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Abstract. The rapid production of video content across digital platforms requires strong systems for extracting textualslogans 

in real time video.This paper represents DeTR-OCRi.e a novel framework that integrates DetectionTransformer(DETR) and 

Transformerbased Optical Character Recognition (TrOCR) to focuses on these difficulties. utilizing DETR’s set forecast pa-

radigm and TrOCR’s recognition ability to DeTR-OCR accomplishes end-to-end caption extraction from video streams. 

ICDAR 2017 Multi-Lingual Scene Text (MLT) and News VideosText datasets are used to test accuracy of proposed model. 

The system yields a mean Average Precision (mAP) of 0.82 and Character Error Rate (CER) of 0.09 on ICDARtogether with 

28 frames per second (FPS) for realtime achievement. Provisional analyses expose superiority over baselines like as Efficient 

and Accurate Scene Text Detector (EAST) and Tesseract,while destruction studies underscore the effectiveness of flexible 

frame sampling. Regardless of challenges with lowcontrast text, DeTR-OCR suggestions a promising outcome for live sub-

titling and accessibility with concrete way for future improvements in video text processing. 

 

Keywords: Video Caption Extraction, Detection Transformer, Optical Character Recognition, Real-Time Processing, Trans-
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1 Introduction 

The enriching domain of video description extractionthat is essential for enhancing accessibility and enabling automated con-

tent investigation, has observedanoutpouring in scholarly attention owing to its multilayered applications. This studyrepresents 

DeTR-OCRan innovative framework that combined effort for Detection Transformer (DETR) with transformbased Optical 

Character Recognition (OCR) to focus the difficult challenge of removingsubtitles from videos in real time environment. The 

speedyproduction of video content beyondthe platforms like as news broadcasts, online lectures and social media highlights the 

need for healthy systems capable of accurately identifying text in dynamic visual frameworks [1]. Traditional methodologies-

frequentlydependent on exploratorybased detection and predictable OCR, defer when challenged with the complexities of vid-

eo surroundingstogether with motion blur, mixed fontsand multilingual text [2]. 

 

Carion et al. [3]introduced DeTR-OCR impacts the transformative likely of DETR, whichgestateitem detection as a set pre-

diction task, removing the need for anchorbasedmachines. This approachattached with transformerbased OCR techniques like 

asTrOCR [4] which offers a promising path for overcoming the boundaries of prior systems. The significance of realtime 

processing cannot be excessive, predominantly for applications like as live subtitling and accessibility improvements for the 

visually diminishedwhere latency is a thoughtful factor [5]. Existing outcomes, although effective in static image situations, 

attempt to preserve accuracy and effectiveness in video streamsas noted in overallinvestigations [6]. 

 

The motivation for this study, the subdivision from the gap in participating advanced transformer architectures for through-

outthe video subtitle extraction. By connecting DETR’s worldwide attention mechanisms and TrOCR’sstrong text acknowl-

edgment capabilities, DeTR-OCR aims to deliver aneven solution that balances precision with computational productivity. The 

framework estimated on the ICDAR 2017 multi language Scene Text (MLT) [7] and NewsVideosText [8] datasetsthatmakes 

availabledifferent and challenging video situations. This study contributes to the area by proposing aninnovative integration of 
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transformer-based techniques offering insights into their applicability for real-time video processing and concrete the way for 

future advancements in automated subtitlingsystems [9]. 

 

2 Literature Review 

The area of video text abstraction and captioning has witnessed a pattern shift from heuristic-based approaches to deep learn-

ing and more newly i.e. transformer-based architectures. This segment reviews the development from traditional OCR engines 

to the state-of-the-art Transformer techniques which identifying the specific research gaps that our DeTR-OCR agenda ad-

dresses. 

2.1 Traditional OCR and Early Text Detection 

Early methods to Optical Character Recognition (OCR) depend on heavily on handcrafted features and experimental algo-

rithms. The most projecting example is Tesseractdescribed by Smith [2], which uses a pipeline of adaptive thresholding to 

associated component analysisand line outcome to identify characters. While Tesseract served as a robust open-source bench-

mark for document scanning, it exhibits significant limitations in natural scene environments. As not in early computer vision 

literature [2][17], traditional engines struggle with the noise, blur, and complex backgrounds inherent in video frames because 

they were designed for high-contrast, static document images. 

