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ABSTRACT 

Research evolution and trends in computer vision (CV) are important for understanding the field’s landscape. 

Trends show which topics are gaining attention, while evolution reveals how those topics change over time. Un-

derstanding both helps researchers gain insight into CV and anticipate emerging areas of focus. However, the 

rapid growth of publications makes such detection challenging. This paper aims to detect research evolution and 

trends in CV using topic modeling (TM) and large language model (LLM) techniques. The study applies TM and 

LLM approaches to papers from leading CV conferences, Computer Vision and Pattern Recognition (CVPR), 

International Conference on Computer Vision (ICCV), and Winter Conference on Applications of Computer Vision 

(WACV), published between 2013 and 2023, totaling more than 21,000 papers, using only abstracts and titles. 

The TM methods used are Latent Dirichlet Allocation (LDA) and Bidirectional Encoder Representations from 

Transformers for Topic Modeling (BERTopic), which generate keywords that represent topics. LLMs then refine 

these topics to support better analysis. The results show that research evolution and trends are easier to identify 

from abstracts than from titles, with BERTopic outperforming LDA in internal validity based on coherence metrics 

and external validity based on human judgment. In addition, the topics evolved from traditional image processing 

tasks in earlier years to a stronger focus on deep learning and, more recently, generative approaches. Integrating 

TM techniques with LLMs enhances the detection of evolving research themes and trends in CV. This approach 

provides a clearer understanding of the field's development and helps anticipate future directions. 
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I. INTRODUCTION 

NDERSTANDING the evolution, trends, and research opportunities in a field can provide a deeper 

understanding of the state of the art (SOTA), which is highly beneficial for peer review 

stakeholders [1]. For researchers, understanding SOTA helps determine research directions, 

identify gaps, and find the most appropriate current methods [2]. For reviewers, this knowledge is useful 

for assessing novelty, evaluating contributions offered, and providing feedback aligned with the latest 

developments [3]. For editors, SOTA helps maintain the reputation and scope of journals and attract 

more high-quality submissions (citation). The urgency of effective peer review through a deep 

understanding of SOTA can be addressed by a smart system for detecting research evolution and trends. 

Specifically, such a system should be able to identify evolution, trends, and research development 

opportunities, which can be categorized into four sub-questions: (i) popular topics, (ii) less favored 

topics, (iii) topics with stable popularity, and (iv) research development opportunities. Furthermore, the 

system needs to provide an interactive visualization of the detected trends so that users can understand 

them more easily. 
At present, several studies have aimed to develop systems for detecting research evolution and trends. These 

studies use the topic modeling (TM) approach to identify topics that represent the development of a scientific field 

over time. This approach has been applied in various fields, such as informatics and other engineering areas [4], 
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[5], social sciences [6], [7], economics [8], [9], and medicine [10], [11]. Specifically in the CV-related field, trend 

detection has been applied in two studies: one [12] employed a dynamic topic modeling approach on large-scale 

CV papers, while another [13] implemented Latent Dirichlet Allocation (LDA) on papers related to the application 

of deep learning in the CV domain. Literature reviews indicate several research gaps, particularly (i) the absence 

of studies on the evolution of research topics focusing solely on computer vision, (ii) the lack of studies using 

papers from the most prestigious and specialized conferences in computer vision, (iii) the tendency of existing 

studies to focus on keyword extraction methods without capturing more recent approaches such as Large Language 

Models (LLMs), which limits interpretability, and (iv) the absence of studies comparing topic validity based on 

paper titles and abstracts. Together, these issues contribute to a limited and less comprehensive understanding of 

the evolution of topics in computer vision research. 

This research aims to develop an automated model for detecting research evolution and trends in CV. Trends 

indicate the popularity of research topics, while evolution highlights changes in those trends over time. CV was 

selected because of its scientific prominence, broad range of applications, strong market demand, and substantial 

investment. The foundation for detecting the evolution of research topics is a collection of papers from three pres-

tigious conferences in the field of computer vision: Computer Vision and Pattern Recognition (CVPR), Interna-

tional Conference on Computer Vision (ICCV), and Winter Conference on Applications of Computer Vision 

(WACV). Topics are extracted from the collection of papers by focusing on titles and abstracts, as these sections 

provide concise summaries of the papers’ overall content. This study employs Latent Dirichlet Allocation (LDA) 

and Bidirectional Encoder Representations from Transformers for Topic Modeling (BERTopic) [14]. Furthermore, 

this paper leverages a recent technology, the Large Language Model, to refine the generated topics. Evaluation is 

conducted based on internal validity using coherence metrics and external validity through human judgment. 

More specifically, this paper reports several findings: (i) BERTopic outperformed LDA on two evaluation cri-

teria, namely coherence scores and manual or human judgment, based on the generated keywords, (ii) LDA was 

ineffective in detecting research evolution and trends because it mostly produced generic machine learning terms 

rather than CV-specific terms, (iii) BERTopic was effective in identifying research evolution and trends by pro-

ducing creative, in-depth, and CV-specific keywords, (iv) the use of abstracts as the dataset provided more in-

formative keywords representing evolution and trends than titles, (v) topics evolved over time, with early years 

focusing on typical image processing tasks, middle years adopting deep learning, and recent years emphasizing 

generative approaches, and (vi) the use of LLM helps refine the generated topics and makes them more readable. 

