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Abstract

:

Given the ability of remote sensing to detect distinctive plant traits, it has emerged in recent decades as a useful and attractive research tool for forest trees such as poplars. Although poplars have been extensively studied using remote sensing over the past thirty years, no reviews have been conducted to understand the results of multiple applications. Here, we present a review and synthesis of poplar studies in this regard. We searched the Scopus, Google Scholar, and Science Direct databases and found 266 published articles, of which 148 were eligible and analyzed. Our results show a rapid increase in remote sensing-based poplar publications over the period of 1991–2022, with airborne platforms, particularly LiDAR, being predominantly used, followed by satellite and ground-based sensors. Studies are widespread in the Global North, accounting for more than two-thirds of studies. The studies took place mainly in agricultural landscapes, followed by forest areas and riparian areas, with a few in mountain and urban areas. Commonly studied biophysical parameters were mostly obtained from LiDAR data. On the other hand, spectral indicators have been widely used to monitor the health and vitality of poplar trees, integrating various machine learning algorithms. Overall, remote sensing has been widely used in poplar studies, and the increasing use of free satellite data and processing platforms is expected to pave the way for data-poor countries to monitor poplar in the Global South, where resources are mainly limited.
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1. Introduction


Ongoing developments in the field of Earth Observation have enabled the study of unique characteristics of various tree species, including the commercially important poplar (Populus spp.). Although this subject has attracted the attention of many scholars, reviews of the literature characterizing this research remain a gap that this study attempts to fill. Poplar is one of the most valuable trees for industrial production due to its desirable characteristics such as rapid growth, hybridization tendency, and adaptability to different environmental conditions [1]. Its high ecological value contributes toward the restoration of degraded landscapes through seed trapping (increasing surface roughness), soil stabilization, erosion control, and nutrient cycle improvements [2]. While poplar occurs in many countries as a native species, it has been established in many other places as an invasive alien species (IAS) [3,4]. IAS are plants introduced mainly by human activities outside their natural environment that can colonize natural ecosystems, with varying ecological and socioeconomic consequences [5]. Their presence and spread seriously threaten local biodiversity and are exacerbated by climate change and limited mechanisms to address it [6]. Typically, invasive alien species have competitive traits that allow them to colonize and displace native ecosystems [7]. Poplar is native to regions such as Asia, Europe, and North America [8], and invasive in many African countries.



In countries like South Africa, poplar species are common in many landscapes and are only legally permitted in certain areas under controlled conditions [9]. Dense stands of cottonwood formed through rooting can narrow and block water channels, leading to flooding and increased siltation [10]. Their extensive stocks could lead to a significant reduction in the flow of the stream. Therefore, understanding the location and extent of poplar species is crucial for biodiversity conservation and land management. While poplar species are measurable in labor-intensive and costly field studies, their detection through remote sensing technology seems a practical option.



Remote sensing has emerged as a crucial data source for the retrieval and analysis of forest information because it offers a spatially continuous, highly consistent representation of the Earth’s surface [11]. With improvements in sensor technology and Open Data policies, as well as near real-time image acquisition, remote sensing can provide useful information about the Earth’s surface at a lower cost than traditional field survey methods [12]. These advances, particularly the increasing availability of free satellite products, have expanded the options for affordable, efficient, and effective means of addressing many biodiversity monitoring challenges [13]. Since its inception, the remote detection of poplar species from surrounding vegetation communities has been successful and has since become an active area of research [14]. For example, Eslami and Zahedi [15] identified poplar-cultivated landscapes in Iran using Indian remote sensing satellite data with an overall classification accuracy of 91.48%. Hamrouni et al. [16] used Sentinel-2 time series to identify poplar plantations at the local scale with an accuracy of 89.5% to 99.3%. D’Amico et al. [17] used multilayer perceptron and traditional logistic regression (deep learning approach) to map poplar plantations in Italy with Sentinel-2 and achieved an overall accuracy of 91%. Laslier et al. [18] used LiDAR data to map poplars in riparian zones with an accuracy of 80%. These studies demonstrate high remote sensing capacity with growing interest in poplar research; however, their spatiotemporal patterns, commonly used remote sensing products, and methods remain poorly understood, and there is a need to collect evidence on the characteristics of all studies in this regard.