 

Fig. 1.Generalarchitecture of a traditional video text extraction system 

To address the limitations of static OCR in wild environments, researchers initially turned to synthetic data generation. Gup-

ta et al. [15] demonstrated that training Fully-Convolutional Regression Networks (FCRN) on synthetic text superimposed on 

natural images could significantly improve localization performance. Their work highlighted that deep learning models require 

vast amounts of diverse data to generalize to the arbitrary fonts and orientations found in the wild, a concept that remains rele-

vant for training modern transformer models. 

2.2 The Deep Learning Era: CNNs and ResNets 

The advent of Convolutional Neural Networks (CNNs) revolutionized feature extraction and scene text detection. A corner-

stone of this era was the introduction of Deep Residual Learning (ResNet) by He et al. [12]. They addressed the "degradation 

problem" in deep networks by introducing skip connections (residual blocks), allowing for the training of significantly deeper 

networks (e.g., ResNet-50, ResNet-101) without vanishing gradients. ResNet became the standard backbone for feature extrac-

tion in almost all subsequent computer vision tasks, including the object detection models used as baselines in this study. 
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Building on these supports, approaches like as EAST (Efficient and Accurate Scene Text Detector) [17] expressed text de-

tection as a solid prediction task. EAST significantly enhanced speed and accuracy over traditional approaches by eliminating 

intermediate steps like candidate combination. Concurrently, early video captioning frameworks commenced combining CNNs 

for visual encoding with Recurrent Neural Networks (RNNs) or Long Short-Term Memory (LSTM) networks for sequence 

generation [22, 28]. For example, Pan et al. projected LSTM with Transferred Semantic Attributes to connection the gap 

among visual cues and language generation [23][31]. 

Though, these anchor-based and segmentation-based approaches suffer from inherent boundaries. They depend on heavily 

on post-processing phases like Non-Maximum Suppression (NMS) to remove duplicate bounding boxes. NMS is investigati-

vesensitive and differentiablewhich prevents true end-to-end training. Additionally, CNN-based indicators often struggle with 

arbitraryformed text and fail to detention global context due to their limited receptive fields. 

2.3 The Transformer Revolution 

A fundamental shift happened with the overview of the Transformer architecture by Vaswani et al. [9] in their formative work 

"Attention Is All You Need." They projected a network based exclusively on self-attention mechanisms, dispensing with recur-

rence and convolutions completely. This allowed for parallelization and modeling of long-range needs in datawhich transfor-

medto Natural Language Processing (NLP). 

This architecture was subsequently improved for computer vision. Dosovitskiy et al. [13] anticipated the Vision Transformer 

(ViT)demonstrating that a pure transformer applied straight to sequences of image patches could outperform state-of-the-art 

CNNs on image classification responsibilities. Their work showed that the "inductive bias" of CNNs was not severely neces-

sary if the model could study global relationships by self-attention. 

Recent studies [29, 30] have additional highlighted the scalability of modernizers in handling compressed video captioning 

tasks. Sebban et al. [30] comparative study established that while classical models offer lesser latency on CPUs, the transfor-

mer models offer superior semantic understanding when accelerated via GPUs which making them perfect for high-accuracy 

applications. 

Though, the true standard shift for recognition tasks came with the introduction of the Detection Transformer (DETR) [X]. 

DETR reconceptualized the whole object detection pipelinetreating it like as a direct set prediction problem. 

2.4 End-to-End Detection and Recognition (DeTR-OCR Foundation) 

Our framework shapes specifically upon two groundcontravention transformer adaptations: 

a)DETR:Carion et al. [3] redeveloped object detection as a direct set prediction problem. Unlike earlier detectors (like 

YOLO or Faster R-CNN) that required hand-designed mechanisms like anchor generation, DETR operates a global loss that 

forces exclusive predictions via bipartite matching. This "set-based" global implication is critical for video OCR, as it make 

simpler the pipeline and handles obstruction better than anchor-based methods. 

b)TrOCR:. Parallel to detection, the recognition phase was transformed by TrOCR, proposed by Li et al. [4]. TrOCR is an 

end-to-end text recognition approach that uses a pre-trained image Transformer (ViT) for the encoder and a text Transformer 

(like BERT) for the decoder. Li et al. demonstrated that this architecture avoids the complexity of using Connectionist Tem-

poral Classification (CTC) loss. 

2.5 Key Findings 

Despite these advancements, a unified framework specifically for real-time video text spotting remains under-explored. Most 

existing systems treat detection (DETR) and recognition (TrOCR) as heavy, separate steps that cannot run at high frame rates 

(FPS). Recent works in streaming dense video captioning [29] attempt to handle long video streams but often sacrifice charac-

ter-level precision for sentence-level coherence. 

