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Abstract 

Deforestation and illegal logging remain critical environmental threats, driving biodiversity loss,  
climate change, and socio-economic disruption. Conventional monitoring techniques frequently do not 
yield real-time, large-scale insights. Recent developments in Artificial Intelligence (AI), especially in 
deep learning and computer vision, have revolutionized the ability to analyze high-resolution satellite 
images for detecting deforestation and monitoring illegal logging. This review synthesizes recent  
developments in AI-driven approaches, highlighting convolutional neural networks (CNNs), anomaly 
detection models, and data fusion frameworks for early-warning systems. Studies demonstrate that  
AI enhances deforestation mapping accuracy, enables real-time detection through UAV and IoT  
integration, and supports automated alert systems. Moreover, there is a growing exploration of  
advanced machine learning architectures, such as transformer-based models and hybrid deep learning 
frameworks, to enhance feature extraction and classification performance in various forest ecosystems. 
These methods allow for a more exact identification of subtle changes in land use and illicit activities. 
Furthermore, challenges such as data availability, model generalizability across ecosystems, and  
computational costs are identified. To guarantee these technologies are deployed responsibly, ethical 
aspects are addressed. These include data privacy, governance policies, and the necessity of  
transparent AI models. The paper concludes that AI-enabled remote sensing represents a paradigm 
shift in forest governance and climate resilience, with future opportunities in multi-sensor fusion,  
explainable AI, and cross-border monitoring frameworks. 
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INTRODUCTION 

The process of deforestation is among one of the most problematic ecological issues on the planetary 
level since it has greatly led to the loss of biodiversity, weather patterns, and loss of whole ecosystems. 
Intergovernmental panel on climate change (IPCC) estimates that, almost 10.0 per cent. of the total 

world greenhouse gasses is due to the loss of forest 
cover, which is mainly through agricultural 
activities, infrastructural development and illegal 
lumbering among others [1]. The fact that the world 
is losing its tropical forests and especially is an 
alarming one, as the cause of them being 
consumable is the usage of the so-called palm oil, 
soy, and timber. Besides the environmental 
alteration caused by the process, deforestation has 
resulted in disruption of the natives, poor carbon 
sequestration, and speeding up of the climate 
changes. There is thus a necessity of deriving these 
devastating activities and it must be monitored and 
controlled to ensure it improves climatic and 
sustainability agendas all over the globe. 
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 One such problem has been viewed by the use of satellite imagery which has been found to be effective 

in the photogeography of forest at large scale. The method of interpreting the manual, the methods of 

classification by rule, and even the visual inspection has been applicable throughout the decades when 

used on the classical methods of interpretation. The conventional means of such are however limited to 

the limitations of human subjectivity, lag in information, reduced accuracy on the small or even minor 

destabilization [2]. The other one is the discontinuity of the process of monitoring the manual due to 

the cloud cover, the sound of the sensor and the variation of the vegetation among the ecosystems. As 

it is known that the rate of deforestation increases, automatic, expandable and dependable systems are 

very desirable and they will allow one to discover quickly deforestation and take appropriate actions. 

 

AI and specifically machine learning and deep learning have been a factor that has come to act as a 

technological revolution in this respect. The AI models can also analyze large and high-resolution data 

sets and identify complex patterns, which were not feasible to identify using the human specialists [3]. 

Hyperspectral imagery, with the potential of seeing multispectral imagery, can tolerate the smallest 

vegetation change, monitor the change in land-use, and identify irregularities regarding forest 

disturbances [4]. Individually, time and space data captured by satellites like Sentinel, Landsat, and 

MODIS can be put to use in forecasting deforestation hot spot by both deep learning models 

(Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs)) to give predictive 

information [5]. 

 

The latest development has additionally transitioned to the interface of AI and Internet of Things 

(IoT) and Unmanned Aerial Vehicles (UAVs) and edge computing solution to stand a possibility of 

managing the procedure of surveillance and identification of illegal logging in near-real-time [6]. With 

an example, AI-based, imaging sensors may be installed on UAVs and used to scan the remotely forest 

space and give a warning in case of forming suspicious activity. In the same manner, the anomaly 

detecting algorithms that will be applied on the satellite data will be positioned to provide early 

warnings on unexpected instances of forest clearances hence enabling the agencies to take action before 

they take place [7].  

