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Abstract

:

This paper synthesizes research studies on spatial forest assessment and mapping using remote sensing data and techniques in Pakistan. The synthesis states that 73 peer-reviewed research articles were published in the past 28 years (1993–2021). Out of all studies, three were conducted in Azad Jammu & Kashmir, one in Balochistan, three in Gilgit-Baltistan, twelve in Islamabad Capital Territory, thirty-one in Khyber Pakhtunkhwa, six in Punjab, ten in Sindh, and the remaining seven studies were conducted on national/regional scales. This review discusses the remote sensing classification methods, algorithms, published papers’ citations, limitations, and challenges of forest mapping in Pakistan. The literature review suggested that the supervised image classification method and maximum likelihood classifier were among the most frequently used image classification and classification algorithms. The review also compared studies before and after the 18th constitutional amendment in Pakistan. Very few studies were conducted before this constitutional amendment, while a steep increase was observed afterward. The image classification accuracies of published papers were also assessed on local, regional, and national scales. The spatial forest assessment and mapping in Pakistan were evaluated only once using active remote sensing data (i.e., SAR). Advanced satellite imageries, the latest tools, and techniques need to be incorporated for forest mapping in Pakistan to facilitate forest stakeholders in managing the forests and undertaking national projects like UN’s REDD+ effectively.
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1. Introduction


The credibility of the forests lies in the environmental resources they provide and the biodiversity they possess and support, along with the utilization of wood and non-wood products they produce [1]. One of the most significant ecosystem regulators, forests also conserves soil and water resources [2]. For instance, mangrove forests sequester and store carbon more effectively than tropical forests and have enormous economic worth [3]. However, irrespective of how remote or accessible forests are, they are affected by land-use changes, land degradation, climate change, and like phenomena [4]. One of the most significant global bodies working on climate change, the Intergovernmental Panel on Climate Change (IPCC), had already reported that forests respond to such variations as they undergo significant changes in their structure and composition [5]. Due to such changes, forests significantly lose their biodiversity richness and affect conservation and management practices worldwide [6].



Forest mapping and inventories are essential for countries worldwide, and remote sensing makes it possible on temporal and spatial scales, especially for countries with little to no forest inventories [7]. Remote sensing data, irrespective of their type (active or passive sensing), provide valuable information on forest stands, their composition, and their comparison with field-based conventional studies [8], and land cover mapping using remote sensing methods is used widely worldwide [9]. With time, remote sensing makes it possible to precisely map forest dispersion on landscapes by correlating forest properties with other factors [10] and mapping the species-level distribution of forests using fine spectral resolution imageries [11]. Remote sensing data types, including optical, point-cloud (e.g., LiDAR), RADAR (e.g., Synthetic Aperture Radar (SAR)), and hyperspectral, can be used effectively to map forest types [12]. Furthermore, researchers have designed algorithms for robust time-series mapping for vegetation change detection [13] and monitoring systems for forest attributes using multiple sources and techniques [14]. Lechner et al. [15] described six key reasons why remote sensing is becoming important in forest studies, including (1) remote sensing imagery allows wall-to-wall mapping by providing a synoptic view of the area observation, (2) temporal data available anywhere and anytime you need, (3) homogeneity in remote sensing data, eradicating the possibility of human-induced errors, (4) remotely sensed data integrity and interoperability, (5) cost-effective data availability, and (6) readily available remote sensing data products, reducing the need of expertise.



On a global scale, some studies have reported forest distribution and dynamics [16,17], while other studies reported characteristics of forests, including aboveground biomass (AGB), canopy height, and canopy cover [18,19,20,21,22]. A recent study by Nesha et al. [23] analyzed the Food and Agriculture Organization’s (FAO) Global Forest Resource Assessment (FRA) report of 2005–2020. They reported a healthy trend of countries worldwide to incorporate remote sensing data in reporting National Forest Inventories (NFI) as the number of countries increased from 55 in 2005 to 99 in 2020. They also reported that ~85% of global forests are monitored using up-to-date remotely sensed data products or NFIs. This healthy trend is due to the international investments for monitoring global forests, especially in the context of the United Nations (UN) project ‘Reducing Emissions from Deforestation and forest Degradation plus’ (REDD+). The most significant step towards forest conservation and management in Pakistan, other than the provincial forest departments and Pakistan Forest Institute (PFI), was the ministry of climate change, established in 2017 under which the activities of the UNREDD+ project for Pakistan are functional. These departments and the ministry are publishing several reports, but, to our knowledge, Pakistan has not yet produced a peer-reviewed publication on its national forest inventory and mapping in a well-reputed international journal. We believe that gaps exist in the literature, including (1) knowledge regarding the synthesis of widely used remote sensing techniques in forest mapping in Pakistan and (2) key satellite imageries used to map forest distribution in different spatial scales.



Based on the above analysis of the past studies conducted in the context of forestry in Pakistan, this review fundamentally tries to answer: (1) Which remotely sensed satellite imageries, classification techniques, and algorithms had been used mainly for forest mapping in Pakistan? (2) What is the pattern of citations and developed methodologies of all published papers chronologically? (3) What is the difference between the forest studies for pre- and post-period of 18th amendment in Pakistan’s constitution? and (4) What are the limitations and challenges of forest mapping in Pakistan?




2. Geographical Coverage


According to 73 published papers in the last 28 years (1993–2021), each administrative division of Pakistan is covered geographically, as shown in Figure 1. Out of these studies, three studies were conducted in Azad Jammu & Kashmir (AJK), only one in Balochistan province, three in Gilgit-Baltistan (GB), 12 in Islamabad Capital Territory (ICT), 31 in Khyber Pakhtunkhwa (KP) province, six in Punjab province, and 10 in Sindh province. The remaining seven studies were of either regional or national scales, including one or more administrative divisions of Pakistan (Table 1). Among all satellite data sets, the Landsat series (Landsat 5, 7, and 8) were primarily used satellite imagery for forest mapping in Pakistan, while among high-resolution optical imagery, Satellite pour l’Observation de la Terre (SPOT) satellite imagery was used mainly by the researchers. Among all the reviewed papers, which reported mean elevation, 11 studies were conducted between 1–1000 meters (m) above mean sea level, eight between 1000–2000 m, six between 2000–3000 m, 16 studies above 3000 m, and 32 studies did not mention the elevation (Table S1).




3. Review Methodology


Figure 2 presents the methodology of this literature review’s methodology workflow. The first step was carefully selecting the keywords for searching the literature through online available literature resources. These specific keywords for this review included forest mapping in Pakistan, remote sensing Pakistan, satellite image Pakistan, landcover mapping Pakistan, land-use and landcover mapping (LULC) Pakistan, land use and land cover mapping using remote sensing in Pakistan, biomass assessment using satellite imagery Pakistan, AGB using remote sensing Pakistan, forest cover mapping Pakistan, spatial analysis of forests in Pakistan, and so on. Several published papers were downloaded and managed in folders. These papers were filtered based on their respective titles and abstracts, and few published papers were screened based on the methodology section (which explains whether forest was among the LULC classes or not and which satellite imagery was used). Following this, a final selection of the papers underwent detailed reading, and data were extracted. The extracted data were managed in Microsoft Excel (MS Excel) database and were thoroughly analyzed. The analysis through MS Excel and R software produced maps, graphs, and charts. The write-up of this manuscript was designed after splitting the published papers into pre- and post-2010 scenarios to compare the statistics and discuss them further. Under these sections, the studies were divided into geographical areas (districts/provinces). The studies under these sections were discussed based on a baseline global forest cover data provided by Global Forest Watch (GFW) [24] and Global Mangrove Watch (GMW) [25]. The forest cover in each studied district/province was extracted, and contrast was made with the forest cover reported in respective studies. We used Mendeley Reference Manager, an open-source software, for managing, citing, and referencing published papers in the manuscript.



The first-ever study on spatial forest assessment in Pakistan was conducted in 1993, according to this review. From 1993 until now, we found 73 articles that presented various methodologies to map forest cover (as a main land cover class or as part of land use and land cover classes) and its change assessment using remotely sensed data and imageries. Out of these 73 published papers, only one study (around 1%) used the calibration method for classifying active remote sensing, i.e., SAR data, 4% of studies used the manual (digitization) method, 5% used the unsupervised image classification method, and 84% studies used the supervised image classification method, as shown in Figure 3. The remaining 6% of studies did not clearly report any methodology to be put among any image classification method.



