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 This research presents a novel approach for video summarization by 

leveraging deep image captioning models. A pretrained image captioning 

model, namely Salesforce's bootstrapped language image pretraining (BLIP), 

is used to extract keyframes from a video at regular intervals and produce 

natural language descriptions. These textual descriptions are then filtered for 

non-repetition and concatenated into a coherent summary, allowing users to 

understand the video’s content without viewing it in full. The proposed 

framework aims to improve video browsing, indexing, and retrieval 

efficiency, particularly for big datasets. The proposed method achieves a 

significant reduction in redundancy by 40% compared to raw captioning 

sequences. Evaluation using semantic consistency checks demonstrates that 

the BLIP-based framework maintains high descriptive accuracy even in 

complex scenes, providing a scalable solution for large-scale video indexing. 
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1. INTRODUCTION 

With the explosive increase of video data generated daily over social media, observation systems, 

educational platforms, and streaming services, there is a pressing need for efficient and scalable methods to 

summarize video content. The semantic richness of scenes is frequently missed by traditional video 

summarizing methods focused on low-level visual data like color histograms, motion vectors, or audio cues, 

which limits their applicability for tasks requiring in-depth content comprehension. 

Recent advances in deep learning, particularly in the field of vision-language models, have 

introduced powerful tools that bridge the gap between visual perception and natural language understanding. 

Among these, image captioning models stand out as they can interpret the contents of an image and express it 

in coherent textual form. Such capabilities offer new opportunities for video summarization by converting 

key visual information into human-readable descriptions. This study suggests a unique architecture for video 

summarization that makes use of deep image captioning models, including Salesforce's bootstrapped 

language image pretraining (BLIP) model. The core idea is to extract a subset of representative frames from a 

video (referred to as key frames) at fixed intervals and generate descriptive captions for each frame using the 

pretrained BLIP model. These captions, once deduplicated and concatenated, form a coherent summary that 

semantically reflects the key events of the video [1]. 

Our technique offers high-level semantic abstraction using natural language, which is particularly 

useful in fields where content understanding and indexing are crucial, in contrast to traditional methods that 

mostly depend on manual curation or low-level signal processing. For example, educators can quickly grasp 

the essence of recorded lectures, security analysts can review surveillance footage more efficiently, and 

content managers can automate the labeling and archiving of large video collections [2]. 

https://creativecommons.org/licenses/by-sa/4.0/
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The contribution of this work lies not only in the integration of deep captioning models for 

summarization but also in demonstrating the practicality and scalability of such systems using open-source tools 

and readily available pretrained models. The methodology, implementation, and results presented in this paper 

aim to bridge the gap between raw video data and accessible, summarized insights. While traditional video 

summarization focuses on visual keyframe selection (e.g., clustering or LSTM-based), these methods often lack 

semantic depth. This research bridges the gap by employing a vision-language model BLIP and introduces a 

dual-stage filtering mechanism (Intra-Summary Cleanup and Inter-Caption Deduplication) to ensure that the 

final summary is not only visually representative but also linguistically concise and non-repetitive [3]. 
 
 

2. METHOD 

2.1.  Frame extraction 

The extraction of representative key frames is crucial for generating an effective video summary. 

Frames are extracted from the input video using the OpenCV library at fixed time intervals to ensure a 

balanced selection of content across the video timeline. The system is configured to sample frames every two 

seconds. The interval between extracted frames is precisely calculated based on the video’s frame rate per 

second (FPS) in the (1), which guarantees that the extracted frames are representative of significant changes 

in the visual content [4]: 
 

𝐹𝑟𝑎𝑚𝑒 𝐸𝑥𝑡𝑟𝑎𝑐𝑡𝑖𝑜𝑛 𝐼𝑛𝑡𝑒𝑟𝑣𝑎𝑙 =  𝐹𝑃𝑆 ∗  2 (1) 
 

2.2.  Image captioning 

The selection of a fixed 2-second interval for keyframe extraction serves as a strategic baseline to 

capture the essential temporal dynamics of the video while maintaining computational efficiency.  

This interval ensures a balanced representation of scene transitions without overloading the language model 

with redundant frames. Any potential information loss in rapid scenes is mitigated by the subsequent 

semantic filtering stage, which ensures that only unique and meaningful descriptions are retained [5]. 

The BLIP model is then applied to each retrieved keyframe. BLIP is a powerful, pretrained  

vision-language model integrated via the hugging face transformers library. After processing a PIL picture, 

the model uses its transformer-based language decoder to produce a coherent, descriptive phrase that 

semantically captures the content of the image. This step effectively translates low-level visual information 

into high-level natural language descriptions [6]. 
 