 

The purpose of this review paper is to summarize the existing uses of AI in the process of recognizing 

the deforestation and illegal logging process with a symbol of satellite imaging. It discusses the methods 

of deep learning, its opposedness with the traditional machine learning, combination of multi-sensor 

data and real time surveillance system and its integration. Besides, it is aware of the issues, related to 

the model generalizability, data access, and makes a discussion on the opportunities present in the future 

to extend the AI-based forest monitoring systems, to be utilized in supporting global environmental 

governance. 

 

LITERATURE REVIEW OF RECENT ADVANCES 

Deep Learning for Deforestation Detection 

The use of deep learning has already proved to be one of the most radical data analytics applied in 

monitoring deforestation since it can process vast satellite data and acquiring complex spatial-temporal 

characteristics. The deep learning processes can utilize hierarchical features learning and can thus 

identify less obvious vegetation cover, canopy construction and spectral indices change which might be 

used as a signature of disturbances in the forest unlike the archaic statistical or rule-based models [1], 

[2]. The Convolutional Neural Networks (CNNs) have acquired a significant accuracy in image 

classification, image segmentation, and image anomaly detection, and can be deployed to it a scale 

equal to the massive quantities of data stored in the Sentinel-2 and landsat-8 satellites and the 

MODIS..The applicability of CNNs in the process of detecting deforestation has been described in some 

of the research. Persello et al. [3] tested CNN-based models on Sentinel-2 time series to come up with 

early warning models of tropical forest loss. They could even infer that deep learning is very successful 

compared to manual inspection and pixel-based classification system especially in respect of detection 

of minor logging processes that is easily overlooked. Similarly, Wang et al. [4], used high-resolution 



 

International Journal of Satellite Remote Sensing 

Volume 4, Issue 1 

 

 

© STM Journals 2026. All Rights Reserved 3  
 

imagery relying on validation procedures based on AI to check perturbations at forests that were 

reported on coarser datasets, and this confirms the feasibility of the multi-resolution validation 

pipelines. 

 

The autoencoders and recurrent neural networks (RNNs) have also been used in monitoring 

deforestation. The RNNs especially the Long Short Memory (LSTM) networks can provide time such 

that vegetation may grow at varying times of the day [5]. It is in this occasion, the time series analysis 

comes in handy in distinguishing new changes of the season like shedding off of the leaves, and not the 

actual deforestation. In the meantime, it has suggested deep-activated autoencoder anomaly detector 

model with a view of detecting illegal logging that shows in anomalous spectral patterns [6]. The models 

reduce the necessity of using large datasets of labels which are not readily available in some instances 

especially on remote forest areas. The hyperspectral, multispectral and synthetic aperture radar (SAR) 

data is also utilized to enhance the deep models of learning. Himeur et al. [7] emphasized that AI data 

fusion minimizes the shortfall of cloud cover, in optical imagery, and enhances the power of the 

detectives in the various ecosystems. Indicatively, radar-type data can also be fitted which means that 

it is possible to monitor the state of the forests located in the equatorial areas where the presence of 

clouds is permanent. 

 

Despite these advancements, challenges persist in the practical application of deep learning for 

deforestation detection. First, models trained in one ecosystem often lack transferability to other forest 

types due to variations in vegetation density, spectral reflectance, and seasonal patterns [8]. Second, the 

high computational costs of training deep models on satellite imagery datasets remain a barrier, 

particularly for low-resource organizations and developing countries. Finally, issues related to 

explainability, and transparency hinder adoption by policymakers, as black-box models may provide 

accurate results without clear reasoning [9]. Nevertheless, the literature suggests that deep learning has 

redefined the standards of deforestation monitoring. CNNs, RNNs, and autoencoders provide superior 

accuracy, scalability, and early warning capabilities compared to traditional approaches. With ongoing 

research in transfer learning, explainable AI, and lightweight models, the next generation of deep 

learning systems is likely to make deforestation detection more accessible, interpretable, and impactful 

for global environmental governance. Figure 1 shows the accuracy comparison of deep learning models 

for deforestation detection. 