Due to the 18th amendment in the constitution of the federation of Pakistan, provinces gained more autonomy and power [26]. This led towards a different approach of regions and other administrative areas of Pakistan towards forest management and conservation practices. Based on this, we divided the literature review into pre- and post-2010 scenarios. These sections were further divided into subsections based on the area/district/province/region in which these studies were conducted. The description of published papers in the pre- and post-2010 period is as follows.




4. Articles Published in the Pre-2010 Period


Appropriate classification techniques are fundamentally essential to generate reliable forest maps [27]. The classification methods were divided into supervised image classification, unsupervised image classification, and manual and calibration categories. Supervised image classification refers to the user’s choice of selecting training samples to train the algorithm for classifying the satellite image, while unsupervised image classification needs no training sample from the user for classification. Unsupervised image classification does not require the user to have the study area’s prior knowledge, and it is fast as well; however, practically, its results are often not satisfactory [28]. The manual method includes any other form with no known classification method, usually digitization, etc. Additionally, calibration refers to the technique used for processing the active sensor data like SAR.



In the pre-2010 period, very few (six) studies were conducted for spatial forest mapping, and assessment using remotely sensed data. Only two studies, using supervised image classification and unsupervised image classification method, were performed, while only a single study was conducted using a manual approach. Another study was conducted during this period in which the authors did not mention any method for image classification. Regarding the geographical area, two studies were conducted in the Margalla Hills area of Islamabad Capital Territory (ICT), one each in a part of Mansehra and Abbottabad district in KP, and one each in a part of Thatta and Kashmore district in Sindh (Table S2).



4.1. Islamabad Capital Territory (ICT)


The first study by Siddiqui and Jamil [29] used principal component analysis (PCA), an unsupervised image classification technique, using a maximum likelihood algorithm to map the forest in Margala Hills possessing an area of 148 square kilometers (km2), Islamabad. Their study incorporated SPOT XS, Landsat Multi-Spectral Scanner (MSS), and Landsat TM imageries to assess forest change between 1976–1987 and 1987–1990. This study classified forest class into dense and sparse forest subtypes and reported that forest area depleted between 1976 and 1987 but got an appraisal between 1978 and 1990. The second study by Malik and Husain [30] used pixel-based supervised classification for mapping forest in the same study area (126 km2). They used SPOT multispectral (XS) and Landsat 5 Thematic Mapper (TM) sensor for mapping forest areas. Other than forest, they classified other classes, including agricultural land, settlements/urban, and sparse vegetation. Their study did not mention the algorithm used for the classification, and they did not perform any accuracy assessment for the classified data. Their study calculated an annual forest decline rate of 0.6% between 1990–1998. Margala Hills lies in the north and northwest of ICT. Total forest cover extracted using GFW data (2019) was 102 km2 in the entire ICT.




4.2. Mansehra District


Only one study in the pre-2010 period was performed in the Mansehra district of KP. Using unsupervised image classification, Lodhi et al. [31] mapped forest cover in Siran Valley, a part of the Mansehra district. They used a nonhierarchical clustering procedure known as ISODATA (Interactive Self Organizing Data Analysis) algorithm to produce a landcover map of Siran valley in former NWFP. Using Landsat MSS and TM satellite data, their study reported a decline in overall tropical, dry, deciduous forest decline between 1979–1993 (from 202.7 km2 to 113.4 km2). The forest cover in the whole of Mansehra district using GFW data was 1385 km2 in 2019.




4.3. Thatta District


Only one study in the pre-2010 period was conducted in Keti Bunder, Thatta district of Sindh. This study was led by Saeed et al. [32] using a manual approach. They used band combination techniques to visually interpret dense, medium, sparse, and very sparse mangrove forests located in the study area. The decrypted image was then converted to a vector using an on-screen digitization approach. Using Landsat, Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) terra, and SPOT images for 1992, 2001, and 2007, they assessed that mangrove forests showed a declining trend from 1992–2001 (a net change of 19.38 km2) while an increasing trend from 2001–2007. Using the GMW data set, a total of 34 km2 of mangrove forest area was calculated in this coastal belt for 2019.




4.4. Kashmore District


The study by Siddiqui et al. [33] did not mention any image classification method. They worked on riverine forests in the Kashmore district of Sindh province using Landsat MSS and TM imageries for 1977, 1990, and 1998. This study evaluated that riverine forest declined at 8.78 km2 per year (km2/y) from 1977–1990 and 8.98 km2/y from 1990–1998. The total forest cover extracted using the GFW data in this district was 34 km2 for 2019.




4.5. Abbottabad District


The study was conducted by Abbas et al. [34] in Ayubia National Park (ANP), Abbottabad district of the former North Western Frontier Province (NWFP). Their study utilized object-based image analysis (OBIA) incorporating a supervised image classification method using high-resolution optical imagery of QuickBird. Using a neural network (NN) fuzzy classifier algorithm, they mapped forest subtypes, including conifer forest, conifer (shadowed) forest, and mixed forest in the complex topography of ANP. This study did not perform any forest change assessment but reported 29.56 km2 of forest cover. This district’s total forest cover area was 765 km2, as calculated from the GFW data set.





5. Articles Published in the Post-2010 Period


Around 90% (67) papers reviewed in this study were published in the post-2010 period. Most of these papers (59) used the supervised image classification method for classifying the satellite imageries to extract land use and land cover of the study areas. One study used the calibration of active remotely sensed data from the remaining studies, two studies used unsupervised image classification method, and three studies used the manual classification method, while two studies did not mention any method in their papers. Geographically, most of the studies (10) were conducted in ICT, seven in Swat district, five in Abbottabad district, five in Dir district, four each in Chitral and Thatta districts, two each in Mansehra, Rawalpindi, Gilgit, and Shaheed Benazirabad districts, three in the provinces of KP, GB, and AJK, three national-level studies on mangrove sites of Pakistan, and the remaining studies were performed in the remaining districts (one in each district).



5.1. Abbottabad District


A total of five studies were conducted in the Abbottabad district of KP (the former NWFP). The forest cover extracted from the GFW data set, for the year 2019, in this district was 765 km2.



The first study (post-2010) on the urban forest assessment was conducted by Raza et al. [35] in the part of Abbottabad district (1967 km2 area) of the former NWFP using Landsat TM, Enhanced Thematic Mapper (ETM), and ETM+ satellite imageries for 1998, 2005, and 2009. The maximum likelihood algorithm was used through the supervised image classification method to assess landcover classes of settlement, vegetation, water, forest, and bare land. Overall forest change from 1998–2009 was positive in this study, i.e., 11.943–14.77%. A subsequent study by Khan et al. [36] used SPOT-5 to assess urban forests in the Abbottabad district (4600 km2 area) of KP for 2014. This study used the supervised image classification method to compare the MDC algorithm and parallel-piped classifier algorithms. This study did not report forest cover stats. Gul et al. [37] conducted another study in the Abbottabad district (4999 km2 area) of KP to map urban forests using SPOT-5 data. They used two different classifiers, the NN classifier and Support Vector Machine (SVM) classifier, in OBIA to compare the classification results. This study also did not report forest stats. The study by Nisa et al. [38] used Landsat 5 data to map urban forests in a part of Abbottabad district (1756 km2), KP. They used a pixel-based supervised image classification method to classify 2000 and 2009 Landsat images and reported that overall forest area decreased from 211.5 km2 in 2000 to 195.9 km2 in 2009. The last study in this district was led by Ullah et al. [39] and aimed to assess alpine forest distribution and change assessment in a part of Abbottabad district (1967 km2), KP, using Landsat 5 TM, Landsat 7 ETM+, and Landsat 8 Operational Land Imager (OLI)/Thermal Infrared Sensor (TIRS). They used the non-parametric image classification technique of SVM through the supervised image classification method to classify images of 1987, 2002, and 2017. This study assessed a positive change in the forest area of 2.90% between 1987–2017, in contrast to the previous research by Nisa et al. [38], who assessed a decrease in the forest in the same study area between 2000–2009. As per the GFW data, the total forest cover they assessed for 2017 was 730 km2, which increased to 765 km2.




5.2. Chitral District


A total of four studies were conducted in the Chitral district of KP (former NWFP). The forest cover extracted from the GFW data set, for the year 2019, in this district was 247 km2.