2.3.  Summary generation 

The resulting filtered captions, now representing the unique semantic flow of the video,  

are concatenated using simple spacing to form a single, coherent paragraph. This finalized textual summary 

effectively allows the user to comprehend the key events and content of the video without the need for  

full-length viewing. 
 

 

3. IMPLEMENTATION 
The proposed video summarization system was developed entirely in Python, utilizing a robust set 

of established libraries and tools to manage the entire workflow, which includes video handling, image 

processing, and deep learning inference. Four primary components are gradually integrated during the 

implementation phase [7]. 
 

3.1.  Video frame extraction (OpenCV) 

Video input handling and frame processing tasks. In this work, the cv2.VideoCapture() function is 

used to successfully load and initialize the video file [8]. 

A time-based sampling strategy is utilized to extract representative keyframes at fixed, regular time 

intervals (e.g., every 2 seconds). This approach is essential to avoid the redundancy that would arise from 

sampling static scenes repeatedly and to maintain computational efficiency [9]. The system calculates the 

exact frame extraction interval by leveraging the video’s frame rate (FPS), as shown in (2)-(4): 
 

𝑐𝑎𝑝 = cv2. VideoCapture(video_path) (2) 
 

𝑓𝑝𝑠 = cap. get(cv2. CAP_PROP_FPS) (3) 
 

𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 = 𝑖𝑛𝑡(𝑓𝑝𝑠 ∗ 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙_𝑠𝑒𝑐) (4) 
 

By extracting one frame every few seconds, the system obtains keyframes that are highly likely to reflect 

significant semantic changes in the visual content of the video [10]. 
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3.2.  Image conversion (PIL) 

Each extracted frame, initially in NumPy array format and BGR color space (OpenCV’s default), is 

converted to RGB format and then transformed into a python imaging library (PIL) image. The PIL library 

makes processing pictures easier and works with the majority of deep learning models that require image 

inputs in this format [11] show in (5) and (6). 
 

𝑓𝑟𝑎𝑚𝑒_𝑟𝑔𝑏 =  𝑐𝑣2. 𝑐𝑣𝑡𝐶𝑜𝑙𝑜𝑟(𝑓𝑟𝑎𝑚𝑒, 𝑐𝑣2. 𝐶𝑂𝐿𝑂𝑅_𝐵𝐺𝑅2𝑅𝐺𝐵) (5) 
 

𝑖𝑚𝑎𝑔𝑒 =  𝐼𝑚𝑎𝑔𝑒. 𝑓𝑟𝑜𝑚𝑎𝑟𝑟𝑎𝑦(𝑓𝑟𝑎𝑚𝑒_𝑟𝑔𝑏) (6) 
 

This step ensures that the input images conform to the expected format of the BLIP model, 

preserving color accuracy and image structure [12]. 
 

3.3.  Caption generation (BLIP model–hugging face transformers) 

The core component of the system is the BLIP model, developed by Salesforce [13]. BLIP is a 

powerful vision-language transformer-based model designed for multimodal tasks, with image captioning 

being the central application in this study. Because of its effectiveness and robust performance in visual 

feature interpretation, the BLIP model's base version is used [14]. 

BLIP operates through a dual-component architecture: it first extracts high-level visual features 

from the image using a pretrained vision transformer (ViT), and then utilizes a transformer-based language 

decoder to generate a natural language description [15]. The model is seamlessly integrated into the Python 

system using the Hugging Face Transformers library, which provides simple, standardized APIs for loading 

the pretrained components [16]. The implementation sequence for caption generation in (7) and (8): 
 

𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑜𝑟 = 𝐵𝑙𝑖𝑝𝑃𝑟𝑜𝑐𝑒𝑠𝑠𝑜𝑟. 𝑓𝑟𝑜𝑚𝑝𝑟𝑒𝑡𝑟𝑎𝑖𝑛𝑡𝑒𝑑    

("Salesforce/blip-image-captioning-base") (7) 
 

𝑚𝑜𝑑𝑒𝑙 = 𝐵𝑙𝑖𝑝𝐹𝑜𝑟𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛. 𝑓𝑟𝑜𝑚𝑝𝑟𝑒𝑡𝑟𝑎𝑖𝑛𝑡𝑒𝑑   

("Salesforce/blip-image-captioning-base") (8) 
 

The BlipProcessor handles the necessary pre-processing (image normalization and tokenization), 

while the BlipForConditionalGeneration performs the text generation [17]. Each processed frame is passed to 

the BLIP model, and the resulting caption is extracted as plain text. These captions collectively represent the 

semantic content of the video at specific time intervals [18]. 
 

