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Abstract 

 As remote sensing technology continues to advancing, image analysis systems must 

efficiently manage substantial volumes of data. The incorporation of deep learning into distributed 

computing systems has become essential for addressing this demand, facilitating important tasks 

like object detection and real-time classification. This research methodically outlines the landscape 

of distributed machine learning for image analysis to pinpoint technological trends that can 

enhance network-centric imagery intelligence (IMINT). By employing a PRISMA-guided literature 

review and a bibliometric analysis of 59 publications from Scopus (2015–2026), we chart the field's 

progression from fundamental distributed computing to optimized, real-time analytical systems. 

Analyzing keyword co-occurrence and thematic synthesis uncovers significant clusters, including 

distributed deep learning, privacy-preserving collaboration, and edge-based inference. Based on 

this examination, we identify and assess key adaptable technologies like split computing, 

federated learning, and lightweight model optimization for their applicability in operational 

contexts defined by limited connectivity and decentralized resources. By aligning global research 

trends with specific national requirements, this review provides a strategic framework for 

developing resilient, efficient, and adaptive IMINT capabilities within a network-centric paradigm. 
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INTRODUCTION  

The advancement of imagery intelligence (IMINT) technologies in recent years has 

primarily been influenced by studies in remote sensing, environmental monitoring, precision 

agriculture, and urban surveillance systems. Techniques based on machine learning, particularly 

Convolutional Neural Network (CNN), have become essential for core tasks such as object 

detection and image classification due to their superior capability in extracting hierarchical spatial 

features from complex geospatial datasets (X. Chen et al., 2025). Even with the arrival of newer 

models such as Transformers, CNN continue to be a leading and practically advantageous option 

for distributed IMINT systems. Their established architecture, thorough optimizations for parallel 

and edge processing, and clear understanding of the compromises among accuracy, latency, and 

resource use render them exceptionally appropriate for incorporation into operational 

frameworks that are resource-limited and network-centric (He et al., 2016; Howard et al., 2017).  

Emerging computational paradigms such as distributed computing architectures, edge AI, 

and federated learning are increasingly being designed and optimized around CNN-based 

workflows to enable rapid, resource-efficient, and decentralized analysis (J. Chen & Ran, 2019; Liu 

et al., 2024). This research path corresponds with the essential requirement to improve IMINT 

systems in a network-centric operational framework, which necessitates strong, adaptable, and 

scalable analytical abilities, even in the face of considerable computational and infrastructural 

limitations (Gomes et al., 2025).  

These technical specifications are particularly important in the present landscape of 

Indonesian defense system. Adityayuda et al. (2024) points out that while advanced technologies 

like Artificial Intelligence (AI), radar, and CCTV can greatly enhance detection abilities, issues such 

as inconsistent infrastructure and the preparedness of human resources continue to be significant 

hurdles in establishing effective remote sensing systems for detecting potential threats in border 

regions. The dependability of a national surveillance system relies not just on advanced 

algorithms, but also on a strong basis of digital infrastructure and secure communication (Zwane 

et al., 2018).  

Consequently, incorporating the technical concepts discussed such as a robust edge-cloud 

infrastructure, privacy-focused collaborative learning, and a streamlined and effective computing 

model could be a practical approach to enhancing Indonesia's IMINT framework. These strategies 

are specifically designed to provide high-fidelity analytical capabilities within environments 

characterized by heterogeneous connectivity, limited bandwidth, and decentralized resources 

(Atre et al., 2021). By implementing and customizing such frameworks, Indonesia can strategically 

http://creativecommons.org/licenses/by-sa/4.0/
http://creativecommons.org/licenses/by-sa/4.0/


 

306 

IJEVSS, Volume 05 Issue 02, 2026 

 Copyright at authors some right reserved this work is licensed under a Creative 
Commons Attribution-Share Alike 4.0 International License 

avoid the necessity for large-scale, expensive infrastructure deployments. Instead, it can develop 

a resilient, scalable, and network-centric IMINT ecosystem that remains operationally effective 

even in remote or infrastructure-sparse border areas. 