The first post-2010 study focused on mapping the dry temperate forest of Chitral tehsil (5818 km2) of Chitral district in the former NWFP by Shehzad et al. [40]. They achieved their objectives using the Landsat TM satellite data for 1992, 2000, and 2009. Using a pixel-based supervised image classification method, the study found that the deforestation rate increased from 0.14% per annum during 1992–2000 to 0.54% per annum during 2000–2009, with 3759 ha forest lost over the 17 years. This study reported 37.6 km2 forest loss during this period. Zeb et al. [41] published the subsequent paper on the Kalasha valleys (456 km2) of Chitral district, KP, using Landsat imagery for 2003 and 2015. They used supervised image classification incorporating a maximum likelihood algorithm and indicated a decline in forest area without mentioning the statistics. Similarly, the following paper, again by Zeb et al. [42], was performed in the same study (456 km2) area using Landsat MSS, Landsat TM, Landsat ETM+, and Landsat OLI satellite imageries for 1973, 1993, and 2015 to map the dry, temperate, coniferous forests. This study also used the pixel-based supervised image classification method to report an overall decline in the forest area between 1993–2015 with a reduced rate of 0.6% and 0.9% per year in different valleys of the study area without mentioning the actual forest cover statistics. The third paper, by the same author Zeb [43], attempted to map the dry, temperate, conifer forests, deciduous forests, and oak scrub forests of the study area of Chitral district (14,850 km2), KP. Using Landsat images and applying the supervised image classification method, this study mapped dense and sparse forests between 1973, 1993, and 2015. The author reported an annual rate of change of −0.43% between 1973–1993 and −0.82% between 1993–2015, with an overall rate of change of forest of −0.63% between 1973–2015. This study reported forest cover of 689 km2 in 2015, compared to a very low estimated forest cover of 247 km2 through GFW for 2019.




5.3. Dir District


A total of five studies were conducted in the Dir (Lower and Upper) district of KP. The forest cover extracted from the GFW data set for 2019 was 257 km2 for Lower Dir, 1019 km2 for Upper Dir, and 1276 km2 for both divisions of the Dir district.



The first study in this regard, by Sajjad et al. [44], used Landsat 5 data to map the coniferous forests mixed with the broadleaved forest in Barawal tehsil (391 km2 area) of district Lower Dir, KP, using a pixel-based supervised image classification technique. They concluded that from 2000–2012, the forest area decreased by 12% (from 193.5 km2 to 145.2 km2) and the agriculture area increased by 7%. The study published by Munawar et al. [45] worked on mapping the temperate conifer forests using SPOT and MODIS satellite data in the district of Dir (Lower and Upper), KP, possessing a 4198 km2 area. They obtained land cover from the Global Land Vegetation Monitoring (GVM) project and reported that in 2001 the forest change was −362 km2 using SPOT and −587 km2 ha using MODIS, while in 2012, it was 151 km2 ha using SPOT and 416 km2 ha using MODIS, showing a positive trend in the forest area. The following, conducted by Ullah et al. [46] in the Dir Kohistan (Part of Upper Dir) forest division (927 km2 area), KP, used SPOT-5 imagery to spatially assess subtropical broadleaved oak forest temperate distribution coniferous forest, alpine, and subalpine forests. They used the pixel-based supervised image classification method to classify images of 2004, 2007, 2010, and 2013 and found that the forest declined 6.4% from 2004 to 2013 with an annual rate of −0.6%. The forest cover reported for 2013 was 289.5 km2. The study by Ullah et al. [47] used Landsat 8 OLI and SPOT-5 to map the subtropical oak forest and dry temperate coniferous forest using multiple non-parametric image classification techniques, including k-nearest neighbor (k-NN), SVM, random forest (RF), and NN in part of Dir Kohistan forest division (99 km2 area), KP. This study reported an average forest cover of 43.4 km2 using all image classification algorithms. The last study conducted in this district used a manual approach (digitization) for satellite image classification, conducted by Haq et al. [48]. They used land-use surveyed maps to estimate coniferous and alpine forests in the study area of Dir (Lower and Upper) valley, KP. They scanned the maps and digitized them for 1970 and 2014 and found that 17% of forests declined during this period. This study did not mention forest cover statistics.




5.4. Gilgit District


A total of two studies were conducted in the Gilgit district of GB. The forest cover extracted from the GFW data set, for the year 2019, in this district was 148 km2. It is important to note that both of these studies were conducted in a part of this district, and none of the studies used the district as a whole.



The study by Khan et al. [49] in the Central Karakoram National Park (CKNP), GB (10,000 km2 area), used high-resolution SPOT-5 satellite data to map the forest area for 2013. However, the study did not report any statistics on the land cover. In the paper by Imran and Din [50], they used Sentinel-2 satellite images to map the alpine, sub-alpine, and coniferous forests of Bagrote valley (4.4 km2) in GB. This study utilized OBIA incorporating an NN classifier to map the landcover for 2016 in the study area. This study classified the images into the landcover classes of dense conifer, sparse conifer, agricultural land, linear/block plantations, sparse broadleaved, sparse mix, dense mix, and dense broadleaved. The study reported forest cover (including all types) as 0.28 km2 (6.4% of the study area).




5.5. Islamabad Capital Territory (ICT)


A total of 10 studies were conducted in the federal area of ICT, which is the maximum number of studies in a single district. The forest cover extracted from the GFW data set, for the year 2019, in this district was 102 km2.



Among the twin studies by Butt et al. [51], the first study used Landsat 5 TM data to spatially assess the conifer forest and dry, semi-evergreen forest in the Rawal watershed (274.4 km2 area) near ICT. They evaluated a decrease in forest area from 1992–2012 using maximum likelihood in the supervised image classification method with an annual rate of –6.6%. This study reported a forest cover of 122.9 km2 in this watershed. The second study, by Butt et al. [52], used Landsat 5 TM and SPOT data sets to evaluate landcover in the Simly watershed (164 km2 area) near ICT using the supervised image classification method. They reported that vegetation (mixed forest) in 1992 was 113.2 km2, decreasing to 70.1 km2 in 2012, with a −26% change. The following study by Hassan et al. [53] used Landsat 5 TM and SPOT-5 imageries for 1992 and 2012 to map forest change in ICT (907 km2 area). Using a pixel-based supervised image classification method, their study evaluated that the forest area in Islamabad declined from 121.4 km2 in 1992 to 61.4 km2 ha in 2012, with an annual rate of change of –2.47%. In contrast, the forest cover in the same area was extracted as 102 km2 using a global forest data set. Following this, Mannan et al. [54] used Landsat 5 TM, Landsat 7 ETM, and Landsat 8 OLI to assess forest change of subtropical, broad-leaved evergreen and subtropical Chir Pine forests in Margallah Hills National Park (MHNP), Islamabad, from 1990 to 2017, possessing an area of 174 km2. Using the maximum likelihood classifier in the supervised image classification method, they reported that dense forests decreased by 11.14% (with a rate of −0.41% per year) and open forests increased by 4.28% (with a rate of 0.15% per year). The research conducted by Batool and Javaid [55] used Landsat 7 ETM+ and Landsat 8 OLI to map forest change between 2000–2018 in MHNP (571 km2), Islamabad. Using the maximum likelihood algorithm in the supervised image classification method, they reported a net change of –13% from 2000–2018, a loss of 651.48 km2 of forest area. The paper by Waseem and Khayyam [56] used Landsat 5 and Landsat 8 satellite data to map the forest area of ICT (907 km2). They used the supervised image classification method to report that the study area faced a 22% reduction in the vegetative (forest) cover area between 1992 and 2017, with a high, 51%, reduction between 2008 and 2017. The study by Khan et al. [57] focused on the impact of land use and land cover changes on the urban heat island in Islamabad (906 km2) using a machine learning RF algorithm. They used Landsat 5 TM and Landsat 8 OLI images to map Islamabad’s subtropical broadleaves and pine forests for 1993 and 2018. They assessed a net change in the forest area of −1.4% between 1993–2018. The forest cover reported for 2018 was 266.8 km2. Gilani et al. [58] worked on urban landscape ecology dynamics of Islamabad (906 km2) over four decades (1976–2016) using Landsat 3 MSS, Landsat 5 TM, Landsat 7 ETM+, and Landsat 8 OLI satellite images. They mapped the tropical forest cover of Islamabad using the supervised image classification method and reported that the annual rate of change of tree cover >40% canopy between 1976–2016 was −0.81%. The reported 132.3 km2 area for tree cover >40% canopy. Subsequently, Shah et al. [59] used Landsat MSS, Landsat TM, Landsat ETM+, and Landsat OLI sensors’ data to spatially assess thick and mixed forest land distribution in Islamabad (906 km2) for 1979, 1989, 1999, 2009, and 2019. Using the supervised image classification method, their study indicated that 81.3 km2 of forest area declined from 1979 to 2019. This study reported forest cover of 93.4 km2 for 2019 in contrast to 102 km2 of forest cover extracted from the global data set for the same year, 2019. The last study on ICT (906 km2) by Shah and Nizami [60] used OBIA for the same years using the same satellite data as in their previous research. This study also indicated the same 81.3 km2 deforestation between 1979–2019.