 

Comparative Studies: Machine Learning versus Deep Learning 

The application of the artificial intelligence into the monitoring of deforestation has rendered the 

comparative research helpful in the comparison of the old machine learning (ML) algorithms with the 

deep learning (DL) algorithms available now. Random Forest (RF), Support Vector Machines (SVM), 

 

 
Figure 1. Accuracy comparison of deep learning models for deforestation detection. 
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Decision Trees (DT) and Gradient Boosted Trees (GBT) based machine learning algorithms have also 

found applications in fields of environmental monitoring due to interpretability, comparatively low 

level of computation and performance of the algorithms on structured classification problems [10]. But 

finally, deep learning models and CNNs specifically are more accurate, scaling, and it can model high 

dimensional, satellite imagery images data than those other models [11]. The other notable ML method 

used in remote sensing is the implementation of the Rand Forest as it is the most powerful method, and 

it is not susceptible to overfitting. Using an example, Kattenborn et al. [12] only affirmed that RF was 

able to give trusted information on the classification of tropical forest disturbances in the event of the 

exposure to Landsat and Sentinel under the former location. The paper however remarked that RF was 

not as effective in logging in small scale and enhancing the study of canopy degradation as compared 

to CNN-based algorithms. Support Vector Machines have been successful in similar attempts to 

differentiate between forested and non-forest area but attempts to be extrapolated to the other 

ecosystems in general, in most cases are unsuccessful [13]. 

 

Deep learning on the other side has been found to work better with raw untouched satellite images; 
there is no manual feature engineering done. Wagner et al. [14] compared the RF, SVM, and CNNs 

with the Sentinel-2 data on deforestation and discovered that those disturbances of any magnitude were 

found to be the most numerous on the CNNs. The benefit of this is that CNNs can access hierarchical 
spatial information directly with pixel information as compared to machine learning networks that 

minimize an existing index like NDVI (Normalized Difference Vegetation Index). Even though the 
benefits of deep learning models are given, certain constraints are present including increased costs of 

computation, increased time of training as well as increased reliance on vast amounts of annotated data. 
Indicatively, Pandey et al. [15] stipulated that relative to CNNs, it worked better with illegally logged 

patches, and it demanded enormous training ground-truth data, which is not always available. On a 
negative side, machine learning ones are less demanding in the amount of data that it can process, and 

it can be implemented using a smaller amount of resources. The other field of disparity is the 
explainability field. RF models and SVM models may be more comprehensible (score on feature 

significance) and may be useful to the decision-making process of individuals in their making of their 
decisions on their policy and conservation. The black-box model though is deep learning and it hence 

cannot be justifiable in systems of policy making. Recent Explainable AI (XAI) innovations are trying 
to fill this gap but this does not permeate in environmental monitoring. 

 
Overall, comparative studies show trade off or trade off interpreting, computer performance, and 

accuracy. However, at the point that the project sizes and endowment of the applications resources are 

diminished, then no longer relevant are machine learning solutions, instead, deep learning solutions in 
mass and high frequency of the deforestations under detection. Most probably, the new opportunity will 

be the hybrid system, which would bring in the interpretability of ML and would not compromise policy 
and formulate accuracy of the DL. Figure 2 shows the performance comparison of machine learning 

and deep learning models in deforestation detection. 
 

AI for Real-Time Illegal Logging Detection 

Monitoring the illegal logging carries certain peculiarities as it can be done at a small level and other 

remote areas where it is highly infeasible to track on the ground. Detective methods which are classified 
and those that involve satellite images would contribute significantly to slowness in detecting the threat 

and decrease the usefulness of the applied interventions. The recent innovations of AI and using AI 
especially with UAVs and IoT have facilitated the near real-time detection of illegal logging that has 

changed the way forests are controlled. Citizens also tend to install UAVs with AI-directed camera 
shots more often, and can automatically scan forests and detect any suspicious activity. Ramadan et al. 