In this study, we analyzed peer-reviewed articles related to remote sensing approaches aiming to detect the presence and distribution of poplar species in different regions in the world. Our study provides the first literature review of poplar remote sensing and sheds light on the spatiotemporal patterns, application goals, methods, and indicators used. Based on these results, we provide recommendations for future studies.




2. Materials and Methods


2.1. Database Search Process


We searched for peer-reviewed publications that have applied remote sensing approaches to monitoring poplar species using the keywords: Remote Sensing OR Earth Observation OR NDVI OR Landsat OR LiDAR OR Sentinel OR SAR OR MODIS AND poplar OR Populus alba OR Populus nigra OR White poplar OR Black poplar from the Scopus, Google Scholar, and Science Direct databases. In this review, we followed the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines and refer the reader to Moher et al. [19] for more information. We selected PRISMA because of its popularity as an evidence-based and the most methodologically justified approach for generating systematic reports and meta-analyses [20].




2.2. Inclusion/Exclusion Criteria


Our search returned 266 articles, 148 of which met our criteria listed in Table 1. For emphasis, we excluded all articles that used (did not use) remote sensing on non-poplar species (on poplar species), fugitive types of literature such as unpublished theses and reports from governments and institutions, and studies not published in English (Table 1). We also provide a procedure for the article search, selection, and analysis process based on the PRISMA model in Figure 1.




2.3. Data Analysis Methods


We compiled and classified publications into categorical variables, including publication year, study area, location, sensor platform and type, application purpose, biophysical parameters, classification algorithms, software, first author, and the journal in which each study was published. For each publication, we differentiated whether the poplar was studied as a native or non-native species. We also used the VOS viewer platform [21] to create title/abstract network visualization maps, as well as ESRI ArcMap v 10.8.1 (ESRI, Redlands, CA, USA) and R studio v 4.1.3 (R Foundation for Statistical Computing, Vienna, Austria) [22] for visualization and analysis.





3. Results and Discussion


We begin the analysis by describing the historical trend and patterns of eligible studies for this review, followed by a presentation of all sensor products used in the poplar studies. We then present the geographical distribution of the articles and their characteristics in terms of methods, materials, and journal selection.



3.1. Historical Research Trends


This section presents the temporal research pattern of 148 articles on poplar remote sensing published between 1991 and 2022 (Figure 2). Based on the literature search, the number of publications showed a wavy increase over this period, with most studies (67) using airborne sensors, followed by satellite (60) and terrestrial platforms (21). The first publication in 1991 was based on an airborne sensor, and since then, its use has steadily increased with satellites and, to a lesser extent, ground-based sensors. Ongoing advances in sensor technology continue to refine satellite-to-ground remote sensing products, and the increasing trend in research publications shown in Figure 2 is not surprising.



Airborne remote sensing platforms, particularly LiDAR data, have been successfully used in many poplar studies (42 publications). Since the first publication in 1999, poplar studies using LiDAR data have shown an increasing trend, particularly since 2006 (Figure 3). The choice of LiDAR is mainly based on its ability to capture three-dimensional (3D) information on forest features, which is useful for characterizing species such as poplars [23]. In addition, this product has been used in studies to overcome saturation problems in dense forests because it transmits and receives laser pulses in a relatively short time and still provides extensive data from which biophysical information can be obtained [24]. Studies such as Xu et al. [25] and Man et al. [23] found LiDAR to be useful for discerning tree species in heterogeneous dense forests and inaccessible landscapes where poplars occur. These unique LiDAR properties make it more attractive than other high-resolution sensors for challenging forest stands [26,27,28]. For modeling forest properties, variables are typically extracted from airborne LiDAR data using two common methods [29]: (a) extracting height metrics, density metrics, and forest profile features directly from point clouds [30,31,32,33] and (b) extracting statistics from canopy height model (CHM) data, which is the distinction between a digital surface model (DSM) and a digital terrain model (DTM) derived from LIDAR data [34,35]. Despite these contributions, LiDAR data are cost-prohibitive, thus limiting its use in nations with limited resources. This could justify greater application in developed countries where resources are readily available. Unmanned aerial vehicles (UAVs) or drones have also increasingly been used to monitor poplar species since 2017 [36]. While UAVs provide accurate information, the timing of data acquisition is crucial for analysis since the acquisition is usually made upon request; the data may only be useful if collected when the targeted plant species is distinct from its background and neighboring areas [37]. Therefore, to ensure accuracy in the identification and detection of poplar, the phenology of the species needs to be taken into consideration in the surveys conducted when there is a clear distinction between the target species and other species features.