The shift to these resilient systems, however, necessitates a thorough comprehension of 

the technologies that are best suited to these operational limitations, a topic that is still 

infrequently covered in recent IMINT literature reviews. Given this context, this article presents 

an extensive review utilizing bibliometric analysis of machine learning-driven image analysis in 

distributed systems. Through keyword co-occurrence analysis and thematic investigation of 

existing literature, this research aims to: 

1. Identify significant research trends and clusters in distributed image analysis. 

2. Highlight key architectures and methods that are best suited for adaptation to improve 

network-centric IMINT capabilities in Indonesia. 

 

METHODOLOGY 

This review follows the PRISMA guidelines to maintain a systematic and reproducible 

approach Moher et al. (2010) using the search parameters and inclusion criteria shown in Fig 1. 

The preliminary search produced 68 results. Research papers that focused solely on improving 

algorithms without offering system-level insights were excluded. As a result, the final review 

contains 59 publications. The titles and abstracts were assessed according to the specified 

inclusion criteria: 

1. The primary focus is on distributed, decentralized, or federated architectures for image 

analysis and machine learning. 

2. Attention is given to architectural design, optimization, scalability, and real-time 

processing capabilities. 

3. Applications explored include geospatial information, remote sensing, and surveillance 

contexts. 

Focusing on decentralized architectures is essential for managing national infrastructure 

challenges, such as limited connectivity and scattered data sources. By narrowing the scope to 

remote sensing and surveillance, this synthesis provides a practical framework to adapt global 

technological trends into efficient, and scalable imagery intelligence capabilities. 
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Fig.1 PRISMA Diagram 

 

A two-pronged analytical approach was employed to identify research trend patterns and 

insights, ensuring a comprehensive understanding of the research landscape. The metadata (titles, 

abstracts, and author keywords) of the 59 selected publications were imported into VOS viewer 

software. A co-occurrence analysis of author keywords was performed with a minimum 

occurrence threshold of five terms. This threshold was selected to ensure the identification of 

established thematic patterns while excluding peculiar phrases that do not represent broader 

research directions. This generated a network visualization map that reveals the dominant 

thematic clusters and their interconnections within the field of distributed image analysis. The 

Database: Scopus 
Search Field: Article Title 
Time Frame: 2015-2025 
Language: English 
Document Type: Conference Paper; Article  

( TITLE-ABS-KEY ( "machine learning" OR "deep 
learning" OR "CNN" OR "computer vision" ) 
AND TITLE-ABS-KEY ( "image analysis" OR 
"object detection" OR "image classification" OR 
"semantic segmentation" ) OR TITLE-ABS-KEY ( 
"geospatial intelligence" OR "satellite image" ) 
AND TITLE-ABS-KEY ( "network-centric" OR 
"distributed system" ) ) AND PUBYEAR > 2014 
AND PUBYEAR < 2027 AND ( LIMIT-TO ( 
DOCTYPE , "cp" ) OR LIMIT-TO ( DOCTYPE , "ar" 
) ) AND ( LIMIT-TO ( LANGUAGE , "English" ) ) 

Keywords String 

n = 68 Record Identified 

ML-based IMINT in Network Centric Operation 

Removed due to 
inclusion criteria 

Topic 

Scope & Coverage 

Record Included for 
Bibliometric Analysis 

n = 9 Record Removed 

n = 59 
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overlay visualization feature was further utilized to trace the temporal evolution of research focus 

from 2015 to 2026, identifying emerging trends. 

To enhance the insights derived from the temporal co-occurrence keyword network, a 

comprehensive thematic synthesis was conducted on the selected publications. This process 

included analyzing the literature to pinpoint recurring architectural styles, fundamental 

algorithmic strategies, and frequently mentioned implementation obstacles. The coding 

framework was specifically shaped by the operational limitations pertinent to Indonesia's IMINT 

situation, such as intermittent connectivity, decentralized data sources, and constrained edge 

resources. 