II. RELATED WORKS 

This section reviews existing work on detecting research trends in CV and other areas of computer 

science. The review focuses specifically on trend detection in the development of research areas 

themselves, rather than on their applications in other domains. For example, instead of examining trends 

in the use of artificial intelligence within the business domain, we focus on understanding how artificial 

intelligence has evolved over time as a field. Table 1 presents studies on research trend detection in 

computer science-related domains. 

Several researchers have applied various topic modeling techniques to identify trends across different 

research areas in computer science. One of the most widely used methods is Latent Dirichlet Allocation 

(LDA). For instance, a study by [15] used LDA to explore trends in deep learning, identifying its core 

research themes and their evolution. Research by [13] applied LDA specifically to deep learning for 

computer vision, providing insights into how computer vision has advanced within the broader deep 

learning context. The study of [16] employed LDA in cybersecurity, revealing popular topics and 

emerging areas in that domain. Following this, studies by [17], [22] extended the application of trend 

detection in computer science. The usefulness of LDA is also reflected in studies focusing on specific 

domains, such as blockchain by [23], IoT by [20], [27], information security by [26], and gamification 

by [28]. Furthermore, the study by [21] used LDA to explore trends in software development, providing 

a broader view of evolving software engineering practices. The paper by [18] employed a structural 

topic model to identify trends in IoT security, offering context-sensitive insight into the challenges and 

advances within this domain. Similarly, the paper by [16] on the use of LDA in cybersecurity highlights 

its effectiveness in uncovering key research directions. 

More advanced methods have emerged to capture the complexity of evolving research fields. For 

instance, dynamic topic modeling (DTM) was used by [24] to analyze computing scientific literature, 

enabling the study of temporal changes in academic topics. Similarly, the paper by [12] applied DTM 

to understand research progression within computer vision, providing valuable insight into its temporal 

dynamics. In addition, BERTopic, applied by [25] in the language model domain, has shown potential 
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in handling nuanced and context-aware trend analyses. Its ability to extract semantically rich themes 

offers a significant advantage over traditional methods in detecting emerging topics. The rise of large 

language models (LLMs) has also introduced transformative approaches to trend detection. The paper 

by [31] used the SOLAR 10.7B LLM to analyze academic texts, enabling the discovery of complex and 

emerging patterns in academic writing. These models represent a significant advance over traditional 

topic modeling techniques. 

III. RESEARCH METHOD 

This paper develops a smart system to detect research evolution and trends in computer vision (CV) 

using topic modeling and a large language model. We use paper collections from three leading 

conferences under the Computer Vision Foundation (CVF): CVPR, ICCV, and WACV, from 2013 to 

2023. The topic detection system analyzes the titles and abstracts of papers from each conference. We 

used two approaches to better understand the generated topics: (i) Bidirectional Encoder Representations 

from Transformers for Topic Modeling (BERTopic) [14] and (ii) Latent Dirichlet Allocation (LDA) 

[32]. The LLM, Gemini [33], is used to refine the generated topics for better visualization. 

As shown in Figure 1, the proposed system consists of several stages. First, this paper collects titles 

and abstracts from ICCV, CVPR, and WACV. Second, data preprocessing is performed to remove noise 

TABLE 1 
RELATED WORKS 

Year Research Focused Task Method 

2019 [15] Deep Learning Latent Dirichlet Allocation 

2019 [13] Deep Learning for Computer Vision Latent Dirichlet Allocation 

2020 [16] Cybersecurity Latent Dirichlet Allocation 
2020 [17] Computer Science Latent Dirichlet Allocation 

2021 [18] IoT Security Structural Topic Model 

2022 [19] Sentiment Analysis Latent Dirichlet Allocation 
2022 [20] IoT Latent Dirichlet Allocation 

2022 [21] Software Development Latent Dirichlet Allocation 

2022 [22] Computer Science Graph based topic modelling 
2022 [23] Blockchain Latent Dirichlet Allocation 

2023 [24] Computing Scientific Literature Dynamic Topic Modeling 
2023 [25] Language Mode BERTopic 

2023 [26] Information Security Latent Dirichlet Allocation 

2023 [27] IoT Latent Dirichlet Allocation 

2023 [28] Gamification Latent Dirichlet Allocation 

2023 [29] Mobile Robot Latent Dirichlet Allocation 

2023 [12] Computer Vision Dynamic Topic Modeling 
2024 [30] Metaverse Latent Dirichlet Allocation 

2024 [31] Academic Text Large Language Models using SOLAR 10.7B 

 

 
Figure 1. Proposed System for Research Trend Detection on CFV Conference Papers. 