Satellite products are arguably the most valuable remote sensing systems due to their consistent data collection, wider coverage, and lower cost than any other means, and are increasingly being used in poplar studies. In particular, Landsat data is the most widely used satellite product in poplar studies, with 23 publications, most of which were published after the 2008 Open Data directive. The Landsat dataset was primarily applied in agricultural and natural forested spaces, where there was a need for a sensor that has a high spatial, temporal, and spectral resolution [26]. Sentinel 1 (5) and 2 (9) sensor applications also made essential contributions to mapping and quantifying poplar plantations through supervised (object-based classifier) and unsupervised (vegetation indices) remote sensing approaches [14,17]. Typically, Sentinel sensors possess better data-capturing characteristics compared to Landsat, i.e., a spatial resolution of 10 m (visible and near-infrared bands), 20 m (red-edge and shortwave infrared bands), and 60 m (atmospheric correction bands) with a five-day temporal resolution [14]. However, two things could have slowed their application over time; firstly, Sentinel sensor data became freely available to the public between 2014 and 2017, which is the period after USGS established the Landsat open policy; secondly, Sentinel does not capture data in the thermal infrared band, which is the electromagnetic section that assists in analyzing vegetation stress and health. Be that as it may, Landsat and Sentinel sensors seem the most preferred due to their spatial coverage, making them efficient in scanning large areas without saturation. This is important for updating forest inventory and quantifying poplar production rates in agricultural sectors. Commercial satellite products such as QuickBird, WorldView-3, GeoEye, SPOT, and IKONOS have also been successfully used in poplar research. The introduction of the Google Earth Engine has also enabled easy access to various sensor datasets, thereby increasing the possibility of conducting more vegetation studies through remotely sensed data. In particular, Landsat data are the most widely used satellite product in poplar studies, with 23 publications, most of which were published after the 2008 Open Data directive. The entire Landsat archive has since become largely open, allowing users to perform location-specific image analysis and high-density time-series analysis at different time scales since the early 1970s. Sentinel had 14 publications (Sentinel-1 (5) and Sentinel-2 (9)), and the latter provides better spatial (10 m), spectral (13 bands), and temporal (3–5 days) resolution data compared to Landsat. The Sentinel-1 satellites provide a combination of high spatial and temporal resolution of dual-polarization SAR data. Its dense time series enables the derivation and analysis of temporally filtered annual backscatter signals. The proliferation of free optical satellite imagery (FOSI) has opened possibilities for all users to monitor poplar at different scales. The introduction of the Google Earth Engine also enabled easy access to various sensor datasets, thereby increasing the possibility of conducting more vegetation studies through remotely sensed data.



Ground-based sensors (including in situ and hand-held), which are similar to airborne systems, are mostly operated under human supervision. Relatively few studies (21) have used these products for poplar research. These products are well known for having better spectral and spatial resolution than most space- and airborne sensors; however, most are costly, which limits the scope of their application in vegetation studies. Most of these imaging spectrometers (also known as hyperspectral imagers) acquire a continuous spectrum over a wide range of visible and/or short wavelengths, often using hundreds of spectral bands with narrow spectral intervals. This makes them better options for poplar studies as they can correctly delineate floral features with greater fidelity, but their applications are still inadequate because of high costs associated with their access for use. Some of the hyperspectral sensors used in poplar studies include, but are not limited to, tree analyzer, Goniometer, and MAESTRO-1. The main benefit of using ground-based hyperspectral sensors is that detailed spectral profiles can be developed for native and non-native plants and spectral regions most sensitive to an abundance of the species of interest [37].