 

RESULTS AND DISCUSSION 

The temporal pattern identified in the co-occurrence analysis presented in Fig. 2 below 

demonstrates the evolution of research, starting with the foundational stage, where the focus is 

on establishing robust distributed systems, network security, and basic CNN architectures. This is 

followed by a convergence phase, where these infrastructures are integrated with specific 

domains like remote sensing to perform core tasks such as object detection. Finally, the field 

culminates in an optimization stage, characterized by distributed deep learning and computer 

vision. These advanced capabilities prioritize high-level efficiency through techniques like gradient 

compression and lightweight modeling, which are essential for operating within resource-

constrained environments. 

 
Fig.2 Temporal Map of Keywords Analyzed 
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Temporal Trend: Transitioning from Infrastructure to Smart Analytical Functions 

 The purple nodes signify the beginning stage of a research trend that examines the 

essential algorithms and infrastructure necessary for their advancement. Core concepts such as 

distributed systems, network security, and convolutional neural networks (CNN) represent the 

fundamental groundwork being established alongside. Initial studies concentrated on (a) 

distributed computing frameworks designed to manage substantial workloads, (b) security 

protocols to safeguard the systems and their information, and (c) the creation of the foundational 

algorithm (CNN) functioning as an image processing tool. For instance, Zhang et al. (2017) assesses 

various distributed computing platforms, while Gomez et al. (2019) investigates encryption 

methods to secure CNN models. This suggests that building contemporary IMINT systems 

demands a concurrent foundational investment in reliable and secure distributed computing 

infrastructure as well as proficiency in essential algorithms. 

The appearance of keywords in the blue-green nodes such as image analysis, object 

detection, and remote sensing indicates the convergence phase. Foundational infrastructure and 

algorithms (distributed systems + CNN) are combined and employed to address specific image 

analysis tasks within particular fields like remote sensing. Object detection serves as the primary 

application task that connects these elements. Binquan & Xiaohui (2019) focusing on distributed 

CNN for classifying targets in satellite images and Balti et al. (2019) exploring distributed systems 

for object detection in satellite imagery exemplify this phase perfectly. This stage could serves as 

a model for establishing its initial operational capabilities. The emphasis should be on integration 

initiatives that utilize distributed architectures and CNN for conducting object detection on 

remote sensing data, which is immediately beneficial for regional monitoring. 

Highlighted in bright yellow nodes, keywords like computer vision, distributed deep 

learning, and object recognition indicate the forefront of current research. The inclusion of 

computer vision as the final node signifies a more intricate layer of functionalities that have 

transcended basic image analysis and object detection, built upon converged systems. Object 

recognition serves as an illustration of a capability within this domain. This stage is marked by 

high-level optimization (distributed deep learning) aimed at efficiently implementing these 

advanced functionalities. Xie et al. (2025) research on gradient compression for distributed deep 

learning at the edge, along with Gandor & Nalepa (2022) addressing image compression trade-

offs for vision models, represents efforts to resolve efficiency challenges. This stage presents two 

key aspects: (1) An aspiration for advanced functionalities (computer vision, object recognition) 

that development can aim toward; (2) Essential optimization techniques that are crucial for 
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adaptation in Indonesia. These techniques facilitate the realization of these advanced 

functionalities in the final stage while navigating the infrastructure limitations that pose significant 

challenges (Adityayuda et al., 2024). 

 

Potential Technology Adaptation in Indonesian Network-Centric IMINT 

 To systematically identify the most suitable technological solutions for operational 

challenges inherent to IMINT development, this study synthesizes and categorizes key research 

findings into a curated reference catalogue, presented in Table 1. The selection of references for 

each category reflects a focused evaluation based on three criteria: the direct relevance of their 

technological contributions to overcoming specific Indonesian constraints (such as limited 

bandwidth and fragmented data), the conceptual maturity and proven efficacy of the proposed 

techniques, and the practical feasibility of their implementation within Indonesia's distinctive 

operational landscape characterized by diverse geography, and heterogeneous infrastructure 

 

Table 1. Key Technologies for Network-Centric IMINT Adaptation 

Solution 

Categories 

Key Technologies Operational 

Impact 

Reference 

Processing 

Architecture  

Cloud-Edge 

Computing 

Hierarchy, Resilient 

Dataflow, Fault 

Tolerant Model 

Ensuring continued 

detection at 

remote locations 

when the 

connection is 

unstable. 