There remains a distinct gap for a unified framework that combines the set-prediction capabilities of DETR for robust detec-

tion with the sequence-modeling power of Transformers for recognition, specifically optimized for high-FPS performance. The 

predictableDeTR-OCR framework focuses this lacuna by participating these constructions to achieve realtime text removal 

without compromising accuracy in dissimilar video conditions. 

3 Methodology 

The DeTR-OCR framework considered for realtime video subtitlesubtraction using integrates Detection Transformer (DETR) 

with transformerbased Optical Character Recognition (OCR) to accomplishpowerful text finding and recognition in dynamic 

video environments. The methodology focuses the complications of video text extraction that enabling applications like as live 

subtitling that is accessibility enhancements and automated content moderation. 
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The DeTR-OCR methodology supports a structured pipeline to variation raw video input into precise textual captions in real 

time. The process makes with the achievement and annotation of video data from the ICDAR and NewsVideosText datasetsen-

suring a miscellaneous and representative measure for training and evaluation. Frames are extracted and preserved by a DETR-

based text detection component, which classifies text areas through bounding box predictions. These sections are trimmed and 

passed to a transformer-based OCR module for text recognition. Amalgamation is improved for real-time achievement using 

flexible frame selection and GPU acceleration. Training consists of pretraining on largescale of datasets and finetuning on the 

edited video quantitywith performance evaluated through detection, recognition and systemlevel metrics. The statistics are 

conducted on high level performance hardware and challenges like text inconsistency and motion blur are temporarily ad-

dressed. This movement ensures anadhesiveevolution from data preparation to deployment, balancing accuracy and effective-

ness. The pipeline is imagined in Figure 1, a flowchart that summarizes the sequential and repeated nature of the methodology. 

3.1 Dataset Description  

To ensure strong fabricationbeyond theauthentic type of video environments.In this study two types of datasets are usedsuch 

as ICDAR 2017 MLT and NewsVideos-Text. ICDAR Comprising 18,000 natural scene images across nine distinct languages 

and six scripts (Arabic, Latin, Chinese, and Devanagari), it introduces significant technical challenges such as multi-oriented 

text, varying scales, and diverse backgrounds. These images cover variations in orientation, background confusion, illumina-

tion and partial obstructions making them appropriate for training a robust transformer-based detector. The dataset also deliv-

ers detailed annotations such as bounding boxes and script labels which assistance improve text localization and recognition. 

 

Fig. 2.Sample frame from the ICDAR dataset demonstrating natural scene text detection.  

The NewsVideos-Text dataset contains of frames extracted from long broadcast videos and contains subtitles, tickers, banners 

and athletic graphics. These frames often contain challenges like motion blur, low contrast and solidity artifacts commonly 

seen in realtime streaming. Around 720,000 marked frames make it perfect for evaluating caption extraction in dynamic condi-

tions. 

Annotations were formed using different tools like Label Studio and CVAT with automatic OCR outputs physically cor-

rected for accuracy. Pre-processing like as histogram equalization and normalizationwas used to maintain consistency. 

 

 

Fig. 3.Sample frame from the NewsVideos-Text dataset viewing dynamic news. 

 

Overall, the combination of ICDAR and NewsVideos-Text delivers a various and realistic benchmark for enabling DeTR-

OCR to handle both static scene text and fast-changing video slogans effectively. 
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Fig. 4.End-to-endprocess for text detection and recognition. 

3.2 Data Acquisition and Annotation 

The DeTR-OCR framework trusts on the ICDAR and NewsVideos-Text datasets to provide a robust foundation for training 

and assessment. The ICDAR dataset, specifically the ICDAR 2017 Robust Reading Test on Multi-Lingual Scene Text (MLT) 

[7], includes 10,000 images with annotated text areas across numerous languagesincluding English, Chineseand Arabic, cap-

turing miscellaneous fonts, orientations and environmental situations. For videodetailed data, the NewsVideos-Text dataset [8], 

curated from 200 hours of televised news transmissionsincludes 720,000 frames mined at 1 frame per second. This dataset 

features dynamic text intersectionssuch as breaking news device and subtitles with comments for bounding boxes and tran-

scriptions, focusing challenges like motion blur and very lowcontrast text.these datasets producearound 7,30,000 remarked 

frames split into 70% training dataset, 15% validation and 15% testing dataset thatcategorized to ensure representativeness 

beyond the text styles and video genres. 