5.6. Mansehra District


A total of two studies were conducted in the Mansehra district of KP. The forest cover extracted from the GFW data set, for the year 2019, in this district was 1385 km2. It is important to note that both of these studies were conducted in a part of this district, and none of the studies used the district as a whole.



The first study, by Amjad et al. [61], used Landsat 5 and Landsat 8 satellite imageries to map the tropical forest of Mansehra district (4,296 km2 area), KP, for 1998, 2008, and 2017. Using the pixel-based image classification method, they reported that the forest in the study area increased from 1998 to 2008 and had a huge decrease from 1998 to 2017. This study reported 668 km2 forest cover in 2008 compared to 194 km2 in 2017. The second study, by Ullah et al. [62], used Landsat 5 TM, Landsat 7 ETM+, and Landsat 8 OLI data to map the land cover of a study area within Mansehra and Battagram districts (1802 km2 area) of KP. The forest cover for the Battagram district extracted through the GFW data set was 462 km2. The study used a supervised image classification method incorporating non-parametric image classification techniques (SVM and Andreson classification scheme level 1). This study reported vegetation (forest) cover in 1990 to be 1017.66 km2, in 2002 to be 933.25 km2, and in 2017 to be 841.89km2, with a net change of -9.88% between 1990–2017.




5.7. Rawalpindi District


A total of two studies were conducted in the Rawalpindi district of Punjab. The forest cover extracted from the GFW data set, for the year 2019, in this district was 712 km2.



Shahzad et al. [63] explored the trend of the Himalayan subtropical pine forests using SPOT-5 high-resolution optical imagery from 2005–2011 in the Murree galliat area (468 km2 area), Rawalpindi district, Punjab. They used the standard NN technique in OBIA through supervised image classification to assess forest conversions in the state-owned and community/private forests. The results showed a decrease of about 5 km2 of ‘closed-canopy Pinus wallichiana’ forest from 2005–2011 in the state-managed area, whereas a reduction of about 2 km2 in the community/private forest was observed. The following study, by Mannan et al. [64], utilized Landsat 5 TM and Landsat 8 OLI satellite images to explore the sub-tropical and moist temperate forests in the foothills of the Himalayan mountains (622 km2 area), Rawalpindi district, Punjab. Using a pixel-based maximum likelihood algorithm in supervised image classification, they reported that the annual rate of forest change between 1998–2008 was −0.09%, which increased to −0.32% between 2008–2018. This study reported 392.3 km2 forest cover in the study area, and the projected forest cover for 2018 was 405.5 km2.




5.8. Shaheed Benazirabad District


A total of two studies were conducted in the Shaheed Benazirabad district of Sindh. The forest cover extracted from the GFW data set, for the year 2019, in this district was 11 km2. Siyal et al. [65] conducted a study in the Pai forest (20 km2 area), located in the Shaheed Benazirabad district of Sindh, using Landsat TM, ETM, and OLI satellite imageries. They used supervised image classification to map dense and sparse forests for 1987, 1992, 2000, 2010, 2013, and 2014. They observed that the total forest cover of the study area increased about 24% from 1992 to 2010 and about 6% from 2010 to 2014. The study reported 16.4 km2 of total forest cover in 2014. The second study in this district, by Shafique et al. [66], evaluated Landsat 8 OLI/TIRS to map the Pai forest (19 km2) in district Shaheed Benazirabad, Sindh. Using unsupervised image classification indexes of Normalized Difference Vegetation Index (NDVI) and Enhanced Vegetation Index (EVI), they reported that forest carbon stock declined between 2018–2020. However, this study did not report statistics of forest cover found in the study area.




5.9. Swat District


A total of seven studies were conducted in the Swat district of KP. The forest cover extracted from the GFW data set, for the year 2019, in this district was 939 km2. The first post-2010 study in this district (5037 km2) used the manual method for image classification, published by Qasim et al. [67]. This study aimed to map conifer forests of Swat district, the former NWFP, using aerial photographs and satellite imageries. The forest area was digitized through visual interpretation, and they found a significant decrease in forest area from 1968–2007. The study reported a total of 56.5 km2 of forest cover in three selected zones of this district. The work on coniferous forest mapping by Qasim et al. [68] in this district (5037 km2 area) used a manual digitization approach using aerial photographs and satellite imageries for 1968, 1990, and 2007. They divided the study area into different zones, A, B, and C. In zone C, 75.1% of the forest area was converted to rangeland in 40 years, whereas this happened to 37.8% of the area in zone A. Afforestation also occurred in the study area but was negligible compared to deforestation. The subsequent study was conducted by Qamer et al. [69], who used Landsat 5 TM, Landsat 7 Enhanced Thematic Mapper Plus (ETM+), and SPOT-5 High-Resolution Visible (HRV) imageries to temporally map the western Himalayan subalpine conifer and subtropical pine forests in Swat and Shangla districts of the former NWFP. The forest cover in the Shangla district was 539 km2, as calculated through the GFW data set. Using a pixel-based image classification method, they mapped dense and open forest in the study area for 2001 and 2009 and found an average annual gross deforestation rate of 0.82%. This study reported an overall forest area of 1572.82 km2 for 2009 compared to 1478 km2 forest cover (for 2019) extracted from the GFW data set for both districts. The study by Ali et al. [70] used Landsat imagery to estimate the spatial distribution of tropical deciduous to the alpine forest in the Swat valley (5337 km2 area), KP. They assessed forest change between 1992–2011 and reported a 13.42% decrease in the dense forest, while open forest increased from 926 km2 in 1992 to 116.7 km2 ha in 2011. A subsequent study by Ahmad et al. [71] mapped coniferous forest change in Kumrat valley (346 km2 area), district Swat, KP, using Landsat 5 TM and Landsat 8 OLI satellite data. They used the supervised image classification method to state a net loss of 6.3 km2 (with a rate of 0.29 km2 per year) from 1994–2016. Ahmad et al. [72] used Landsat 8 OLI to map Cedrus Deodara forest, Pinus Wallichiana forest, Abies pindrow, and mixed coniferous forest in the Kumrat valley (346 km2 area), district Swat, KP. They used a maximum likelihood classifier in the supervised image classification method and mapped dense and open forests for 2016. This study reported a total of 176.9 km2 of forest cover in the study area for 2016. The last study in this district, by Talib et al. [73], used Landsat TM, Landsat ETM+, and Landsat OLI/TIRS to map the forests of Swat valley (5392 km2 area). The study reported that the forest area decreased from 1473.1 km2 in 2000 to 1235.40 km2 in 2005 to 1167.093 km2 in 2010 to 1086.05 km2 in 2015. In contrast to this, the forest cover extracted through the GFW data set was 939 km2 for 2019.




5.10. Thatta District


A total of four studies were conducted in the Thatta district of Sindh. The forest cover (riverine and mangrove forests) extracted from the GFW (2019), and GMW (2016) data sets in this district was 964.9 km2. The first study on mangrove forest cover assessment was led by [74] in the Indus delta (1010 km2 area), district Thatta, Sindh. Along with Landsat TM, they were the first in Pakistan to use Landsat 8 OLI satellite data for forest cover assessment. They incorporated a supervised classification method combined with a manual digitization method to delineate mangroves, mudflats, vegetation/crop, algae, sand, and water for 2009 and 2014. The results showed that the total area of mangrove cover was 946.52 km2 using supervised image classification and 960.83 km2 using manual digitization in 2009, while it was 1010.11 km2 using supervised image classification, and 1082.71km2 using manual digitization in 2014, clearly indicating an increase in mangrove forests. The second study, by Qasim et al. [75], in district Thatta (17,361 km2 area), Sindh, used Landsat imagery to map the riverine/mangrove forest by applying a maximum likelihood algorithm in supervised image classification. Their study evaluated that the forest area declined from 1527.6 km2 in 1990 to 1293.1 km2 in 2010 to 1022.2 km2 in 2014. The paper by Rehman and Kazmi [76] attempted to map mangrove forests in the Indus delta (11,962 km2 area), district Thatta, Sindh, using Landsat 7 ETM+ and Landsat 8 OLI satellite images. They used the supervised image classification method to map dense and regular mangroves for 2000 and 2014. Their study assessed an annual decrease rate of dense forests of −0.93 km2 and regular mangroves’ yearly increase rate of 23.21 km2 from 2000–2014. The total mangrove forest cover in this study was 953.2 km2 for 2014. The last study in this district (942 km2 area) by Abbasi et al. [77] used Landsat 3 MSS and Landsat 5 TM satellite imageries to map the Thatta river’s riverine forest in the Indus river basin, Sindh. Using the supervised image classification method, they mapped the riverine forests for 1979, 1992, 1998, 2000, 2006, 2009, and 2010 and observed an enormous net change in the forest area of −89.07% between 1979–2010.