[6] proposed a UAV system operating on the premise of AI and that entails the operational role of 
monitoring logging machines and cutting patches in real-time. Using CNN-based image recognition, 

UAVs might be used to build hotspots of deforestation and forward the notification to the authorities to 

enable it to offer an adequate response quicker than otherwise. This will be far superior to satellites-
only monitoring which can either be constrained by short revisit periods or cloud. 
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Figure 2. Performance comparison of machine learning and deep learning models in deforestation detection. 

 
The further support of real-time surveillance is also considered as AI has been networked 

with.in.Ter.net of things. An example of those is four sound sensors in a forest which will have the 
capacity to capture the sound of the chain saws or a vehicle and the AI programs that would process it 
to determine the logging process. The presence of these detectors with the detecting anomalies deter-
mined by the satellite is a multi-layered monitoring solution. The IoT devices can also communicate in 
real-time which can be computed at the edge using lightweight AI models removing the necessity to 
use the cloud computing infrastructure, and making fast interventions even in poorly connected loca-
tions. Real time observation involves also anomaly detection of satellite image. The CNN based land 
clearance detection systems were shown to have the ability to detect abnormal land clearances with high 
time resolution. The anomaly detection models, compared to the traditional means of identifying the 
change, consist of a continuous scan of the satellite received data that detects the deviation and gives 
warning before any incidence of illegal logging that has taken place. 
 

Nevertheless, there are other major challenges. A real time measure is a type of processing of large 
streams of sensory measures of data which consume a large amount of computing power. What is more, 
surveillance provided by UAV is not only time constrained, but is also legally and financially con-
strained. The second problem of critical criticality is that of false positives that is bound to question the 
natural clearings or agricultural nature seasonal labour could be treated as the term illegal logging, and 
inevitably adds inefficiency. However, AI, UAVs and IoT use in deforestation observation processes is 
giving the world a new paradigm of managing the forest proactively rather than reactively. The systems 
will ensure maximum odds of eliminating illegal logging since the timber would be known sooner and 
the issue would be sorted out before the bigger part of the wood is destroyed. The fact that the sphere 
of technology is changing implies that the new systems will have the explainable AI, edge computing, 
and cross-border data distribution as their foundation to optimize the quality of their work both in terms 
of accuracy and system operation. 
 
Data Fusion and Multi-Sensor Approaches 

Fusion-like concept of data has already become a compulsory means of enhancing accuracy and 
consistency of the deforestation detection programmes. The optical satellites are commonly constrained 
by cloud cover, seasonal and resolution changes as the spectral data could be valuable due to the optical 
satellite imagery of satellites like Sentinel-2 and Landsat [1]. In a bid to overcome such obstacles, re-
searchers have resorted to the multi- sensor fusion, i.e., optical data, radar and hyperspectral data com-
bined with AI data. The combination aids the models to make use of the complementary information 
which enhances resilience to various ecosystems. 

 

Himeur et al. [7] pointed at the fact that Synthetic Aperture Radar (SAR) can be coupled with multi-

spectral imagery in order to overcome the disadvantages of cloud interference and in especially in equa-

torial areas where no crystal clear picture can be made due to the frequent cloud coverage. A signal of 
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deforestation can be better identified through the aid of trained deep learning algorithms which work 

with fused datasets as it is able to learn the structural, spectral, and textural forest characteristics simul-

taneously. An example of one of these is Kattenborn et al. [12], who contributed to the argument that 

high-resolute radar images support the identification of ecological selective logging and canopy exclu-

sion which is hard to detect using optical datasets. Besides this, the data fusion too facilitates the process 

of sustained observation as the residue of achieving a composite of satellite-images and ground-based 

and UAVs. These hybrid methods offer horizontal appearance, as not only do they offer the macro level 

analysis that make up the deforestation hotspots, but they also offer the micro level corroboration of the 

illegal logging processes. Though the problem of cost determination methods and information align-

ment, so far, have not been implemented yet, it is known in the literature that the multi-sensor fusion 

can enhance abilities of AI-based systems to provide sufficient monitoring of forests globally through-

out the year. Figure 3 shows the detection accuracy improves with multi-sensor data fusion. 