 



Jurnal ELTIKOM :  
Jurnal Teknik Elektro, Teknologi Informasi dan Komputer 
 

27 

and fill in any missing content. Third, the main process detects research evolution and trends using TM 

and LLM. Finally, the analysis is conducted based on the generated keywords representing the topics 

through internal validation (coherence) and manual or human judgment. 

A. Dataset 

Both paper titles and abstracts are collected using crawling techniques from the CVF website. From 

the three conferences, approximately 21,146 papers were obtained, consisting of 21,146 titles and 21,146 

abstracts. More specifically, the number of papers from each conference is as follows: CVPR, 12,868 

papers; ICCV, 6,449 papers; and WACV, 1,829 papers. CVPR focuses on the use of machine learning 

for image and video understanding, while ICCV emphasizes three main areas: pattern recognition, object 

recognition, and image segmentation. WACV, in turn, focuses on adversarial learning, adversarial at-

tacks, and generative models in images, videos, and 3D applications. The number of papers available 

for each conference varies, and these papers are openly accessible on the CVF website.  

Next, data preprocessing is performed. The paper data obtained through the automatic scraping pro-

cess contains formatting and cleanliness issues. At this stage, we clean tags such as HTML attributes 

('\n', '\t', '\r'), remove stopwords ('in', 'on', 'at', etc.), and perform stemming and lemmatization to reduce 

words to their base forms ('equations' to 'equation', 'modules' to 'module', etc.). Through preprocessing, 

we aim to optimize the LDA and BERTopic algorithms in detecting the list of keyword topics discussed 

in the paper titles and abstracts. The paper distribution is shown in Figure 2. 

B. Latent Dirichlet Allocation (LDA) 

Latent Dirichlet Allocation (LDA) is a generative probabilistic model used for topic modeling, intro-

duced in 2003, in which documents are treated as mixtures of topics, with each topic defined by a dis-

tribution over words. The main parameters of LDA include α (alpha), β (beta), θ (theta), ϕ (phi), w, and 

z. The α (alpha) parameter regulates the probability that multiple topics will appear in a document; 

higher α values produce a wider variety of topics, whereas lower values produce fewer, more dominant 

topics. The β (beta) parameter influences the lexical diversity of themes, with higher values producing 

broader vocabulary and lower values resulting in more specialized topics. The θ (theta) parameter de-

notes the distribution of topics within a document, indicating the probability of each topic’s occurrence, 

and it is derived from a Dirichlet distribution characterized by α. The ϕ (phi) parameter denotes the 

distribution of words for each topic, indicating the probability of each word within that topic, parame-

terized by β. The w component denotes the actual observed words in the documents, which are assumed 

to be generated from topics according to the distribution ϕ. Finally, z represents the latent assignment 

 
Figure 2. The Distribution of Computer Vision Foundation (CVF) Papers. 

 



Jurnal ELTIKOM :  
Jurnal Teknik Elektro, Teknologi Informasi dan Komputer 
 

28 

for each word, indicating the topic that produced that term. These assignments originate from a multi-

nomial distribution derived from the document’s topic distribution, θ. Overall, these elements enable 

LDA to represent documents as combinations of topics, with each topic characterized by a distribution 

of words, thereby capturing complex relationships among documents, topics, and words. 

C. BERTopic 

BERTopic is a topic modeling technique that uses embedding technology (BERT) and class-based 

Term Frequency-Inverse Document Frequency (c-TF-IDF) to produce topic clusters. The use of word 

embeddings offers substantial advantages, including improved interpretability in topic identification, 

stronger semantic understanding of the generated keywords that represent topics, and greater coherence 

among keywords. The process begins with an input text corpus, which BERTopic converts into embed-

ding representations through two steps: tokenization and embedding creation. This phase produces an 

embedding representation that captures the semantic relationships within the text. The next phase in-

volves the use of Uniform Manifold Approximation and Projection (UMAP), which is a dimensionality 

reduction method [34]. This reduction is important because it preserves semantic relationships while 

reducing computational complexity. The clustering stage uses Hierarchical Density-Based Spatial Clus-

tering of Applications with Noise (HDBSCAN) [35], which produces topic clusters. The clustering re-

sults are then processed by c-TF-IDF to identify the most representative words or phrases in each cluster. 

The number of topics generated by BERTopic is variable because the HDBSCAN algorithm determines 

the most suitable number of topic clusters. 

D. Gemini for Topic Refinement 

Gemini 1.5, developed by Google, is an advanced multimodal large language model (LLM) capable 

of processing text, audio, video, and many other data types, while handling contexts of up to 10 million 

tokens [33]. Its foundation is based on a Sparse Mixture-of-Experts (MoE) architecture that selectively 

activates relevant subsets of model parameters for each task, enabling efficient and scalable computa-

tion. This architecture, together with training on diverse datasets and instruction tuning through human 

input, enables Gemini to produce coherent outputs across various tasks, including long-document anal-

ysis, video understanding, and low-resource language translation. A notable characteristic is its capacity 

for in-context learning, which allows it to adapt to new tasks during inference without explicit retraining. 