5.11. Khyber Pakhtunkhwa (KP), Gilgit-Baltistan (GB), and Azad Jammu and Kashmir (AJK)


A total of three studies were conducted collectively in three administrative areas of Pakistan, including KP, GB, and AJK. The forest cover extracted from the GFW data set, for the year 2019, in this study area was 15,103 km2. Qamer et al. [78] conducted the first regional-level study, including the province of KP and the administrative units of GB and AJK (182,600 km2 area) using Landsat TM and ETM satellite imageries for 1990, 2000, and 2010. The study evaluated that the overall annual forest cover rate of change was –0.38% for the entire area from 1990 to 2010 (KP −0.42%, GB −0.31%, and AJK −0.13%). The total forest cover in this entire region was 21,521 km2 for 2010. The second such study, published by Munawar and Udelhoven [79], used MODIS to map the evergreen coniferous forest, including some deciduous broad-leaved forests, for 2000–2018 in KP, GB, and Kashmir (183,000 km2 area) regions. However, the study does mention that it used pixel-based classification, but without reporting the method, and it also did not mention the forest change statistics. The following study, by Khan et al. [80], used Landsat 5 and Landsat 8 remotely sensed images to map the alpine forests existing in the northern part of Pakistan (GB, KP, and AJK), possessing an area of 85,435.4 km2. They used a maximum likelihood classifier to map the forests for 2000, 2010, and 2020. This study mainly aimed to find the impact of land use and land cover changes on snow leopards’ habitat. An unfavorable change of 1777.20 km2 (−32%) was observed in the forest woodland between 2000–2020. The study reported a forest cover of 6649.8 km2 for 2020.




5.12. Coastal Mangrove Sites of Pakistan


The coastal mangrove sites of Pakistan consist of five locations, including Indus Delta and Sandspit in Sindh, and Miani Hor (Sonmiani Bay), Kalmat Khor, and Jiwani (Gwadar Bay) in Balochistan. The total mangrove forest cover assessed through the GMW data set collectively in these sites was 680 km2 in 2016. The first national-scale study, by Abbas et al. [81], used NN and rule-based methods in OBIA to map mangrove forests using ALOS AVNIR-2 for 2009. The total mangrove forest cover for all these sites was 981.3 km2 in this study. The following study was done by Abbas et al. [82], who used a NN fuzzy classifier through OBIA to map the mangrove forest belt located at the coastal belt (1580 km2 study area) of Pakistan. Advanced Land Observation Satellite’s (ALOS) Advanced Visible and Near Infrared Radiometer type 2 (AVNIR-2) sensor high-resolution data were used for 2008–2009. The total mangrove forest cover for all these sites was 924.1 km2 in this study. The latest study by Gilani et al. [83], mapped national-level mangroves in Pakistan, including various sites (9538 km2 area) for 1990, 1995, 2000, 2005, 2010, 2015, and 2020. Processing and classification of Landsat 5 TM, Landsat 7 ETM+, and Landsat 8 OLI satellite images reported a national-scale increase in a mangrove from 477.22 km2 in 1990 to 1463.59 km2 in 2020 with an annual rate of change of 3.74%.