 

Emerging Applications and Policy Implications 

The nature of the forest equilibrium and environmental policy is being created by the implementation 

of AI in the monitoring of forestry, which is also enhancing technical possibilities. Deep learning-based 

automated warning systems are becoming popular among organizations like Global Forest Watch to 

notify the enforcement authorities in real time of all the actions taking place in the forest about the 

community inhabiting the area. The bridging of the gap between the detection and the intervention 

would help the law enforcers make a timely intervention on the illegal logging acts. Artificial intelli-

gence-based intelligence surveillance systems have also contributed significantly towards the realiza-

tion of promise of global climate to be ensured. Such programs as REDD+ (Reducing Emissions of 

Deforestation and Forest Degradation) can become more transparent and accountable due to the AI, 

which provides its accuracy and timeliness in obtaining the data on the change in the forest cover. In 

addition, one should also bring up that the explainable AI models are increasingly used in the policy 

context since the models could make a decision-maker easy to interpret the results that could be utilized 

in enforcement practices and policy-making. 

 

At local, the mapping of their development by using AI has empowered indigenous people and the 

exploitation of AI by NGOs to have an access to surveillance and advocacy technology. The presence 

of the UAVs and mobile sites systems allows tracing the legitimacy of the illegitimate actions of the 

grassroots actors and enhances the protection of forests by the community [6]. Nevertheless, the ethical 

issues of the application of AI technologies are the privacy of data, false positives, and inequality of AI 

technologies. In general, AI demonstrates that new applications can be a technological solution and a 

source of change in governance. 

 

 
Figure 3. Detection accuracy improves with multi-sensor data fusion. 
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Table 1. Literature papers study.  

Ref. 

No. 

Year Technique / Approach Dataset / Source Results / Performance Limitations / Future 

Scope 

[1] 2025 CNN-based deep learning model 

for deforestation monitoring 

Sentinel-2, Land-

sat imagery 

90% accuracy in detecting 

forest cover loss 

Needs domain adaptation 

for diverse ecosystems 

[2] 2024 Review of DL techniques for de-

forestation detection 

Multiple global 

datasets 

DL methods outperform 

traditional ML 

Lack of standardized da-

tasets 

[3] 2024 CNN + RNN for temporal forest 

loss prediction 

MODIS, Sentinel 

time series 

Accurate trend prediction High computational re-

quirements 

[4] 2024 AI-based environmental moni-

toring 

Global forest im-

agery 

Effective for large-scale 

monitoring 

Needs specific focus on 

illegal logging 

[5] 2024 High-resolution validation using 

DL 

Landsat-8, UAV 

imagery 

High spatial accuracy Challenges in multi-

source data fusion 

[6] 2025 Explainable AI (XAI) for forest 

loss detection 

Multi-spectral 

datasets 

Improved model transpar-

ency 

Balancing accuracy with 

explainability 

[7] 2024 UAV + IoT AI-based illegal log-

ging detection 

Acoustic and 

video data 

Real-time alerts UAV range and power 

limitations 

[8] 2022 Data fusion of SAR and multi-

spectral imagery 

Sentinel-1, Senti-

nel-2 

Robust detection under 

clouds 

Complex pre-processing 

pipelines 

[9] 2024 CNN anomaly detection Synthetic + real 

satellite data 

>90% anomaly precision False positives in sparse 

forests 

[10] 2022 CNN early-warning model Sentinel-2 time 

series 

Detects canopy loss earlier Needs retraining across 

regions 

[11] 2023 ML vs DL comparative analysis Sentinel-2, Land-

sat 

CNN higher F1-score than 

RF 

GPU requirement limits 

scalability 

[12] 2021 AI-driven forest monitoring MODIS imagery High recall for tropical de-

forestation 

Limited resolution 

[13] 2021 AI + high-resolution optical im-

agery 

PlanetScope, 

Sentinel-2 

Detects fine-scale degrada-

tion 

Costly data acquisition 

[14] 2022 Automated CNN alert system Sentinel, Landsat Near real-time detection Latency in alert updates 

[15] 2020 Multispectral ML analysis Landsat time se-

ries 

Reliable vegetation classi-

fication 

Poor performance in 

cloudy regions 

 

The observation of deforestation and support in the context of the policy would allow utilizing the 

most recent analytics with the aim of improving the overall global presence of forest conservation and 

preventing climate change by a strong percentage. Table 1 shows the literature papers study. 
 