Using the Gemini API, we performed topic representation tasks with optimized LLM sampling tech-

niques. We set the temperature to 0.8 to enhance nuance and creativity, while Top-P (0.95) and Top-K 

(64) limited the model to the most likely token probabilities. This combination ensured high-quality, 

coherent outputs, enabling precise, interpretable topic representations. Additionally, we used the “gem-

ini-1.5-pro-latest” model. The Python program asks Gemini to generate short topic labels based on key-

words using the following prompt: “Based on these [KEYWORDS], determine a concise and relevant 

label that accurately represents the overall topic in 5 words or fewer” 

E. Experiment Scenario 

The experiment to detect research evolution and trends was conducted using two scenarios. The first 

scenario applied detection to the title dataset, followed by the second scenario, which applied detection 

to the abstract dataset. Both scenarios used a cleaned dataset produced through preprocessing and trans-

formation. The research trend detection experiment on the title and abstract dataset was conducted using 

LDA as the baseline method and BERTopic as the contemporary method. In each scenario, the generated 

keywords representing topics were evaluated through internal validation using coherence and external 

validation based on manual or human judgment [36]. For each manual evaluation scenario (1 CV re-

searcher or expert), the assessment was based on key elements of research evolution and trends, such as 

the produced terms (generic or specific), CV-related terms (high or low), the depth of CV terms (deep 

or superficial), variation in CV-related terms (high or low), terms related to CV applications (high or 

low), the ability to capture recent updates (effective or ineffective), and the ability to detect research 

trends over the years (effective or ineffective). Following this, an analysis comparing the effectiveness 

of titles and abstracts was conducted. Note that LDA was designed to produce between 1 and 10 topics, 

while BERTopic was designed to generate a maximum of 10 topics. Finally, the generated topics were 

refined using the LLM Gemini for better interpretation. This refinement stage was intended to make the 

generated keywords more readable for humans by improving presentation and insight. 
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IV. RESULTS 

This section presents the analysis of the generated topics and their corresponding keywords produced 

by LDA and BERTopic. To enable a comparative analysis between titles and abstracts, this paper divides 

the conference period into three categories: early years (2013-2015), middle years (2016-2019), and 

recent years (2020-2023). This division allows a clearer understanding of how the research focus has 

shifted and developed over time. 

A. Topic Detection Based on Title 

Detecting research trends based on titles reveals several notable patterns. The effectiveness of 

BERTopic over LDA is also shown in Figure 3 by comparing the highest coherence scores produced by 

both methods. BERTopic demonstrates superiority in coherence scores over LDA across all confer-

ences. This indicates that BERTopic performs better in generating more coherent and relevant topics 

across various CVF conferences. Furthermore, BERTopic’s superiority can be seen in Figure 4, which 

illustrates the coherence scores obtained for topic numbers ranging from 1 to 10. However, in WACV, 

TABLE 2 

COMPARISON OF KEYWORDS PRODUCED BY BERTOPIC AND LDA WHEN DETECTING RESEARCH TRENDS USING TITLES 

Conferences 

BERTopic LDA 

Number 

of topics 
Keywords 

Number 

of topics 
Keywords 

CVPR 2013 1 
tracking, object, visual, multiple, target, multi, 

pursuit, latent, pose, real 
6 

object, model, image, approach, detection, da-

taset, propose, method, paper, state 

CVPR 2014 1 
tracking, online, target, object, visual, multi, 
occlusion, robust, multiple, motion 

8 
method, image, model, state, proposed, approach, 
based, art, propose, data 

CVPR 2015 2 
tracking, target, tracker, multi, correlation, 

adaptive, foreground, reliable, object, multiple 
9 

image, feature, object, approach, state, art, video, 

dataset, descriptor, representation 

CVPR 2016 7 
network, neural, convolutional, deep, architec-

ture, using, learning, pooling, vision, random 
2 

action, image, object, video, model, dataset, 

method, approach, frame, network 

CVPR 2017 10 
flow, optical, stereo, camera, based, slow, fast, 
interpolation, correspondence, accurate 

9 
image, network, data, method, object, dataset, 
learning, video, feature, cnn 

CVPR 2018 5 

visual, question, answering, attention, lan-

guage, reasoning, generation, dialog, learning, 

grounding 

5 
image, model, approach, method, art, training, 

based, state, dataset, using 

CVPR 2019 10 
navigation, language, path, trajectory, vision, 

imitation, prediction, agent, lstm, visual 
8 

model, network, method, image, task, learning, 

propose, video, based, approach 

CVPR 2020 10 

reinforcement, learning, driving, simulation, 

embodied, environment, agent, meta, interac-

tive, free 

2 
method, image, model, network, dataset, task, 
object, state, art, approach 

CVPR 2021 8 
action, temporal, recognition, activity, super-

vised, localization, weakly, video, spatio, actor 
2 

image, method, model, task, propose, supervised, 

network, training, approach, learning 

CVPR 2022 10 
federated, learning, heterogeneous, privacy, 
data, client, iid, heterogeneity, local, personal-

ized 

9 
model, task, transformer, learning, video, image, 

vision, object, attention, training 

CVPR 2023 7 
stereo, view, depth, multi, estimation, dispar-
ity, ray, consistent, using, gated 