5.13. Other Districts


The remaining 18 studies were performed in different districts of Pakistan. The study by Abbasi et al. [84] in the forest divisions of the districts of Sukkur and Shikarpur (1997 km2 area), Sindh, used Landsat MSS and TM satellite images to generate landcover maps of riverine forests for 1979, 1992, 1998, 2000, 2006, and 2009. Their study examined a considerable decline, 85%, of riverine forests from 1979–2009. Forest cover in 1979 was observed as 22.67% of the total study area, while in 2009, it was 5.97% (119.2 km2). The total forest cover of both districts was calculated as 12 km2 using the GFW data set (2019). The study by Iqbal and Khan [85] in the Muzaffarabad district of AJK (740 km2 area) used Landsat TM satellite data to map subtropical, evergreen, dry, broad-leaved forests, subtropical Chir pine forests, and temperate broad-leaved forests for 1998 and 2009 using the pixel-based supervised image classification method. The classification results revealed that, from 1998 to 2009, over a period of about 11 years, forest cover and low vegetation decreased at the annual rate of 2.70% and 2.60%, respectively. This study reported a forest cover of 155.5 km2 for 2009 compared to 724 km2 calculated through the GFW data set (2019). Batool et al. [86] used Landsat ETM data to map forest cover in the Thak valley (Diamir District), KP. Using supervised image classification, the forest change assessment in the study area (213 km2) was performed for 1989, 1999, and 2009, where forest decreased from 85.83 km2 in 1989 to 34.4 km2 in 2009. The total forest area in the entire district was calculated as 570 km2 using the GFW data set for 2019. Among all the reviewed papers in this review, only one study, conducted by Baig et al. [87], used active remotely sensed data. Using a calibration technique, they mapped an irrigated forest plantation (47 km2 area) in the Sahiwal district, Punjab, through SAR ALOS-2 PALSAR (the Phased Array type L-band Synthetic Aperture Radar). Along with this, they used WorldView-3 imagery to verify their results. They mapped various forest tree species, including Shisham (Dalbergia sissoo), Sufeda (Eucalyptus camaldulensis), Toot or Mulberry (Morus alba), and Simal (Bombax ceiba) in pure and mixed forms with naturally grown Mesquite (Prosopis juliflora). The total forest area in the entire district was calculated as 3 km2 using the GFW data set for 2019. Younis and Ammar [88] mapped the forest area in Besham watershed (which lies within Buner and Mansehra districts), KP, using Landsat 5 TM satellite data from 2000–2010 with an area of 6812 km2. This study reported a net loss of 17% (3.88 km2) from 2000–2010 in the forest area. This study reported forest cover of 1892.6 km2 for 2010 compared to 1849 km2 forest cover in both of these districts (Buner and Mansehra) through the GFW data set for 2019. The following study, led by Rashid and Iqbal [89], used Landsat 4–5 TM, Landsat 7 ETM, and Landsat 8 OLI to map conifer and pine forests along the Karakoram Highway (N-35), through KP, to GB (4,200 km2 area). The study used imageries of 1990, 2000, 2010, and 2016 and reported a 26% decrease in the forest cover during this period. The total forest cover of KP and GB combined was 11,042 km2, as per the GFW data set for 2019. The following study, by Khan et al. [90], used Landsat 5, Landsat 7, and Landsat 8 images for 1996, 2003, and 2016 to map the urban forest in Peshawar district (1257 km2 area), Pakistan. This study used the supervised image classification method to report vegetation (including forest) increase from 1996 to 2003 and then decrease from 2003 to 2016. An overall vegetation decrease of 21.90% was described between 2003 to 2016. The total forest area in the entire district was calculated as 9 km2 using the GFW data set for 2019. The study by Urooj and Ahmad [91] incorporated Landsat 5 TM, Landsat 7 ETM+, and Landsat 8 OLI to map the dry, subtropical thistle and scrub forests in and around the surroundings of Mangla Dam (3053 km2 area) in the Mirpur district of AJK. Using the supervised image classification method, they mapped the land cover of 1992, 2002, and 2013 and reported that deforestation occurred with a net change of 547.45 km2 from 1992 to 2013. The total forest area in the entire district was calculated as 63 km2 using the GFW data set for 2019. The study by Khan et al. [92] used Landsat TM, Landsat ETM+, and Landsat OLI satellite data sets to map temperate forests in Sudhnuti district (471 km2 area), AJK. They extracted vegetation fractions (forest, non-forest area) using Linear Spectral Mixture Analysis (LSMA), a supervised image classification approach, for 1989, 1993, 1999, 2005, 2010, 2015, and 2018. As a result, they reported that the forest area declined between 1989–1993 and 1993–1999; it increased between 1999–2005, 2005–2010, 2010–2015, and 2015–2018. This study reported approximately 203 km2 of forest cover for 2018 compared to 297 km2 for 2019, as calculated through the GFW data set. The subsequent study by Mahmoudi et al. [93], used Moderate Resolution Imaging Spectroradiometer (MODIS) data to map regional mixed forests of Balochistan and the eastern Iran region (769,824 km2 area). Using MODIS land cover type product (MCD12Q1) on a yearly basis, this study reported that the forest area increased between 2001–2013. The total forest area in the entire province of Balochistan was calculated as 18 km2 using the GFW data set for 2019. The following research, by Ali et al. [94], used SPOT-5 satellite imagery to map Subalpine, dry temperate, moist temperate, oak, subtropical broad-leaved, subtropical pine, and dry tropical thorn forests of KP (11,336 km2 area) using OBIA. The total forest area in the entire province of KP was calculated as 10,123 km2 using the GFW data set for 2019. The following study by Saddique et al. [95] used Landsat TM, Landsat ETM+, and Landsat OLI to map the evergreen and deciduous forests in the river Jhelum basin (Mangal Dam watershed), AJK (33,397 km2 area). Using a machine-learning algorithm (RF) in supervised image classification, they reported that the forest area showed a positive difference of 2806.87 km2 between 2001–2009 and 2009–2018. This study reported a forest cover of 12,118 km2 for the entire watershed for 2018. The total forest area in the entire AJK region was calculated as 4061 km2 using the GFW data set for 2019. The following study, conducted by Hussain et al. [96], used Landsat TM and Landsat OLI satellite imagery in the urban forest (3650 km2 area) of Multan district, Punjab. They mapped the study area for two cropping seasons of Rabi and Kharif. They reported that the forest area gained a negative change of –41 km2 from 1988–2017 during the Rabi season and –48.6 km2 for the same period during the Kharif season. This study reported a forest cover area of 53 km2 compared to 59 km2 extracted through the GFW data set for 2019. Another research work by Hussain et al. [97] for mapping urban forest in Lodhran district, Punjab, used Landsat 4–5 TM, Landsat 7 ETM+, and Landsat 8 OLI satellite images for 1977, 1987, 1997, 2007, and 2017. Using a maximum likelihood classifier in the supervised image classification, they reported that the vegetation (forest) area increased from 87.9% (of the total study area) in 1987 to 90.8% in 2017. The total forest area in the entire district was calculated as only 1 km2 using the GFW data set for 2019. That the subsequent study used the supervised image classification method was published by Khan et al. [98], who used Landsat 7 and Landsat 8 satellite images to map the Himalayan moist temperate and sub-alpine temperate forests’ AGB of Battagram (1507 km2 area), KP, for 2000 and 2015. Their study indicated a –16.88% loss in the forests of the study area with an annual deforestation rate of 2.51%. This study reported a forest cover area of 450.8 km2 in 2015 compared to 462 km2 extracted through the GFW data set for 2019. Ali and Nayyar [99] used Landsat 8 OLI satellite imagery to assess mangrove forests located in the Karachi region’s coastal belt (2030 km2 area) for 2017 using the unsupervised image classification method. They used pixel-based spectral indexes, including NDVI, Normalized Difference Moisture Index (NDMI), Ratio Vegetation Index (RVI), EVI, Combined Mangrove Recognition Index (CMRI), and Soil Adjusted Vegetation Index (SAVI) to delineate mangrove and non-mangrove land covers. This study reported a mangrove forest cover area of 228.6 km2 in 2017 compared to 34 km2 extracted through the GMW data set for 2019. The difference in the areas is because mangroves do not have an exact boundary. The paper by Haq et al. [100] used Landsat 3 MSS, Landsat 7 ETM+, and Sentinel 2A satellite images to map dense Deodar and Pine forest, Juniperus Communis (juniper), Pinus Wallichiana (blue pine), Abies Webbiana (silver fir), Aesculus Indica (bankhor), Pinus species, Cedrus Deodara (deodar), Abies Pindrow (palunder), Pinus Gerardiana (chalghoza), and Juglans Regia (walnut) in the Palas valley in Kohistan district (7492 km2 area), KP. Using the maximum likelihood classification technique in the supervised image classification method, this study reported that the forest cover declined between 1980–2017, with a change of −12.23%. This study reported a forest cover area of 198.6 km2 in 2017. The forest cover of the entire Kohistan district, extracted through the GFW data set, was 1304 km2. The last reviewed study, performed by Zafar et al. [101], used MODIS data to map the coniferous, broad-leaved, and mixed forests in GB (68,601 km2 area) using a pixel-based supervised image classification method. This study reported that a substantial increase in the forest was observed between 2008–2017 yearly. This study reported an overall forest cover in the study area as 0.081% of the total area, while the GFW data set showed 919 km2 of forest cover in the entire GB for 2019.





6. Accuracies, Assessments, and Validations for Forest Mapping


Abbas et al. [34] reported overall accuracy of 89.99% without mentioning ground-truthing/validation points used to assess overall accuracy. The subsequent study used the supervised image classification method by Abbasi et al. [84], who used the maximum likelihood technique and assessed overall accuracy and kappa coefficient for accuracy assessments of generated land covers. Overall accuracies of 99.96%, 99.9%, 99.53%, 99.96%, 99.93%, and 99.68% with kappa coefficient values of 0.9995, 0.9996, 0.9935, 0.9994, 0.9985, and 0.9945 were calculated for the years 1979, 1992, 1998, 2000, 2006, and 2009, respectively. Similarly, Abbas et al. [102] used overall accuracy and the kappa coefficient to assess the accuracy of the national-level mapping of mangrove forests in Pakistan. Two hundred fifty ground validation points were used to assess the accuracy of the classified map. Their study achieved an overall accuracy of 83.2%, along with the kappa coefficient value of 0.7301. The study by Qamer et al. [103] was the first to use the user’s and producer’s accuracies and overall accuracy assessment. However, they did not mention the observed accuracy values (user’s and producer’s accuracies) and only mentioned overall accuracies of 79.2% and 81.1% for 2001 and 2009. Abbas et al. [81] used the OBIA method to map mangrove forests in Pakistan and assessed the accuracy of their classified image using overall accuracy and kappa coefficient. In this national-scale study, they found overall accuracies of 80.2%, 84.6%, 80.5%, 78.9%, and 83.7%, and kappa coefficients of 0.71, 0.74, 0.76, 0.69, and 0.73 for the study locations of Indus delta, Sandspit, Kalmat Khor, Miani hor, and Jiwini, respectively. Shehzad et al. [40] presented the first study that mentioned and reported the maximum accuracy assessments, including overall accuracy, kappa statistics, producer’s accuracy, and user’s accuracy. The total accuracy rate (total number of accurate pixels compared to the number of pixels taken as reference) was 87.6%, and the kappa statistics value was 85.0%. The producer’s accuracy was over 80% in all classes except agricultural fields (78.9%), and the user’s accuracy was over 80% in all classes except for grasses (75%). The subsequent study by Iqbal and Khan [85] also reported all major accuracies. Overall accuracy and kappa coefficient were 89%, 86%, and 86%, 82% for 1998 and 2009. User’s accuracies were assessed to be >84% and >77% for all classes while producer’s accuracies were >90% (except bare soil class, i.e., 85%) and >87% (except bare soil class, i.e., 79%) for 1998 and 2009. Shahzad et al. [63] used high-resolution SPOT-5 imagery and, with the help of 117 ground validation points, they calculated an overall accuracy of 94.01%, kappa coefficient of 0.93, producer’s accuracy >91.67% (for all classes except scrub forest, i.e., 85.71%,), and user’s accuracy >80.95% (for all classes) for 2011. Khan et al. [36] compared the Mahalanobis Distance Classification (MDC) algorithm and Parallel-piped classifier using different accuracies. The MDC algorithm assessed overall accuracy of 95.4%, kappa coefficient of 0.937, producer’s accuracy of >95.34% (except sparse vegetation class, i.e., 76.31%), and user’s accuracy of 84.84% (except settlements class, i.e., 75.65%) compared to Parallel-piped classifier that resulted in an overall accuracy of 85.97%, kappa coefficient of 0.8115, producer’s accuracy of 70.28% for all classes, and user’s accuracy of 61.55% (except sparse vegetation class, i.e., 46.84%). Butt et al. [51] used 100 validation points to assess overall accuracy and kappa coefficient of 95.32%, 0.9237 for 1992, and 95.13%, 0.9070 for 2012, respectively. Similarly, Butt et al. [52] used 100 validation points to calculate accuracies of classified images using Landsat 5 TM and SPOT imageries. They reported overall accuracy and kappa coefficient of 95.32% and 0.9237 for 1992 and 95.13% and 0.9070 for 2012, respectively. Hassan et al. [53] used 100 validation points to assess overall accuracy and kappa statistics. They found 89% overall accuracy and 0.89 kappa value for both 1992 and 2012. Similarly, Qamer et al. [78] performed a regional-level study and assessed overall accuracy, producer’s accuracy, and user’s accuracy. Their study resulted in an overall accuracy of >80% for sparse coniferous forest and >84% for all other forest types (dense coniferous forest, dense mixed forest, sparse mixed forest, dense broad-leaved forest, and sparse broad-leaved forest). They evaluated 80.95% and 71.43% producer’s accuracy for dense and sparse forests, with 94.44% and 95.24% user’s accuracy for dense and sparse forests, respectively. Producer’s accuracy of 49.35%, 65.31%, 81.25%, 60.71%, 60.71%, and >90% and user’s accuracy of 74.51%, 60.38%, 59.09%, 53.13%, and 64.29% were observed for the landcover classes of grass/shrubs, agriculture, bare soil/rock, snow/glaciers, and water, respectively. Gul et al. [37] compared NN and SVM classifiers using OBIA and obtained the overall accuracy of 96% and 98.93%, kappa value of 0.96 and 0.98, producer’s accuracy of >92% and >96%, and user’s accuracy of 85% and >93% for NN and SVM classifiers, respectively. Similarly, Ullah et al. [46] used 297 validation samples to assess overall accuracy and kappa statistics for the classification accuracy assessment. They reported overall accuracy of 62.22%, 75%, 78%, and 78% and kappa statistics of 58%, 65%, 69%, and 69% for 2004, 2007, 2010, and 2013, respectively. The Study by Ali et al. [70] used 30 ground validation samples to report an overall accuracy of 72% using Landsat imagery. Ullah et al. [47] used multiple non-parametric image classification techniques of k-NN, SVM, RF, and NN for classifying Landsat 8 OLI and SPOT-5 images to map forest cover in the study area. Table 2 shows the details of each accuracy achieved against each image and technique using 280 validation samples.