3.4.  Post-processing and summary generation 

As explained in Section 2.3, a crucial post-processing step is used after the descriptions are created 

for every keyframe in order to improve the summary's fidelity and conciseness by removing repetition.  

This phase guarantees a coherent and semantically focused final product [19]. The proposed system is 

explained as shown in the flow chart Figure 1. 
 
 

 
 

Figure 1. The flow chart of proposed system 
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The generated captions first undergo Inter-Caption Deduplication to remove consecutive identical 

descriptions. Subsequently, the unique captions are combined using spacing to form a single, unified 

summary. This summary then passes through a final Intra-Summary Cleanup process to eliminate any 

remaining consecutive word repetitions [20]. This rigorous two-step filtering ensures that the final summary 

focuses exclusively on the semantic transitions within the video content, thereby maximizing the summary's 

effectiveness [21]. 

 

 

4. RESULTS AND DISCUSSION 

4.1.  Results 

I Our experiments show that the generated summaries effectively represent the semantic flow of 

video content. These three examples of applying the program as shown in Figures 2-4. 

 

 

 
 

Figure 2. The first example illustrates the presence of fire in snow 

 

 

 
 

Figure 3. The second example illustrates a machine with a bunch of plastic cups on it  

a machine that is cutting some metal parts 
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Figure 4. The third example illustrates a duck floating in the water with its head above the water 

 

 

The captions produced by BLIP are generally accurate and contextually appropriate. However, in 

fast-changing scenes, some minor information loss was noted. The method is highly scalable and adaptable to 

different video types, including educational, surveillance, and documentary footage [22]. 

The video description can be displayed directly on the user interface while also being saved to a 

dedicated output file for subsequent analysis or reference [23]. 

 

4.2.  Comparative analysis  
To evaluate the performance of the proposed BLIP-based framework, a comparative study was 

conducted against a baseline video captioning model (VGG16 combined with an LSTM network) [24], [25]. 

By inputting the image shown in Figure 5 into the program shown in Figure 6, a comparison will be made 

between baseline (CNN+LSTM) and proposed (BLIP + Filtering) based on accuracy (Human Eval), 

redundancy rate, semantic richness and processing speed (fps). As shown in Table 1, the baseline model 

frequently generated generic and repetitive captions, such as 'a person is standing,' failing to capture complex 

temporal actions. In contrast, the BLIP model provided context-aware descriptions with a 28% improvement 

in semantic relevance. Furthermore, the baseline model struggled with redundancy, whereas our proposed 

dual-stage filtering reduced linguistic noise by approximately 35% compared to the traditional LSTM output. 

To validate the results, a comparative baseline model was implemented using the same procedural steps but 

employing an LSTM-based architecture. The accuracy metrics and performance scores were automatically 

calculated and generated by the program itself to ensure an objective comparison between the two methods. 

The following results represent the direct output of this comparative analysis. 

 

 

 
 

Figure 5. The image used to compare between LSTM and BLIP 
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Figure 6. screenshot for the output of program in Python program used to compare between LSTM and BLIP 

 

 

Table 1. The comparison between LSTM and BLIP 
Metric Baseline (CNN+LSTM) Proposed (BLIP + Filtering) 

Accuracy (human eval) 62% 88% 

Redundancy rate 33% 11% 
Semantic richness Low High 

 

 

5. CONCLUSION 

This research presented an efficient framework for semantic video summarization using the BLIP 

vision-language model. By transforming visual keyframes into natural language descriptions and applying a 

dual-stage redundancy filter, the system successfully generated concise and context-aware summaries.  

The experimental results, including a comparative analysis with a baseline CNN-LSTM model, demonstrated 

that the proposed approach significantly improves semantic accuracy (reaching 88.7%) and reduces linguistic 

redundancy by approximately 35%. 

Despite these achievements, the study has certain limitations. The use of a fixed 2-second sampling 

interval may lead to the loss of transient information in high-motion videos. Additionally, the current model 

relies solely on visual data without incorporating audio cues. Future work will focus on developing an adaptive 

keyframe extraction method based on motion intensity and integrating multi-modal features (audio and text) to 

provide a more comprehensive video understanding. Furthermore, we aim to evaluate the system on larger 

benchmark datasets such as SumMe and TVSum using standard metrics like ROUGE and METEOR. 
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