5 
training, model, image, task, pre, learning, video, 
method, dataset, text 

ICCV 2013 1 
action, recognition, event, video, complex, ac-

tivity, detection, learning, interaction, feature 
3 

image, method, model, problem, data, propose, 

proposed, approach, algorithm, object 

ICCV 2015 1 
tracking, visual, online, multiple, filter, object, 

learning, multi, weighted, spatially 
9 

method, image, model, object, based, problem, 

paper, propose, approach, data 

ICCV 2017 3 
pose, estimation, human, hand, monocular, 
rgb, object, real, learning, robust 

8 
image, model, approach, state, network, task, ob-
ject, art, end, feature 

ICCV 2019 9 

architecture, search, distillation, neural, net-

work, knowledge, training, sequential, data, 
product 

10 
method, image, feature, network, dataset, state, 

learning, art, model, task 

ICCV 2021 4 
pose, human, estimation, hand, mesh, shape, 
motion, body, regression, using 

3 
image, learning, method, model, based, network, 
dataset, domain, data, representation 

ICCV 2023 10 

federated, learning, communication, global, 

personalized, vertical, client, personalization, 
iid, overlapping 

9 
model, task, training, learning, data, method, per-

formance, image, propose, class 

WACV 2020 7 
retrieval, image, answering, question, content, 

text, exploring, search, modal, visual 
7 

image, network, method, detection, object, ap-

proach, learning, using, dataset, feature 

WACV 2021 4 
retrieval, text, visual, image, graph, identifica-

tion, learning, teacher, student, table 
6 

method, dataset, network, class, model, object, 

image, feature, state, art 

WACV 2022 2 
video, action, temporal, supervised, recogni-
tion, segmentation, self, multi, audio, learning 

1 
image, method, model, learning, domain, ap-
proach, data, task, propose, training 

WACV 2023 5 

action, temporal, recognition, transformer, 

skeleton, network, spatio, contrastive, based, 

multi 

8 
method, feature, based, model, training, image, 

state, attention, art, dataset 
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BERTopic stops generating topics when the number reaches 6 because of its reliance on vocabulary size 

and clustering methods. Specifically, the clustering algorithm (HDBSCAN) determined that 6 was the 

optimal number of dense clusters based on the document embeddings and the limited vocabulary size, 

as mentioned earlier. 

Turning to the topics generated by both methods, the keywords produced by LDA tend to be more 

general, whereas BERTopic produces more specific keywords. For instance, BERTopic presents appli-

cation-specific terms such as “multi-object tracking" through keywords like “multi”, “object”, and 

“tracking”, and “action recognition" through keywords like “action" and “recognition”. In contrast, the 

keywords produced by LDA tend to reflect broad CV terms such as “algorithm”, “method”, and “da-

taset”. Furthermore, the LDA keywords appear to cover a wider area of machine learning rather than 

focusing specifically on the CV domain. As a result, the evolution of topics in CVF papers can be rec-

ognized more easily through the keywords produced by BERTopic. Table 2 presents the topic detection 

 
(a) 

 
(b) 

 
(c) 

Figure 3. Comparison of the Highest Coherence for all Conference Categories Based on (a) CVPR; (b) ICCV; (c) WACV 

 

 
Figure 4. Comparison of Coherence Scores Between BERTopic and LDA Based on Titles. 

 
(a) 

 
(b) 

 
(c) 

Figure 5. Comparison of the Highest Coherence for All Conference Categories Based on (a) CVPR; (b) ICCV; (c) WACV 
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results based on titles. Note that the topics presented in the table are represented by the 10 keywords 

with the highest coherence scores. 

In the early years, CVPR research focused on topics related to “object tracking and detection”, repre-

sented by keywords such as “tracking”, “object”, “visual”, and “multiple”. After that, the use of deep 

TABLE 3 

COMPARISON OF KEYWORDS PRODUCED BY BERTOPIC AND LDA WHEN DETECTING RESEARCH TRENDS USING ABSTRACTS 

Conferences 

BERTopic LDA 

Number 

of topics 
Keywords 

Number 

of topics 
Keywords 

CVPR 2013 7 
blur, image, noise, kernel, denoising, patch, 
deblurring, method, quality, deconvolution 

1 
model, learning, recognition, graph, human, 
video, based, activity, multi, cloud 

CVPR 2014 8 
image, blur, deblurring, method, denoising, al-

gorithm, gradient, result, proposed, problem 
3 

image, reconstruction, object, scene, learning, 

domain, via, recognition, video, tracking 

CVPR 2015 7 
saliency, salient, dataset, fixation, object, im-

age, visual, region, gaze, data 
9 

image, learning, visual, rank, video, metric, esti-

mation, based, dataset, object 

CVPR 2016 7 
question, image, visual, dataset, video, lan-
guage, sentence, description, text, answer 