Annotation is achieved using LabelStudio [10] and CVAT [11] with bounding boxes describing text regions and transcrip-

tions capturing precise content. Automated OCR tools produce initial transcriptionswhich are manually proved to achieve high 

accuracy. The datasets are preprocessed to standardize frame resolutions to 1280x720 pixels and apply histogram leveling to 

enhance text visibility. This curation confirms that DeTR-OCR can generalize across diverse video scenarios to addressing 

complexities such as multilingual text, fluctuating font sizes and partial occlusions. 

4 Proposed Framework 

The DeTR-OCR architecture participates a DETR-based text detection component with a transformer-based OCR module, 

each leveraging transformer machineries for robust performance. Below, the transformer architecture and its application in 

both modules are described in detail that is followed by essentials of the DETR and OCR components. 

 

                                  Fig. 5.Workflow of proposed methodology 
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4.1 Transformer Architecture 

The transformer, presented by Vaswani et al. [9], is a neural network architecture that depend on self-attention mechanisms 

to model relationships in consecutive data, originally developed for natural language processing but broadly adopted in com-

puter vision. A transformer contains of an encoder and a decoder each containing multiple layers of interconnected nodes. The 

encoder procedures input data (e.g., image features or text tokens) to make contextualized representations while the decoder 

produces output arrangements (e.g., bounding boxes or text). 

The essential component is the multi-head self-attention apparatus which calculates attention scores across input elements to 

detention long-range dependencies. For an input sequence  X =  𝑥1 , 𝑥2 , … , 𝑥𝑛   , the consideration mechanism is defined as: 

 Attention 𝑄, 𝐾, 𝑉 = softmax  
𝑄𝐾𝑇

 𝑑𝑘
 ⋅ 𝑉       (1) 

Where  𝑄 = 𝑋𝑊𝑄 ,  𝐾 = 𝑋𝑊𝐾 and 𝑉 = 𝑋𝑊𝑉  are query, key and value projections, (𝑊𝑄 , 𝑊𝐾 , 𝑊𝑉 ∈  ℝ𝑑×𝑑𝑘 ) are learnable 

weights, and (𝑑𝑘 ) is the dimension of each attention head. Numerous heads allow the model to appear to different features of 

the input concurrently, enhancing representational capacity. The output of individually attention layer is accepted through a 

feed-forward neural network and normalized using layer normalization. 

In DeTR-OCR, transformers are adapted for vision tasks, with the DETR module using a transformer encoder-decoder for 

object detection and the OCR module employing a vision transformer (ViT) encoder and text decoder for recognition. 

4.2 DETR Text Detection Module 

The DETR module, based on Carion et al. [3], treats text detection as a set prediction problem, eliminating traditional com-

ponents like non-maximum suppression. It employs a ResNet50 backbone, pre-trained on ImageNet [12], to extract feature 

maps from input frames, which are flattened and fed into a transformer encoder. The encoder, with six layers, processes these 

features to produce contextualized representations. The decoder, also with six layers, uses 100 object queries to predict bound-

ing boxes ((𝑥mi n ,  𝑦min , 𝑤, ℎ )) and binary class labels (text/non-text). Each query is a learnable embedding that attends to en-

coder outputs via cross-attention, enabling direct set prediction. 

The DETR loss function combines bipartite matching, bounding box regression, and classification losses: 

ℒ𝐷𝐸𝑇𝑅 = 𝜆1ℒ𝑚𝑎𝑡𝑐 ℎ  𝑦 , 𝑦 + 𝜆2ℒ𝑏𝑜𝑥   𝑏 , 𝑏 + 𝜆3ℒ𝑐𝑙𝑎𝑠𝑠   𝑐 , 𝑐    (2) 

Where ℒ𝑚𝑎𝑡𝑐 ℎ  is the Hungarian matching loss ensuring unique assignments, ℒ𝑏𝑜𝑥  combines L1 and IoU losses, ℒ𝑐𝑙𝑎𝑠𝑠  is the 

cross-entropy loss, and 𝜆1 = 1.0, 𝜆2 = 5.0 and 𝜆3 = 2.0 are weights. This architecture confirms precise text region recognition 

in complex video frames. 