3.2. Geographical Distribution of Poplar Remote Sensing Studies


As previously stated, our search results yielded 148 peer-reviewed articles, confirming that scientists are finding remote sensing data for monitoring poplars. These studies were geographically distributed in over 20 countries, where poplar is either native or invasive, and their wide distribution is shown in Figure 4. Most studies were conducted in China (34), followed by the United States of America (22), Italy (21), France (13), and Canada (12), accounting for over two-thirds of the studies. The remaining publications came from Sweden (6), Australia (5), Belgium (5), Turkey (5), Germany (4), the Netherlands (4), Argentina (3), Hungary (3), Spain (3), India (2), and one each from the United Kingdom, Greece, Iran, Japan, and Chile (Figure 2). In the United States, Australia, India, the United Kingdom, and Iran, poplar is classified as invasive.



For emphasis, note that despite reported cases in countries like South Africa, where it is classified as a Category 2 (occurring throughout/in part of South Africa and allowed only in specified areas under controlled conditions) weed under the National Environmental Management and Biodiversity Act (NEMBA) (No. 10 of 2004) and the Conservation of Agricultural Resources Act (CARA) (No. 43 of 1983) of South Africa’s Invasive Species Legislation [9], no studies have been conducted on the African continent. This underscores the need for rigorous research, particularly when the studied species is invading (e.g., South Africa and Africa). It is believed that perhaps the reason for this is that African countries are somewhat behind in terms of the use of advanced technologies (remote sensing), and insufficient funds to purchase the necessary equipment to conduct such research could delay progress. Be that as it may, the content of this section is intended to help researchers from different walks of life (including Africa) to know in which countries the literature should be consulted to conduct higher-quality studies on the use of remote sensing on poplar species.



Our results seem to suggest that the applications of remote sensing for poplar species were more frequent in countries where they are native species than alien invaders. A similar trend was also observed in release rates, with most releases considering the species surveyed as native rather than invasive species. While poplar has a total of 35 species, we do not consider their classifications.



Our results indicate that poplar remote sensing studies primarily occurred in agricultural landscapes (58), followed by forested areas (47), riparian zones (39), and to a lesser extent, in mountain and urban landscapes (2 each) (Figure 5). In agricultural spaces, poplar was mainly studied to understand its phenological changes, carbon sequestration capacity, gross primary productivity rate, spatial growth, and canopy and leaf water content, through various remote sensing algorithms and indices [29,38,39,40,41]. For instance, Maleki et al. [42] investigated the ideal vegetation index (VIs) for describing the phenology and interannual variability of the gross primary productivity (GPP) of poplar plantations. The results of the study alluded to the medium-resolution imaging spectrometer (MERIS) terrestrial chlorophyll index (MTCI) being the best fit with GPP phenology. To quantify the holistic growth of poplar trees in agricultural space, indicators such as tree volume, height, stem, and crown cover were estimated [43]. The determination of poplar cultivated fields and mapping of their spatial sites play a vital role in enabling decision-makers and planners to enhance poplar trees’ economic and ecological value. This review discovered that poplar plantations were mapped and classified using classification techniques such as object-based classifier [14]. Colombo et al. [38] investigated the applicability of empirical and radiative transfer models to estimate water content at leaf and landscape levels. The results arising from this study indicated that hyperspectral regression indices are good for estimating water content at both leaf and landscape levels. Remote sensing mapping is a vital activity in forest plantations as it helps to quantify timber stock procurement potential, estimate volume and profit, as well as update forest inventories. This is important as it helps in meeting supply demands.