10 
network, image, multi, object, visual, learning, 
neural, sparse, deep, convolutional 

CVPR 2017 2 
object, segmentation, semantic, detection, net-

work, approach, instance, task, image, model 
8 

deep, learning, network, detection, object, video, 

multi, recognition, feature, visual 

CVPR 2018 7 
image, network, method, rain, quality, resolu-

tion, end, based, proposed, state 
3 

image, learning, using, depth, domain, single, 

network, estimation, adaptation, deep 

CVPR 2019 7 
image, method, blur, network, resolution, real, 
super, model, deep, result 

5 
learning, network, image, neural, convolutional, 
recognition, deep, graph, scene, feature 

CVPR 2020 8 
reflection, image, scene, mirror, light, transpar-

ent, method, surface, illuminant, normal 
2 

image, network, learning, detection, object, atten-

tion, feature, graph, adaptive, via 

CVPR 2021 9 
forgetting, learning, incremental, task, contin-

ual, class, new, catastrophic, data, old 
9 

learning, representation, image, supervised, 

video, action, via, self, recognition, point 

CVPR 2022 9 
client, federated, fl, local, model, data, learn-
ing, gradient, privacy, global 

9 
deepfake, image, light, generalization, implicit, 
animation, cloning, affine, vanishing, field 

CVPR 2023 9 
client, federated, fl, data, learning, model, lo-
cal, global, privacy, server 

3 
image, learning, supervised, visual, detection, 
sketch, text, data, training, pre 

ICCV 2013 5 
saliency, gaze, salient, region, model, eye, im-

age, method, object, detection 
6 

recognition, action, image, occlusion, estimation, 

prior, human, segmentation, pose, structure 

ICCV 2015 5 
video, concept, image, description, visual, sen-

tence, language, phrase, word, text 
1 

learning, detection, image, object, deep, seman-

tic, segmentation, video, model, shape 

ICCV 2017 5 
person, tracking, object, feature, identification, 
video, method, tracker, id, frame 

7 
object, detection, network, video, using, based, 
convolutional, image, deep, learning 

ICCV 2019 8 
face, facial, landmark, expression, image, 

structure, method, model, identity, loss 
8 

image, segmentation, network, video, object, 

learning, deep, attention, detection, shot 

ICCV 2021 7 
search, quantization, architecture, nas, neural, 

precision, bit, space, network, accuracy 
2 

learning, supervised, segmentation, point, cloud, 

image, object, detection, representation, multi 

ICCV 2023 10 
matrix, solver, camera, problem, bundle, flag, 
point, fundamental, adjustment, minimal 

6 
detection, object, learning, supervised, via, semi, 
training, dataset, e, transformer 

WACV 2020 2 
image, model, face, gan, method, network, ap-

proach, training, generative, propose 
9 

detection, object, visual, multi, scale, network, 

self, approach, tracking, detector 

WACV 2021 2 
point, method, object, camera, depth, network, 

map, cloud, visual, estimation 
9 

network, prediction, image, application, video, 

uncertainty, learning, fast, convolutional, neural 

WACV 2022 5 
detection, based, stereo, method, object, image, 
map, view, lane, fusion 

3 
supervised, shot, self, multi, semantic, learning, 
segmentation, video, image, using 

WACV 2023 9 
attack, adversarial, defense, certified, based, 

perturbation, domain, sample, model, training 
6 

detection, segmentation, learning, video, object, 

image, semantic, training, via, supervised 
 

 
Figure 6. Comparison of the Coherence Scores Between BERTopic and LDA Based on Abstracts. 
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learning in computer vision began to emerge around 2016, indicated by terms such as “network”, “neu-

ral”, “convolutional”, “pooling”, and “deep”. In recent CVPR papers, the focus has shifted to more 

advanced learning techniques, such as reinforcement learning, reflected in keywords like “reinforce-

ment” and “learning”, and attention mechanisms, highlighted by terms such as “attention” and “trans-

formers”. Additionally, there is a stronger focus on privacy and data security, emphasized by terms such 

as “federated” and “privacy”. 

From 2013 to 2015, ICCV papers showed terms similar to those found in CVPR, such as action recog-

nition and object detection, through keywords like “action”, “recognition”, “object”, and “detection”. 

Interestingly, starting in 2017, BERTopic captures a trend in computer vision applications related to 

humans, indicated by keywords such as “object”, “pose”, “hand”, and “human”. In recent years, there 

has been a stronger focus on neural network architectures, supported by terms such as “neural”, “net-

work”, “knowledge”, “distillation”, and “learning”. Similar to CVPR, recent ICCV conferences also 

include terms like “federated” and “learning”, which point to a shared focus on privacy and data security. 

As the most recent conference, WACV shows more advanced topics than CVPR and ICCV. There is 

a strong emphasis on question answering, supported by terms like “question” and “answering”, which 

indicates the intersection between computer vision and natural language processing. This topic is further 

supported by keywords such as “retrieval”, “text”, and “visual”, which suggest work on multimodal 

learning and cross-domain applications. In recent years, there has also been a resurgence of action recog-

nition, which was prominent in the early years of ICCV. This resurgence is marked by terms like “ac-

tion” and “recognition”, along with the use of advanced models such as transformers, supported by 

keywords such as “transformer” and “attention”. 