DISCUSSION 

The literature examined shows clearly that Artificial Intelligence has transformed the process of de-

tecting and tracking of deforestation and illegal logging. Deep learning algorithms, most notably Con-

volutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) have surpassed traditional 

algorithms in extracting elaborate features of space and time in satellite imagery automatically [1], [3]. 

Deep learning can learn directly using raw pixel values unlike traditional classification algorithms that 

rely on predefined indices like NDVI, which allows more accurate prediction of deforestation patterns 

[14]. This is a major paradigm shift in environmental surveillance, which provides scalability and ver-

satility to a wide range of ecosystems. The benefit of AI-based solutions to offer close to real-time 

monitoring is among the most essential benefits of AI-based solutions. Using satellite information that 

is integrated with UAVs and IoT networks, illegal logging will be detected in real-time instead of being 

detected looking back. Indicatively, Ramadan et al. [6] showed how AI-based UAV systems can be 

effective in transmitting real-time alerts to the enforcing agencies. In the same way, acoustic sensors 

coupled with artificial intelligence models can help identify chainsaw activity in remote locations that 

can be viewed as extending current monitoring capabilities of satellite imagery. These hybrid systems 

are beneficial to increase the capacity of enforcement closing the gap between detection and prompt 

response.  
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In spite of these strengths, a number of limitations still exist. To begin with, there is an issue of 

generalizability of AI models. Most deep learning models are modeled in areas that have specific data, 

and they cannot be sufficiently effective in new geographies with vegetation patterns and seasonal var-

iations [8]. To address this challenge, transfer learning and domain adaptation methods are under in-

vestigation, but the enormous-scale applicability is not available yet [15]. Second, explainability re-

mains an obstacle to adoption by policy makers. Whereas it is possible to interpret the results of machine 

learning models, including Random Forests, deep learning can be a black box, which is challenging to 

use in governance structures. Future research should, therefore, focus on developing explainable AI 

(XAI) in the monitoring of deforestation. There is also a bottleneck of data availability. The resolution 

of satellite images can be quite costly, and ground-truth examples to train AI models are not particularly 

abundant in remote forests [4]. Also, the multi- sensor data is promising to be integrated but the com-

putational resources needed are enormous, which is a challenge in low-resource setting [7]. False posi-

tives will still be another practical concern since AI models might mistake agricultural practices or 

natural disruptions with cases of illegal logging operations. To sum up, although AI has a major positive 

impact on accuracy and scalability along with timeliness in monitoring deforestation, the issue of gen-

eralization, explainability, and accessibility have to be tackled. The directions of future should focus on 

light-weight models, interpretable models and international data-sharing models. When these gaps are 

bridged, AI can transform deforestation surveillance into a proactive policy-coherent solution that can 

successfully fight forest loss and help maintain climate resilience 

 

CONCLUSION 

Artificial Intelligence has become a revolutionary device that examines deforestation and unlawful 

logging by satellite photos. Literature proves that deep learning strategies, specifically CNNs and 

RNNs, are better more precise than the conventional machine-based approaches to learning because 

they can learn complex spatial and temporal features of forest modification. The combination with 

UAVs and IoT networks has also enhanced the surveillance potential, and it is possible to conduct near-

real-time detection and immediate intervention against illegal logging processes. Also, data fusion ap-

proaches involving optical, radar and hyperspectral images have improved resilience in detection even 

in adverse conditions like unsaturated cloud cover  

 

Regardless of such achievements, there are some major challenges. The transferability of AI models 

to other ecosystems is limited, annotated datasets are not widespread, the cost of deep learning is high, 

and the models are treated as black boxes, which makes them harder to implement more widely. To 

overcome these challenges, future studies should concentrate on the creation of explainable AI systems, 

lightweight models applicable to the low-resource areas, and cross-border data-sharing projects that can 

help in the control of the forests worldwide. Altogether, AI-based deforestation tracing would represent 

the shift in the change of proactive to reactive environmental management. With the possibility of 

bringing together the technological innovation and the policy frameworks, AI could be helpful in 

providing a solid foundation to conservation efforts, fighting against climate change, and making forests 

sustainable in their management. 
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