In natural forests, poplar species were mapped and characterised as part of a forest with other tree species (87%) and individual trees (13%). For instance, studies by [44,45,46,47] used remote sensing and machine learning techniques to enhance the description and identification of poplar with other trees, while studies by Moffiet et al. [48], Warner et al. [49], and Brandtberg [50] studied poplar individualized as a tree. Like how poplar plantations were studied in agricultural landscapes, poplars in natural forest together with other trees were also investigated for their capacity with regard to carbon intake, water use, seasonal pollen dynamics, and seasonal fire severity using various remote sensing techniques [44,51,52].



In mountainous regions, poplar was quantified using leaf area index (LAI) as an important agent for canopy structure, as well as biomass, carbon, and energy exchange estimation indices [53], while in urban landscapes, it was mostly studied to quantitatively relate leaf chlorophyll content (LCC) with other vegetation indices [54,55]. The reason for the low number of studies in the mountainous landscape could be due to the nature of mountains coupled with inconsistent seasonal species changes, which affect the efficacy of some remote sensing sensors to accurately detect and discriminate floral species [56]. Steep mountainous terrain can influence the accuracy of the information derived from remote sensing data [57]. These data are influenced by differences in relief and radiance energy, resulting in shadows, which decrease mapping accuracy. While this suggests an important niche to be filled in science, it is important to utilize proper remote sensing techniques and sensors to accurately delineate the heterogeneity associated with mountainous biota.




3.3. Characteristics of Methods and Materials


One of the most important tasks in remote sensing data analysis is the use of classification algorithms and specific indicators to improve the accuracy of feature detection and characterization, and numerous software programs have been developed for this purpose. Our results are shown for the top 10 dominant biophysical indicators (a), spectral indices (b), classifiers (c), and common software packages (d) used in remote sensing studies on poplars (see Table 2). Based on our results, the most studied biophysical parameters are related to forest aboveground biomass (AGB) and growing stock volume (GSV) and include poplar growth (17), biomass (14), crown cover (7), and height (4) (Table 2), all of which are retrieved through the use of LiDAR data. These proved to be essential features used in various studies to discern species distribution, cover, diversity, and composition with higher accuracy. Traditionally, all these parameters were estimated through allometric equations using tree attributes collected from the field. The development and application of this equation based on destructive sampling are highly time consuming and expensive. Plantations with fast-growing species such as poplar require frequent monitoring over time without having to resort to destructive approaches, and this is possible with LiDAR applications. LiDAR is an active remote sensing product that accurately measures the energy returned from an object of interest within a short span of time at both the stand and tree scale. On the other hand, indicators such as leaf area index (LAI; 22), normalized difference vegetation index (NDVI; 30), diversity index (DI; 15), green-red normalized difference vegetation index (GRNDVI; 5), and poplar tree index (PTI; 1) were mostly retrieved from spectral bands and their combinations in the electromagnetic spectrum (Table 2). These unsupervised remote sensing techniques were applied primarily through a method testing approach in poplar studies, i.e., testing different vegetation indices in discriminating poplars at different levels or against other vegetation features [29,41,58]. For instance, Simovic et al. [59] compared NDVI, NDRE, and EVI for detecting poplar phenology, and NDVI and NDRE were more successful than EVI in distinguishing the latter. However, we also found that NDVI is the most widely used unsupervised classification technique in many vegetation studies; however, we have found that it cannot be used in isolation to classify poplar occurrences. Therefore, the inclusion of am in situ dataset proved that there is a need for a supervised methodology to improve discrimination standards [37,60]. On the other hand, in poplar plantations where LAI is extremely high, the blue wavelength can be used to improve the accuracy of NDVI, as this corrects for soil background signals and atmospheric correction. Equivocally, the newly invented PTI also proved to be more effective than NDVI in characterizing poplar from other trees; however, it has only been used in poplar plantations and not in other landscapes where poplar occurs. We therefore recommend that it is tested in natural forests, especially occurring in mountainous landscapes where poplar is under-studied using remote sensing.