Mannan et al. [54] used only kappa statistics by using 200 validation points to report accuracy while mapping forests in MHNP, Islamabad. They reported a kappa value of 0.90, 0.91, 0.87, and 0.91 for 1990, 2000, 2010, and 2017. The study by Ahmad et al. [71] reported 50 validation samples to assess accuracies for classified maps using overall accuracy, kappa coefficient, producer’s accuracy, and user’s accuracy, but they did not report values in their paper. Younis and Ammar [88] used 98 ground validation points to report overall accuracy of 71.4% and a kappa coefficient of 0.623 for 2010 using Landsat imagery. After this, Rahid and Iqbal [89] analyzed forest cover along a national highway in Pakistan and assessed accuracy using 500 validation points. This study reported an overall accuracy of 88%, 85%, 83%, and 89%, and a kappa coefficient of 0.83, 0.78, 0.77, and 0.85 for 1990, 2000, 2010, and 2016, respectively. The study by Ullah et al. [39] used a non-parametric approach of SVM and assessed overall accuracy and a kappa value against each year. The resultant kappa value was 0.76, 0.86, and 0.92, and overall accuracy of 82.44%, 88.80%, and 94.68% for 1987, 2002, and 2017, respectively. Similarly, Mannan et al. [64] performed supervised image classification and assessed classification accuracy using 300 validation points. They reported an overall accuracy of 96% for each year and a kappa coefficient of 0.832, 0.832, and 0.841 for 1998, 2008, and 2018. This study reported producer’s accuracy of >72.73%, >83.33%, and >83.87% and user’s accuracy of >70%, >83.78%, and >80.00% for 1998, 2008, and 2018, respectively. Subsequently, Zeb [42] used the supervised image classification method to map forests in Chitral, KP, and reported overall accuracy of around 89% and 93% for dense and sparse forests, respectively, with producer’s accuracy of 90% and 92% for dense and sparse forests. Ullah et al. [62] used 160 validation points for accuracy assessment and evaluated classification’s overall accuracy of 94.96%, 92.26%, and 91.35%, and kappa coefficient of 0.92, 0.88, and 0.87 for 1990, 2002, and 2017. The producer’s and user’s accuracy for 1990, 2002, and 2017 were calculated as 93.15%, 86.24%, and 92.84% and 96.34%, 96.34%, and 93.67%, respectively. Subsequently, Urooj and Ahmad [91] reported the accuracy of their classified maps of 1992, 2002, and 2013 using 120 validation points: overall accuracy of 95.83%, 96.67%, and 99.17%, and kappa value of 0.93, 0.95, and 0.99. Similarly, Abbasi et al. [77] used 28 ground validation points to report overall accuracy and kappa statistics for their classified maps of 1979, 1992, 1998, 2000, 2006, 2009, and 2010, as shown in Table 2.



Ahmad et al. [72] worked on mapping deciduous and conifer forests for 2016 and used 50 ground validation points to calculate overall accuracy and kappa coefficient value. However, their study did not mention the achieved values. In the first study of 2020, Khan et al. [92] used 140 validation points to map the forest and non-forest fractional maps. This study reported an overall accuracy of 96%, kappa value of 0.92, producer’s accuracy of 97% for forest and 95% for the non-forest area, and user’s accuracy of 96% for forest and 97% for the non-forest area. Ali and Nayyar [99] published their research on forests of KP for 2012 and mentioned that they used 373 validation points for the accuracy assessment of produced maps but did not mention the obtained values. Similarly, Khan et al. [57] used 460 validation points to report an overall accuracy of 84% and 91%, with a kappa coefficient of 0.79 and 0.85 for 1993 and 2018. The study by Gilani et al. [58] used 125 validation points to report overall accuracy, user’s accuracy, producer’s accuracy, and kappa coefficient, as shown in Table 2.



Saddique et al. [95] published a study that used a machine learning algorithm (RF) to report overall accuracy of 90%, 92%, and 95%, and kappa coefficient of 89%, 90%, and 94% for 2001, 2009, and 2018. The producer’s accuracy was calculated as >83%, >88%, and 93%, and the user’s accuracy was calculated as >83%, >82%, and >94% for the same years, respectively. Similarly, Hussain et al. [96] reported classification accuracies, as described in Table 2, showing that the more accurate classification statistics were achieved for the Kharif season classification. Similarly, Hussain et al. [97] again reported accuracies for mapping landcover of Lodhran district, Punjab, as shown in Table 2. High accuracies were reported in the later years, i.e., 2007 and 2017. The last study of 2020 by Khan et al. [98] reported landcover classification accuracies as overall accuracy of 80.44% and 86.24%, kappa coefficient of 0.7621 and 0.8422, producer’s accuracy of >65.31% and >67.59%, and user’s accuracy of >69.14% and >77.59% for 2000 and 2015.



Haq et al. [100] used overall accuracy, kappa coefficient, producer’s and user’s accuracy to report the accuracy achieved in their classified maps. This study only calculated the user’s accuracy, without mentioning the producer’s accuracy, as in Table 2. Interestingly, they achieved lower accuracies in recent years (2010 and 2017) than previous years (1980 and 2000). Shah et al. [59] used 50 validation points to assess the accuracy of their five classified maps for 1979, 1989, 1999, 2009, and 2019. They reported an overall accuracy of 90.5%, 91.13%, 95.32%, 94.44%, and 95.1% and kappa value of 0.90, 0.92, 0.94, 0.92, and 0.93 for the years, respectively. In their second study of 2021, Shah et al. (2021b) reported that they achieved an overall accuracy of above 90% and a kappa coefficient of around 0.90 for all satellite images used in their previous research. Imran and Din [50] used OBIA and reported overall accuracy of 92.180%, a kappa coefficient of 0.914, the producer’s accuracy of 92.70%, and the user’s accuracy of 91.17%, using 179 ground validation samples. The study by Gilani et al. [83] reported overall accuracies and kappa coefficient values, as shown in Table 2. It can be observed that better accuracies were achieved using a machine-learning algorithm (RF) for more recent years. In the last study reviewed, Zafar et al. [90] used 30 ground validation samples to achieve an overall accuracy of 92.3% for all yearly classified maps they produced between 2008–2017.