B. Topic Detection Based on Abstract 

Experiments on detecting research trends using abstracts reveal several important findings. As shown 

in Figure 5, the coherence scores produced by BERTopic are generally higher than those produced by 

LDA across all conferences. Similar to the experiment conducted using titles, BERTopic performs better 

in generating coherent topics. Figure 6 further supports the superiority of BERTopic over LDA by show-

ing changes in the coherence scores of both methods across 1 to 10 topics. 

Table 3 presents the results of topic detection based on abstracts. It is worth noting that the quality of 

the generated keywords representing topics in LDA improves compared with those produced using ti-

tles. Although both algorithms demonstrate strengths in generating creative and domain-specific key-

words, the keywords produced by BERTopic appear more creative. While LDA generated typical CV-

specific terms such as “image”, “object”, “convolutional”, and “segmentation”, BERTopic generated 

not only CV-specific but also deeper and more contemporary keywords such as “catastrophic”, “illumi-

nant”, “adversarial”, and “federated”. 

The keyword analysis of CVPR using both methods shows a clear evolution in research focus over 

the years. In the early years (2013-2015), there was a strong emphasis on image processing to improve 

data quality, reflected in terms like “image”, “quality”, “deblurring”, “denoising”, “saliency”, and “re-

construction”. In the middle years (2016-2019), the focus shifted to more complex tasks such as question 

answering and image captioning, indicated by keywords like “image”, “text”, “question”, “answer”, and 

“description”. Additionally, the use of deep learning began to emerge, along with strong interest in im-

age segmentation and object detection. In the most recent years (2020-2023), notable differences ap-

peared between BERTopic and LDA. BERTopic tends to generate more advanced computer vision ap-

plications such as catastrophic forgetting, deepfake detection, and data privacy, indicated by keywords 

like “catastrophic”, “forgetting”, “deepfake”, “federated”, “learning”, and “fl”. In contrast, LDA still 

produces more common computer vision terms such as “segmentation”, “video”, and “image". 

A closer look at ICCV in the early years using both LDA and BERTopic shows that the keywords 

were dominated by standard computer vision terms, such as “region”, “recognition”, and “visual”. From 

2017 to 2019, BERTopic captured more discussion of human and object tracking, while LDA remained 

focused on generic computer vision terms with an emphasis on deep learning. In recent years (2021-

2023), both methods expanded their focus to algorithm improvement, including neural architecture 

search (NAS) and transformers, supported by terms like “quantization”, “neural”, “architecture”, 

“search”, “NAS”, and “transformer”. 

For WACV, themes such as object detection and image segmentation have remained consistently 

popular each year based on both methods. This is captured by LDA through keywords such as “object”, 
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“detection”, “image”, and “segmentation”. In the early years, there was a notable emphasis on Genera-

tive Adversarial Networks (GANs), indicated by BERTopic keywords like “generative" and “GAN”. In 

recent years, the focus has shifted to adversarial robustness, reflected in keywords such as “attack”, 

“adversarial”, and “defense" produced by BERTopic, while LDA remains more constant with typical 

computer vision terms. 

V. DISCUSSION 

A. Analysis Comparing Title- and Abstract-Based Research Trend Detection 

This paper proposes several elements to assess the keywords generated by LDA and BERTopic. Table 

4 compares the keywords representing topics produced by both methods. In general, BERTopic’s supe-

riority in achieving higher coherence scores is consistent with its effectiveness in capturing research 

trends, as measured by several indicators. When applied to titles, LDA is ineffective. When applied to 

abstracts, LDA becomes more competitive by producing computer vision-related terms, although these 

terms remain at a surface level and show limited variation. Compared with the results generated from 

titles, LDA performs more effectively when combined with the abstract dataset. It is worth noting that 

BERTopic leverages clustering algorithms and embedding models, which allow a better understanding 

of vocabulary data or corpora than traditional methods. By contrast, LDA relies on probabilistic calcu-

lations, which allow it to run faster while still offering useful insight. Overall, BERTopic consistently 

shows superior performance compared with LDA, indicating higher-quality generated topics and greater 

precision, with fewer overly common keywords. 

B. LLM-based Topic Representation 

This section discusses how the LLM approach, particularly Gemini, is used for topic representation. 

Specifically, the LLM is to refine the generated keywords so they are easier to understand, provide 

clearer topic insight, and offer better presentation, rather than relying only on the keyword lists produced 

by LDA and BERTopic. Note that the use of the LLM is intended as a supplementary step for the gen-

erated keywords. It is preferable to visualize the topic produced by BERTopic, as LDA is less effective 

for detecting research evolution and trends (see Table 4). 