We discovered an increase in studies that used classifiers, such as Maximum likelihood (ML; 10), random forest (RF; 24), support vector machine (SVM; 15), decision tree (DT; 7), and object-based image analysis (OBIA; 6) (Table 2), to discriminate poplar plants from other traits [61,62,63]. Random forest has many exciting properties, such as high accuracy, robustness against overfitting of training data, and integrated measures of variable importance [64]. Hamrouni et al. [16] and Zhu et al. [65] mapped poplar plantations and achieved an overall accuracy of 89.5% and 85%, respectively, using random forests. Similarly, Laslier et al. [18] worked on identifying riparian tree genera based on leaf-on/leaf-out using a random forest and support vector machine and achieved an overall accuracy of 83.15%. Decision tree and maximum likelihood in poplar studies were mainly used to classify the population dynamics of poplar species in different ecosystems. For example, [63] applied the decision tree algorithm to study poplar clones and achieved more than 93% overall accuracy. Petráš et al. [66] estimated the diameter of poplar clones using the maximum likelihood technique. The rate and quality of the outputs of object-based classification [14], neural network [67] and k-nearest neighbor [68] signify great impact application in studying poplar. Although not yet used in poplar studies, spectral angle mapper classifiers are also associated with better discrimination of floral invasive species [69]; hence, they are also recommended for future use. Many of these computations were performed using Matlab (17), Python (13), ArcMap (9), RStudio (14), ENVI (version 5.0) (9), and other software (Table 2).




3.4. Co-Occurrence Words/Keywords


From the 148 published journal articles reviewed/synthesized in this study, four main research areas were discovered that produced poplar studies, and these included forest ecology (green), vegetation mapping (yellow-green), machine learning (ML) (red), and vegetation physiology (blue). All of these research areas are interlinked. Mapping the frequency of common occurrences in the title/abstract fields of remote sensing application documents in the poplar literature with a minimum occurrence of five yielded 57 items distributed in four clusters representing four main research themes (Figure 6). The first cluster (green) focused on forest ecology and included the following elements: forestry, hyperspectral, regression, reflection, mean square error, land use, ecology, plants (botany), poplar, China, normalized difference vegetation, NDVI, ecosystem, groundwater, and crops. The second cluster (yellowish-green) focused on vegetation mapping and included the following items: Sentinel-2, biomass, plantation, sentinel, wetland, deciduous tree, algorithm, sampling, image classification, and satellite data. The third cluster (red) focused on remote sensing techniques and included the following elements: riparian forest, rivers, France, radiative transmission, canopy, remote sensing, deciduous tree, United States, tree, leaf area index, optical radar, image analysis, phenology, Liriodendra Tulipiferal, LiDAR, and image processing. The fourth cluster (blue) focused on the overall vegetation physiology studies and included the following items: populus, satellite imagery, vegetation, plants, articles, Populus deltoides, comparative study, photosynthesis, chlorophyll, and physiology.



Based on our results, all 148 poplar remote sensing studies were published in 70 different journals, with fifteen journals publishing three or more studies (International Geoscience and Remote Sensing Symposium (14), Remote Sensing of Environment (8), International Journal of Remote Sensing (7), Remote Sensing (7), Canadian Journal of Forest Research (5), IEEE Transactions on Geoscience and Remote Sensing (5), Proceedings of SPIE—The International Society for Optical Engineering (5), ISPRS Archives (4), the ISPRS Journal of Photogrammetry and Remote Sensing (4), the Journal of Geophysical Research: Atmospheres (4)), and the International Conference on Remote Sensing, Environment and Transportation Engineering; Annals of Silvicultural Research, Forest Ecology and Management; Forests; IForest; and IOP Conference Series: Earth and Environmental Science having published 3 articles each (Table 3). Table 3 presents only journals that published > 3 papers each.