Ntousis et al. 

(2025), Tu et al. 

(2021), Cheng et 

al. (2018), 

Boutellier et al. 

(2025) 

Distributed 

Collaboration & 

Security 

Federated Learning 

(FL), Privacy-

Preserving AI (DP, 

HE), GANs for Data 

Normalization 

Inter-agency 

intelligence 

collaboration that 

does not result in 

sensitive data leaks 

Gomez et al. 

(2019), Liu et al. 

(2020), Shen et al. 

(2023), Yang & 

Guo (2024) 

Resource & 

Communication 

Optimization 

Data Compression 

& Gradients, 

Lightweight Models, 

In-Network 

Computing 

High bandwidth 

efficiency for 

sensor data 

transmission at the 

border region 

Xie et al. (2025), 

Gandor & Nalepa 

(2022), Siddique et 

al. (2021), Song et 

al. (2021), Seo et 
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al. (2023), Han et 

al. (2021) 

 

Scalable Real-

Time Inference 

and Analysis 

Stream Processing, 

Real-Time Multi 

Object Tracking 

Pipeline, Multi-

Sensor Analysis 

Fast acceleration 

of situational 

awareness from 

UAV/Satellite. 

Karpiuk & Klym 

(2024), Do et al. 

(2024), Haq et al. 

(2025), Qiu et al. 

(2025) 

 

 Table 1 illustrates essential technologies from strategic research that should be integrated 

into the development of Indonesian IMINT systems. Within the context of Processing Architecture, 

the split computing approach that allocates the inference workload between the edge and the 

cloud (Cheng et al., 2018; Ntousis et al., 2025) as well as the fault-tolerant dataflow computing 

framework provide vital operational foundations (Boutellier et al., 2025). This architecture 

supports real-time task execution in remote areas with limited infrastructure, while ensuring 

system availability despite potential node failures or fluctuations in connectivity, which can be 

beneficial in difficult geographic areas. 

To bridge the gaps caused by data fragmentation and institutional information 

sovereignty, Distributed Data Collaboration & Security technology serves as a crucial solution. 

Federated Learning, augmented with adaptive differential privacy techniques as stated in Liu et 

al. (2020) and fully homomorphic encryption technique in Gomez et al. (2019), facilitates 

collaborative model training without requiring the centralization of sensitive datasets. Innovations 

like employing Generative Adversarial Networks (GANs) to standardize data variability from 

various sources in Shen et al. (2023) and utilizing graph-based FL algorithms for non-IID data in 

satellite constellations effectively address data heterogeneity while ensuring security and privacy 

(Yang & Guo, 2024). 

Effective operation of the system within the limitations of national infrastructure relies on 

resource optimization and communication factors as essential technical requirements. Advanced 

compression methods from Gandor & Nalepa (2022) applied both at the data (image) level and 

during distributed training gradients, greatly alleviate the bandwidth load, which frequently acts 

as a bottleneck (Song et al., 2021; Xie et al., 2025). Additionally, implementing in-network 

computing strategies and utilizing a lightweight microservices architecture shifts the 

computational load nearer to the data source, resulting in reduced latency, lower power 
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consumption, and diminished reliance on high-capacity hardware (Seo et al., 2023; Siddique et al., 

2021). 