4.3 OCR Text Recognition Module 

The OCR moduleencouraged by TrOCR [4], influences a vision transformer (ViT) encoder to process collected text regions 

and a transformer decoder to generate character sequences. The ViT encoderbased on Dosovitskiy et al. [13]divides input im-

ages into 16x16 patches, implants themand developments them through 12 transformer layers to produce feature representa-

tions. The decoderwith six layersautoregressively produces text by attending to encoder outputs and previous tokens.  

4.4 Training  

Training DeTR-OCR includes pre-training and fine-tuning. The DETR module is pre-trained on the COCO dataset [14] for 

overall object detectionwhile the OCR module is pre-trained on SynthText [15] and ICDAR-MLT [7]. Fine-tuning is achieved 

on the combined ICDAR and NewsVideos-Text datasetwith DETR familiar for text-specific queries and OCR optimized for 

video artifacts like motion blur. Data extension includes random scaling, rotation, color jitteringand synthetic blur injection. 

Training durations 70 epochs for DETR and 150 epochs for OCR. Hyperparameters are enhanced via grid search, balancing 

convergence and accuracy. 

Experiments apply an NVIDIA 4080 GPU (12 GB) and AMD Ryzen Thread ripper 3970X CPU, with PyTorch 2 and Hug-

ging Face Transformers [16]. Hyperparameters include batch sizes of 8 (DETR) and 16 (OCR)learning rates is 2e-4 and 1e-5 

and AdamW optimizer with weight falling-off of 1e-4. A cosine tempering scheduler enhances convergence. This setup sup-

ports scalable training and real-time implication. 

5 Results and Discussion 

This section accuratelyexplains the empirical outcomes of the DeTR-OCR framework, which synergizes Detection Trans-

former (DETR) with transformer-based Optical Character Recognition (OCR) for real-time video caption removal, together 

with an analytical discourse on their implicationsICDAR 2017 Multilingual Scene Text (MLT) dataset [7] is a popular and 

tested dataset for extracting text from images, so we consider this one for testing our proposed model, and NewsVideos-Text 
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[8] datasets is also considered for second opinion point of view for checking accuracy, the performance metrics include text 

detection, recognition accuracy and system-level productivity.  

5.1 Performance on Real-Time Video Caption Extraction 

The DeTR-OCR framework determinestough performance across numerous video circumstances calculating the ICDAR 

and NewsVideos-Text datasets. For text recognition, the mean Average Precision (mAP) at an Intersection over Union (IoU) 

threshold of 0.5 reaches 0.82 on ICDAR and 0.78 on NewsVideos-Textas revealed in Table 1. These outcomesreplicate the 

DETR module’s efficiency in recognizing text regions betweenmixed fonts and dynamic backgrounds. To understanding the 

performance that is measured by Character Error Rate (CER) and Word Error Rate (WER), return CER values of 0.09 and 

0.12, separatelyon the two datasetswith WER at 0.15 and 0.18. the systemlevel productivity quantified by frames per second 

(FPS) and averages get 28 FPS on an NVIDIA A100 GPU and positioning with realtime concern for live subtitling applica-

tions. 

Table 1.Performance Metrics of DeTR-OCR on ICDAR and NewsVideos-Text Datasets 

Dataset mAP Precision Recall CER WER FPS 

ICDAR 2017 0.82 0.85 0.80 0.09 0.15 29 

NewsVideo-Text 0.78 0.81 0.76 0.12 0.18 27 

The highermAP on ICDAR can be attributed to its static image-based text, which attitudes fewer challenges than the dy-

namic intersections in NewsVideos-Text. 

 

5.2 Comparative Analysis with Baselines 

To contextualize DeTR-OCR’s performance andassessments were conducted against state-of-the-art methods, including 

EAST [17] for text recognition and Tesseract OCR [2] for recognition, as well as the end-to-end TransDETR framework [18]. 

Table 2 reviews the results on the NewsVideos-Text dataset. DeTR-OCR outperforms EAST to achieving a 0.78 mAP@0.5 

compared with EAST’s 0.71,it indicates that proposed method is good for text detection.due to DETR’s transformer-based set 

prediction, which alleviates anchor-based restrictions. Against Tesseract, DeTR-OCR decreases CER from 0.19 to 0.12, which 

indicates that character error rate is reducing. reflecting the transformer-based OCR’s robustness to video-specific artifacts.  In 

case of WER the value is also reducing from 0.24 ,0.20 to 0.18. Another parameter is FPS which is mainly used for efficiency 

of method. Trans-DETR, while inexpensive with a 0.75 mAP and delays in FPS (22 vs. 27), prominenceDeTR-OCR’s optimi-

zation for realtime processing. 