4. Limitations and Future Research


Our review revealed the trends in the application of different remote sensing products in mapping, monitoring, and detecting poplar trees in different locations. Poplars occupy a more significant area in agriculture and natural forest areas. While remote sensing techniques have proven effective in delineating and extracting poplar tree features in both landscapes using LiDAR sensors, there are limitations related to spatial coverage. The combination of high-spatial-resolution sensors such as LiDAR and multispectral satellite sensors covering larger regions proved to be an excellent alternative to offset the mentioned limitations. The integration of these images will continue the improvements in the time-series mapping and monitoring needed to regularly update forest inventories. Good performance was also achieved by combining multitemporal and high-spectral sensors such as Sentinel 2 and machine (random forests) and deep learning techniques (connected neural network). Because of the robustness that results from combining these remote sensing techniques, researchers strongly advise using the latter in subsequent research.



In addition, the creation and application of poplar-specific indices such as the poplar tree index (PTI) proved to be more effective than the general vegetation index (NDVI) in mapping poplar plantations. Therefore, creating landscape-specific poplar indices and combining them with multitemporal and high-resolution imagery would improve the phenological analysis of poplars. While many multitemporal, multispectral, and high-resolution remote sensing images are now freely available on many platforms (e.g., GEE, USGS, Copernicus, etc.), other important remote sensing datasets that are suitable for mapping poplar trees have high costs, making their use limited in resource-constrained countries. Collaboration between researchers from developed countries—where resources are abundant—and researchers from developing countries is therefore thought to be advantageous. This is because it would allow for the sharing of resources and insights, raising the bar for remote sensing applications in poplars around the world.



A notable constraint of this research is that it just examined and synthesized peer-reviewed publications; it did not include papers like technical reports, theses, dissertations, conservation management plans, etc. While a thorough study of the materials that were excluded based on our process is advised, we also implore the scientific community to make sure that the documents in question are from reliable sources and have undergone a thorough review process before being published.




5. Conclusions and Recommendations


We have provided an overview of peer-reviewed poplar studies using remote sensing approaches. Our results show an increase in the number of poplar remote sensing studies from 1991 to 2022, with a total of 148 during that period. Most studies used airborne sensors, particularly LiDAR, satellites (mostly using Landsat and Sentine-2), and ground-based sensors. Over two thirds of the publications were widespread in the Global North, including China, where poplars were predominantly considered native rather than an invasive species. Poplar species have been studied primarily in agriculture, forestry, mountains, and urban environments. Commonly studied biophysical indicators used in the reviewed studies were crown diameter, poplar growth/height and volume, canopy cover, and poplar biomass. Spectral-based analysis included machine learning classifiers such as RF, SVM, and others. We therefore conclude that remote sensing products are becoming an essential data source for understanding poplar species dynamics, as they provide more consistent and low-cost information than traditional approaches. As high-resolution satellite data become accessible through various partnerships (e.g., PlanetScope with Google Earth Engine) and deep learning algorithms continue to evolve, the remote sensing of poplars is expected to incorporate these resources in the future. This may benefit countries that have been less studied, including those in Africa, where poplars occur.



This information should encourage cooperative research interests between developed and developing countries and provide land managers and conservationists with an opportunity to learn which remote sensing techniques work best when researching poplar in various regions. We hope that more countries will be inspired to consider funding such projects, particularly in cases where poplar is considered an alien invasive species that invades delicate landscapes like riparian zones, as countries that published a higher number of peer-reviewed articles were the ones that received funding.
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Figure 1. A flowchart of the literature search process based on PRISMA. 
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Figure 2. Publication statistics in remote sensing of poplar species (1991–2022). 
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Figure 3. Remote sensing sensors used in the study of poplar species per year between 1991 and 2022. 
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Figure 4. Countries that participated in poplar studies and their number of publication output. 
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Figure 5. Landscape categories where poplar studies were conducted. 
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Figure 6. The network visualization of terms in the title/abstract of publications in the remote sensing of poplar. Circle size represents the number of publications derived from the database. Circle colors represent: yellow is vegetation mapping; green is forest ecology; blue is vegetation physiology; and red is machine learning lines represent the link between titles and abstracts. 
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Table 1. Inclusion and exclusion criteria for the review.
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	Inclusion Criteria
	Exclusion Criteria





	Studies conducted on poplar species
	Studies conducted without poplar species



	Remote sensing-based data sources
	Studies without the use of remote sensing data



	Peer-reviewed published articles
	Fugitive literature and review articles



	Articles published in English
	Articles not written in English










 





Table 2. Top 10 biophysical indicators (a), spectral indices (b), classifiers (c), and common software packages used in the reviewed studies.