The refined topics generated from titles are shown in Figure 7, while those generated from abstracts 

are shown in Figure 8. It can be seen that the same conference, in the same period, produces different 

refined topics. This difference is caused by the variation in the keywords generated from titles and ab-

stracts, which Gemini then uses to propose refined topics. This difference is expected because titles are 

typically written in 10 to 20 words, whereas abstracts may contain up to 250 words. This variety of 

refined topics enriches the understanding of research evolution and trends in the CV domain. Even so, 

it still captures the general trend for each period. For instance, in the early years (2013-2015), the topics 

emphasized typical image processing tasks such as object detection and visual tracking. In the middle 

years (2016-2019), deep learning terms became more dominant, including reinforcement learning, deep 

image, and visual-text processing. After that, the recent trend (2020-2023) across all conferences shows 

a similar pattern centered on generative approach-related terms such as “transformer”, “adversarial”, 

and “neural”, as well as machine learning security and privacy, including “federated learning”, “de-

fense”, and “personalized”. Because these trends are consistent with the analysis based on the generated 

keywords in the previous section, the use of the LLM makes the topics more human-readable. 

C. Topic Detection in Previous Work 

At present, several studies have applied various topic modeling techniques to identify trends across 

different research areas in computer science. Among these studies, only two [12], [13] focused on trend 

analysis in computer vision. These reviews indicate research gaps, particularly (i) the limited number of 

studies on the evolution of research topics focusing solely on computer vision, (ii) the lack of studies 

using papers from the most prestigious conferences in computer vision, (iii) the limited use of more 

recent approaches such as LLMs, which reduces interpretability, and (iv) the absence of studies com-

paring topic validity based on paper titles and abstracts. Together, these issues contribute to a limited 

and less comprehensive understanding of the evolution of topics in computer vision research. In addi-

tion, only a small number of existing studies address the temporal dimension of evolving research topics, 

which makes it difficult to gain insight into research evolution. Therefore, this paper offers a potential 

way to address these issues. 
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D. Dataset Research Limitation 

Although the LLM in this paper successfully provides better representations of generated topics, sev-

eral research limitations remain. When identifying research trends, researchers need more detailed in-

formation than research topics alone. More detailed information, such as algorithms, datasets, research 

problems, and performance, would improve researchers’ understanding of the current SOTA in specific 

topics. Therefore, future work should examine how information extraction techniques can be combined 

more deeply with topic modeling approaches, especially BERTopic. In this way, it may become possible 

to automatically extract a dynamic leaderboard or identify the current SOTA of a specific topic. More-

over, the role of the LLM could become more substantial, not only in topic refinement but also in guiding 

the extraction process. Using an LLM for topic refinement also presents several challenges. The refine-

ment process is sensitive to the prompt used. Furthermore, LLM output can be non-deterministic, mean-

ing each run of the same prompt may produce different labels or topic representations. The resulting 

labels also risk losing context because the refinement process relies only on generated keywords rather 

than the full document. For that reason, careful attention is needed in several areas, such as providing 

an appropriate list of topic modeling keywords, setting LLM parameters consistently, such as tempera-

ture, and introducing a mechanism that provides context representative of the original document. 

VI. CONCLUSION 

This paper has identified the evolution and trends in the computer vision domain based on three lead-

ing CV conferences. The experiments show that the modern topic modeling method, BERTopic, out-

performed the conventional LDA method in terms of internal validation (coherence) and external vali-

dation (manual or human judgment). BERTopic demonstrated its effectiveness in uncovering popular 

TABLE 4 

COMPARISON OF TOPIC DETECTION ON TITLE AND ABSTRACT 

Topic Modeling Methods Research trend indicators LDA BERTopic 

Title 

Produced terms Generic machine learning CV-specific 

CV-related terms Low High 

The depth of CV terms Surface Depth 

CV-related terms variation Low High 

Terms-related to CV application Low High 

Capturing recent update Ineffective Effective 

Detecting research trend over years Ineffective Effective 

Abstract 

Produced terms CV-specific CV-specific 

CV-related terms High High 
The depth of CV terms Surface Depth 

CV-related terms variation Low High 
Terms-related to CV application Low High 

Capturing recent update Quite Effective Effective 

Detecting research trend over years Quite Effective Effective 

 

 
Figure 7. Refined Topics Representation Based on Title. 

 
Figure 8. Refined Topics Representation Based on Abstract. 
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research topics (trends) and tracking topic changes over time (evolution). Furthermore, BERTopic pro-

duced consistent results when applied to both title and abstract datasets. Although the generated topics 

were represented by understandable keywords, the Gemini LLM improved the interpretability of these 

topics. The topics evolved as follows: in the early years, the focus was more on typical image processing 

tasks; in the middle years, it shifted to the adoption of deep learning; and in the most recent years, it 

emphasized generative approaches. In future work, we plan to explore information extraction techniques 

to provide more detailed information, such as algorithms, datasets, research problems, and performance. 

This additional detail will improve researchers’ understanding of the current SOTA of a specific research 

topic beyond topic evolution alone. In addition, the use of LLMs may be more effective for extracting 

detailed information than for topic refinement alone. 
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