Table 2.Comparative Performance on NewsVideos-Text Dataset 

Method mAP CER WER FPS 

EAST 0.71 - - - 

Tesseract - 0.19 0.24 - 

TransDETR 0.75 0.15 0.20 22 

DeTR-OCR  0.78 0.12 0.18 27 

 

The comparativeadvantage of DeTR-OCR focusses the effectiveness of integrating DETR’s global attention mechanisms 

with TrOCRencouraged recognition [4], though TransDETR’s performance proposespossible for hybrid approaches in upcom-

ing iterations. 

5.3 Ablation Study and Feature Analysis  

This section estimates the immersion of main components like as flexibleframe sampling, support selection and Loss Weigh-

tingto the totaleffectiveness and accuracy of the DeTR-OCR framework. 

5.4 Impact of Adaptive Frame Sampling 

Adaptive Frame Sampling plays a vitalpart in nourishing realtime performance. All the researches on the NewsVideos-Text 

dataset showed that disabling this module then reduced FPS from 27 to 18 (a 33% decline) with approximately no gain in accu-

racy (mAP from 0.78 to 0.79). This approves that adaptive sampling is most important for nourishing realtime speed without 

surrenderingrecognition quality. 
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5.5 Backbone Efficacy (ResNet-50 vs Others) 

The DeTR module handling ResNet-50 as the sustenance to balance feature richness and numerical efficiency. Deeper mod-

els like ResNet-101 suggestion slightly better features but significantly decrease FPS, making them inappropriate for real-time 

use. Though a pure ViT encoder delivers stronger global context, its high computational cost limits its probability under a 28-

FPS constraint. Thus, ResNet-50 remains the best trade-off for this system. 

5.6 Loss Weight Analysis 

Training constancy in DETR be contingent on proper weighting of the loss components. The final weights are 

λ₁=1.0 (matching loss) 

λ₂=5.0 (bounding box loss) 

λ₃=2.0 (classification loss) 

were initiate to be most effective. A higher weight on bounding box loss confirms tighter, more precise localization, which 

directly progresses OCR performance. The classification and corresponding loss weights help maintain reliable predictions and 

avoid duplicate detections, protective the set-based prediction behavior of DETR. 

6 Limitations and Challenges 

Despite its healthy performance DeTR-OCR faces several limitations. Text heterogeneity, as well as multilingual fonts and 

irregular orientations, occasionally mains to missed detections, particularly in ICDAR’s various scripts [4]. Motion blur and 

low-resolution text in NewsVideos-Text impair recognition errors like as evidenced by elevated WER. Realtime restrictionsen-

forcealgorithmic trade-offswith FPS irregularlytumblingunder 25 in highresolution videos. These challenges flourishingresults 

in previous work on video OCR [8],progressive context combination could ease dynamic objects. Additionally, the frame-

work’s need on high level performance GPUs limits useropenness in resourceconstrained environments, a concern also 

wellknown in transformerbased models. 

 

The experimentaloutcomes and limitations cover the technique for future enhancements. Integrating temporal modelinglike 

as frequent transformer layerscould advance handling of motion blur by utilizing inter-frame dependencies. Multiresolution 

processingas explored in present DETR variants [19]. They may improve detection of low-contrast text. Optimizing for supe-

riority devices through innovative quantization techniques could extend deployment scenarios. Additionally, increasing the 

dataset to include more multilingual and lowtype quality videos would support generalizability, addressing lacunas identified 

in ICDAR estimations [20]. These guidelines align with developing trends in realtime vision systems [21], promising to increa-

seDeTR-OCR’s applicability. 

7 Conclusion and Future Work 

This studyobtainableDeTR-OCR, a combinedtransformer-based system DETR for text detection and TrOCR for recognition to 

accomplish real-time video slogan extraction. Outcomes on ICDAR 2017 MLT and NewsVideos-Text demonstration high 

detection accuracy (mAP 0.82), low recognition error (CER 0.09)and real-time performance (~28 FPS). 

Related with EAST, Tesseractand TransDETR, the framework realizes better speed and accuracyconfirming the efficiency 

of the integrated approach. 

Though some challenges remainsuch as motion blur, low-contrast text, multilingual variability and GPU requirement. future 

work can progress performance through temporal attention, multi-resolution detection and lightweight transformer models. 

DeTR-OCR suggestions a strong source for automated and real-time subtitlemining in practical audiovisual applications. 
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