Table 2. Top 10 biophysical indicators (a), spectral indices (b), classifiers (c), and common software packages used in the reviewed studies.





	Biophysical Indicators
	N
	Spectral Indices
	N



	Canopy cover
	24
	Normalized difference vegetation index (NDVI)
	30



	Poplar growth
	20
	Leaf area index (LAI)
	22



	Poplar biomass
	18
	Diversity index
	15



	Poplar distribution
	15
	Soil-adjusted vegetation index (SAVI)
	7



	Poplar cover
	10
	Chlorophyll vegetation index (CVI)
	6



	Poplar volume
	8
	Normalized difference water index (NDWI)
	6



	Breast diameter
	7
	Difference normalized burn ratio index (dNBRI)
	5



	Crown cover
	7
	Green-red normalized difference vegetation index (GR-NDVI)
	5



	Crown diameter
	6
	Photochemical reflectance index (PRI)
	3



	Canopy structure
	5
	Stress susceptibility index (SSI)
	2



	Classifiers
	N
	Software
	N



	Random forest
	24
	MATLAB v 5.3.1, 6.0. 7.1, 7.9, 8, 9.2 and 9.6

(MathWorks, Natick, MA, USA)
	17



	Support vector machine
	15
	R studio v 2.7.1, 3.0.2, 3.5.0 and 4.1.0

(R Foundation for Statistical Computing, Vienna, Austria)
	14



	Maximum likelihood
	10
	Python v 3.3.3, 3.6.7, 3.5.8 and 3.10.9

(Altoros labs, Pleasanton, CA, USA)
	13



	Decision tree
	7
	ArcMap v 10.6.1 (ESRI, Redlands, CA, USA)
	9



	Classification and regression Tree
	6
	ENVI v 5.0 (NV5 Geospatial, Hollywood, FL, USA)
	9



	Object-based
	6
	LiDAR 360 v 4.0, 5.0 and 6.0

(Green valley International, Berkeley, CA, USA)
	8



	Neural network
	5
	ENVI v 5.0 and 5.1 (NV5 Geospatial, Hollywood, FL, USA)
	8



	k-nearest neighbor
	4
	ArcGIS 10.7 (ESRI, Redlands, CA, USA)
	7



	Density-based clustering
	3
	QGIS v 3.14, 3.18 and 3.30 (GeoApt LLC., Anchorage, AK, USA)
	7



	Rotation forest
	3
	SPSS v 22 and 25 (IBM Corp., Armonk, NY, USA)
	6










 





Table 3. Journals where Popular studies were published and their funding agencies.






Table 3. Journals where Popular studies were published and their funding agencies.





	Journals
	Funder





	International Geosciences and Remote sensing Symposium (14)
	G (14)



	Remote Sensing (8)
	G (8)



	Remote Sensing of the Environment (8)
	G (8)



	IEEE Transactions on Geoscience and Remote Sensing (7)
	G (7)



	International Journal of Remote Sensing (7)
	G (7)



	Proceedings of SPIE—the International Society for Optical Engineering (7)
	G (7)



	Canadian Journal of Remote Sensing (4)
	G (3); G and P (1)



	ISPRS Journal of Photogrammetry and Remote Sensing (4)
	G (4)



	International Archives of the Photogrammetry Remote Sensing and Spatial Information Science (4)
	G (3); P (1)



	Journal of Geophysical Research: Atmospheres (4)
	G (3) and P (1)







G = government and P = private.
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