Ultimately, the ability to perform Scalable Real-Time Inference & Analytics is essential for 

obtaining actionable insights. Stream processing frameworks based on publish-subscribe models, 

like Apache Kafka Karpiuk & Klym (2024), along with distributed Multi-Object Tracking (MOT) 

systems that combine deep learning with big data solutions as studied by Do et al. (2024), enable 

near-real-time integration, processing, and analysis of data streams collected from multiple 

sensors (UAVs, satellites, CCTV). These capabilities, further enhanced by spatial-temporal analytics 

and hybrid cloud-edge inference methods, are crucial for creating dynamic, precise, and 

responsive situational awareness that aids timely operational decision-making (Haq et al., 2025; 

Qiu et al., 2025). 

 

Aligning Trends with Flexibility: A Strategic Framework 

 Temporal analysis indicates a significant evolution in algorithms: transitioning from a large-

scale parallel computing model that managed batch processing to a more flexible distributed 

architecture geared towards stream processing and low-latency inference. This change 

corresponds with the shift in IMINT needs from post-mission evaluations to real-time actionable 

intelligence. The adaptation catalogue subsequently translates this progression into technology 

components that can be pragmatically combined. 

The interdependent connection is evident. Techniques such as gradient compression and 

split computing, created to alleviate bottlenecks in extensive deep learning systems, are essential 

enablers for Indonesia (Song et al., 2021; Tu et al., 2021; Xie et al., 2025). These technologies 

facilitate the execution of intricate models (computer vision) on constrained edge infrastructure, 

effectively allowing a bypass of the stage requiring substantial high-end infrastructure investment. 

Likewise, the rise of FL with privacy features is not merely a security approach; it represents a 

paradigm shift in algorithms that turns the limitations of data fragmentation into collaborative 

advantages (Liu et al., 2020; Shen et al., 2023). Rather than concentrating data, FL algorithms 

distribute the learning process itself, which is intrinsically more robust and well-suited for 

decentralized organizational frameworks. 

Therefore, the essential understanding is that adapting technology for Indonesian IMINT 

is less about embracing cutting-edge research outputs and more about utilizing fundamental 

algorithmic techniques stemming from each stage of research evolution to create a system 

tailored to specific constraints. The most strategic plan is to establish split computing and 
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compression as the core for efficiency, position FL as the foundation for data collaboration, and 

develop real-time analytical capabilities upon that base, thus creating a network-centric system 

that is naturally resilient, resource-efficient, and capable of organic development. 

 

CONCLUSION  

This study presents a systematic method for adapting global technological progress in 

distributed image analysis to improve Indonesia's network-centric IMINT capabilities. Temporal 

analysis trends effectively reveals evolutionary trends, transitioning from foundational 

infrastructure to domain integration and ultimately to advanced optimization, serving as a 

conceptual framework for the continuous enhancement of analytical skills.  

The novelty of this research lies in the development of a catalog of technology adaptations 

(Table 1) that links high-level algorithmic principles (such as split computing and federated 

learning) with solutions to the constraints of limited national infrastructure and fragmented data. 

The core idea of the proposed strategy is not to completely replicate advanced systems, but rather 

to deliberately engineer key algorithmic principles. By combining these principles, Indonesia can 

transform traditional barriers into drivers of innovation, creating a resilient, adaptive, and self-

sufficient IMINT ecosystem without relying on expensive, large-scale infrastructure procurement. 

 

FUTURE DIRECTIONS  

This research has a number of limitations. The analysis has not been validated through 

quantitative methods such as simulations or proof-of-concept assessments to confirm the 

effectiveness of the proposed technology integration within Indonesian infrastructure conditions. 

Additionally, the study mainly concentrates on technical aspects, while essential supportive 

elements like data policy, standardization, and workforce preparedness have not been thoroughly 

examined.  

For future research, two key directions can be pursued. First, it is essential to conduct 

technical validation through simulation modelling or small-scale pilot initiatives to evaluate the 

real performance of split computing architectures, Federated Learning, and data compression in 

environments with limited bandwidth. Second, the research should be broadened to include 

system governance aspects by developing a policy framework for data collaboration, 

cybersecurity, and a collaborative operating model to facilitate the deployment of these 

technologies within Indonesia's multi-agency intelligence ecosystem. 
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