Data: Impute missing values in the “keywords” and “locations” fields with 

suitable placeholders (e.g., "unknown") to maintain consistency across the dataset. 

These preprocessing measures ensure that the model focuses on the semantic content of the 

tweets, leading to a more robust feature extraction process. 

 

 3.2 Tokenization 

Two separate tokenizers were employed to handle the input text effectively: 

 BertTokenizer: Utilized for preparing inputs for the BERT module. 

 RobertaTokenizer: Employed to tokenize inputs for the RoBERTa module. 

Each tweet was independently tokenized using both tokenizers. To enrich the context, an 

enhanced combined text format was constructed by concatenating the tweet text with its 

corresponding keywords and locations using special delimiters (e.g., “[SEP]”). This approach 

clearly demarcates different parts of the input, allowing each model to distinguish between the 

core tweet and its metadata. 

 3.3 Model Architecture 

The proposed hybrid model, referred to as ModernRoBERTa, integrates the strengths of both 

BERT and RoBERTa through parallel processing: 

 BERT Module: Loads the pretrained `bertbaseuncased` model, with an added dropout layer 

to mitigate overfitting. 

 RoBERTa Module: Loads the pretrained `robertabase` model, also followed by a dropout 

layer. 

 Mean Pooling: Each module applies a mean pooling operation on the token embeddings, 

weighted by the attention masks to focus on nonpadding tokens, resulting in a fixedsize 

768dimensional feature vector per module. 

 Fusion and Classification: The concatenated pooled outputs from both models form a 

1536dimensional feature vector. This vector is then passed through a series of fully connected 

layers with dropout and ReLU activation functions, culminating in a final binary classification 

layer. 
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 3.4 Detailed Model Architecture  

Let an input tweet be represented by the enhanced text T, which includes the tweet, keywords, 

and locations. This text is tokenized using both BERT and RoBERTa tokenizers, yielding token 

sequences 

 For BERT:  𝑋BERT = [𝑥1
BERT, 𝑥2

BERT, … , 𝑥𝑛
BERT]  

 For RoBERTa:  𝑋RoBERTa = [𝑥1
RoBERTa, 𝑥2

RoBERTa, … , 𝑥𝑛
RoBERTa]  

 

Each sequence is processed by its respective transformer module to produce hidden states: 

𝐻BERT = BERT(𝑋BERT) ∈ ℝ𝑛×𝑑 

 

𝐻RoBERTa = RoBERTa(𝑋RoBERTa) ∈ ℝ𝑛×𝑑 

 

where d = 768 is the hidden dimension of each model. 

A weighted mean pooling is applied using the attention masks 𝑀BERT and 𝑀RoBERTa: 
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ℎBERT =
1

∑ 𝑀𝑖
BERT𝑛

𝑖=1

∑ 𝑀𝑖
BERT

𝑛

𝑖=1

⋅ 𝐻𝑖
BERT   ∈ ℝ𝑑  

 

ℎRoBERTa =
1

∑ 𝑀𝑖
RoBERTa𝑛

𝑖=1

∑ 𝑀𝑖
RoBERTa

𝑛

𝑖=1

⋅ 𝐻𝑖
RoBERTa   ∈ ℝ𝑑 

 

These two vectors are concatenated to form a combined feature representation: 

 

ℎ = [ ℎBERT

ℎRoBERTa
] ∈ ℝ2𝑑 = ℝ1536 

 

Finally, this vector is passed through a series of fully connected layers with nonlinear 

activations and dropout. Let the operation of the fully connected layers be defined as: 

 

𝑧 = 𝑓(ℎ) = 𝑊3 ⋅ 𝜙(𝑊2 ⋅ 𝜙(𝑊1ℎ + 𝑏1) + 𝑏2) + 𝑏3 

 

where: 

• 𝑊1, 𝑊2, 𝑊3 are trainable weight matrices, 

• 𝑏1, 𝑏2, 𝑏3 are bias vectors, 

• 𝜙 is the ReLU activation function. 

 

The output (z) is then used for binary classification, typically passed through a sigmoid 

function to produce a probability estimate. 

𝑦̂ = 𝜎(𝑧) 

 4. Experimental Results 

Based on the training logs, the performance of the model was compared across different 

architectures.  

The table below provides the key metrics: 

           Model Accuracy (%) Precision (%)  Recall (%) F1 Score (%) 

BERT 88.5 87.0 89.0 88.0 

RoBERTa 89.0 88.0 90.0 89.0 

ModernRoBERTa 91.5 90.5 92.0 91.2 
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5. Discussion 

The proposed hybrid model, which integrates BERT and RoBERTa, demonstrates superior 

performance over individual transformer-based models for the task of disaster tweet 

classification. By leveraging two distinct transformer architectures, the model benefits from 

complementary strengths: BERT is known for its deep bidirectional understanding of context 

through its masked language Modeling strategy, whereas RoBERTa improves upon BERT by 

employing dynamic masking, larger training data, and removal of the next sentence prediction 

objective, making it more robust in handling noisy or informal language often encountered on 

social media platforms. 

The mean pooling mechanism applied to each model's hidden states enables the extraction of 

dense semantic representations that summarize the key information in the tweets while being 

resistant to padding artifacts. By concatenating the pooled vectors from BERT and RoBERTa, 

the model constructs a richer joint embedding that captures nuanced patterns in both the 

syntactic and semantic domains. 

Empirical results show that this fusion strategy consistently outperforms the baseline models 

in terms of classification metrics such as accuracy, precision, recall, and F1 score. This suggests 

that the ensemble style combination of transformer models is not only viable but also effective 

in real world, noisy NLP tasks like disaster tweet classification. Furthermore, the architecture 
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is flexible and can be extended by integrating additional language models or domain specific 

embeddings to further boost performance. 

 

6. Conclusion 

In this paper, we proposed a novel hybrid deep learning model for disaster tweet classification 

by combining the strengths of two prominent transformer-based architectures: BERT and 

RoBERTa. Through independent encoding of input tweets and the subsequent fusion of their 

pooled representations, the model effectively captures complementary semantic and contextual 

features. This dual-encoder architecture leads to improved robustness and accuracy, 

particularly in the challenging setting of social media text where noise, informal language, and 

abbreviations are common. 

Experimental results clearly demonstrate that our hybrid approach outperforms individual 

BERT and RoBERTa models across multiple evaluation metrics. The design not only benefits 

from BERT's bidirectional context Modeling but also RoBERTa's efficient training dynamics 

and adaptability to noisy input. 

Looking ahead, future work will aim to enhance the fusion mechanism by incorporating 

attention-based strategies or gating techniques to dynamically weigh model contributions based 

on the input. Additionally, the model can be extended to handle multilingual datasets, enabling 

broader applicability in global disaster monitoring systems. Integrating location-awareness, 

temporal analysis, and cross-platform data could further enrich the model's ability to support 

real-time disaster response and early warning systems. 
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