It is important to note that the studies that used the unsupervised image classification method in the pre-2010 period reported no image classification accuracies. Among all 73 reviewed papers, only one post-2010 study reported accuracy assessments by Ali and Nayyar [99], who used various vegetation and other indexes to map mangrove and non-mangrove areas. They noted that the overall accuracy of newly developed Landsat 8 indexes and other indexes remained >95.8%, while the kappa coefficient was around 0.851.




7. Discussion


7.1. Citations’ vs. Publications’ Frequency


The citation is not the only important indicator of the quality of the research papers. Figure 4 presents the collective number of citations of the total number of articles published in the same year. It can be observed that a mixed trend of total citations is present even though the total number of published papers is in an increasing trend between 1993–2021. The articles published in 2015 reached the maximum number of collective citations, of 451, followed by the second-best of 133 in 2019. In contrast, the maximum number of 13 articles was published in 2019, followed by the second-best of 12 in 2020. The citations gained an increasing trend between 2004–2015 and a declining trend in the following year.




7.2. Study Scales and Accuracy Comparison


All reviewed papers were divided into three spatial scales based on their administrative properties. In Pakistan, the administrative units from smaller to larger spatial scale include national, provincial, division, district, and so on. By local-scale studies, we referred to that study as spatially confined to any single district of Pakistan; by regional-scale, we referred to any research that was performed in more than one district division in Pakistan; and by national scale, we referred to a study that mapped any single forest type that could be present in any location all over Pakistan, geographically.



About 80% of studies were performed on a local scale, while about 16% were performed on a regional scale. The rest of the studies, only three, were conducted on a national scale (Figure 5). It can be observed that the pre-2010 studies were very few in number and were mostly done on the local scale, while only one of these studies was conducted on the regional scale. The post-2010 period, especially the recent years of 2019 and onwards, has seen a boom in research publications on forest assessment using remote sensing. In 2021, five local scales, two regional scales, and one national scale have already been published, showing a boosting trend in studies that include spatial forest assessments.



An interesting comparison of achieved overall accuracies against study scales was performed (Figure 6a,b). Figure 6a shows the distribution of the overall accuracies of each study against local, regional, and national study scales. It can be noted that the majority of the studies achieved overall accuracy in the range of 88%–95% on a local scale, 82%–95% on a national scale, and 89%–92% on a regional scale. The minimum accuracy achieved was 62.22% on a local scale study, 79.20% on a regional scale study, 78.9% on a national scale study, and maximum accuracy achieved was 100% on a local scale study, 99.96% on a regional scale study, and 95.40% on a national scale study (Figure 6b). The mean accuracy achieved was 90.52%, 90.98%, and 88.22% for local, regional, and national scale studies.




7.3. Remotely Sensed Data


Landsat is the oldest imagery mission in the history of optical remote sensing and is a moderate resolution satellite. Landsat 5 was the most frequently used satellite data by the researchers to map forests in different areas of Pakistan (Figure 7). In most of the studies, more than one satellite imagery was used. Landsat series (2, 3, 5, 7, and 8) imageries were used 114 times for mapping forests in Pakistan. The most frequently used very-high-resolution satellite data were of SPOT, used 14 times, along with other high-resolution satellite images including QuickBird (one time), ALOS – AVNIR-2 (two times), aerial photographs (two times), and WorldView-3 (one time). Sentinel data that became publicly available around 2015 and ASTER data are moderate- to high-resolution satellite images and were used two times and one time, respectively. The Low-resolution MODIS data products were used four times, while SAR data were used only once.




7.4. Classification Algorithms


Not all studies mentioned which image classification algorithm they used. The maximum likelihood classifier seemed to be the most trusted and reliable image classifier used by most researchers, 36 (Figure 8), to map forest/land use and land cover in Pakistan. This algorithm works on the principle that class signatures are normally distributed and uses classes’ multivariate probability density function [104]. Various machine learning algorithms were used by seven studies, including RF, SVM, NN, etc. These algorithms learn better as they are exposed to more data and fed by correct training samples. On the third number, six studies used the manual method of digitizing land use and land cover for extracting forests in different areas of Pakistan.




7.5. Forest Types


The locations of the forest studies in Pakistan were overlaid onto the global ecoregions’ map produced by Dinerstein et al. [105], and eight forested ecoregions were identified, on which the reviewed studies were conducted. Most of the reviewed studies (29%) were conducted in the Western Himalayan subalpine conifer forests, and the fewest studies (5%) were conducted in the Karakoram-West Tibetan Plateau alpine steppe (Figure 9). A comprehensive overview of studies in each forest ecoregion is discussed in the following subsections.



7.5.1. Aravalli West Thorn Scrub Forests


In this forest ecoregion, eight studies were conducted [33,65,66,75,84,87,96,97]. Almost all studies in this forest ecoregion type used the maximum likelihood image classification algorithm for forest classification. The only study by Baig et al. [87] used active remote sensing (SAR) data for forest classification. Another study by Shafique et al. [66] used vegetation indices to classify forest cover incorporating unsupervised image classification. All studies in this forest ecoregion reported a forest decline, except two studies [65,97] that reported an overall increase in the forest cover.




7.5.2. Baluchistan Xeric Woodlands


In this forest ecoregion, only two studies were conducted [90,93]. Both studies reported an overall increase in the forest area. One study used the supervised image classification method [90], while the second used the MODIS land cover product [93].




7.5.3. Himalayan Subtropical Pine Forests


In this forest ecoregion, 11 studies were conducted [29,30,51,52,54,55,63,64,85,92,98]. Two studies from the Himalayan subtropical pine forests’ ecoregion reported an increase in the forest area [29,92], and all other studies reported a decline in the overall forest area. Most studies used pixel-based image classification techniques, while only one study [63] used OBIA.




7.5.4. Indus River Delta-Arabian Sea Mangroves


In this forest ecoregion, eight studies were conducted [32,74,76,77,81,83,99,102]. The studies reported an increase in the mangroves’ forest area in the coastal belt of Pakistan and the Indus delta. Only one study [77] reported a decline in the riverine forest of the Thatta district of Sindh province. Two studies [81,102] used OBIA for image classification, while all others used pixel-based image classification techniques.




7.5.5. Karakoram-West Tibetan Plateau Alpine Steppe


In this forest ecoregion, four studies were conducted [42,49,50,101]. Out of these studies, one study used OBIA [50], and all others used pixel-based image analysis. One study [101] reported an increase in the forest cover, one reported [42] a decreasing trend, and two studies did not perform change analysis.




7.5.6. Mixed Forests


In this forest ecoregion, five studies were conducted [62,78,79,80,103]. These studies were performed in a relatively larger region than other studies, which is why they fall under two or more forest ecoregions. These studies lie in the Himalayan subtropical pine forests, Western Himalayan broadleaf forests, Karakoram-West Tibetan Plateau alpine steppe, and Western Himalayan subalpine conifer forests ecoregions. All studies reported a temporal decline in forest cover, except one study [79], which did not perform a change assessment. All of these studies used pixel-based image analysis for forest cover classification.




7.5.7. Northwestern Himalayan Alpine Shrub and Meadows


In this forest ecoregion, six studies were conducted [40,41,43,71,72,86]. An overall forest declination trend was reported by all studies except one [72], which did not perform change analysis. These studies used a pixel-based image classification method and a maximum likelihood classifier for forest cover extraction.




7.5.8. Western Himalayan Broadleaf Forests


In this forest ecoregion, eight studies were conducted [31,34,35,36,37,38,39,61]. Two studies [35,39] reported an increasing trend of forest cover, three reported a declining trend [31,38,61], and the remaining studies did not report forest change evaluation. Two studies [34,37] utilized OBIA for forest cover assessment, and all others used the pixel-based image classification method.




7.5.9. Western Himalayan Subalpine Conifer Forests


In this forest ecoregion, 21 studies were conducted [44,45,46,47,48,53,56,57,58,59,60,67,68,70,73,88,89,91,94,95,100]. This is the forest ecoregion in which the largest number of studies were conducted. Almost all studies reported forest declination trends, except two studies [45,80], which reported an overall increase in forest cover. Out of all these studies, two [47,94] did not perform forest change assessment. Among these studies, two [60,94] used OBIA, two [67,68] used manual assessments, and the remaining studies used a pixel-based satellite image classification method to assess forest cover.





7.6. Evolution of Forest Mapping and Forest Change Assessment in Pakistan


The pre-2010 period was very inconsistent as only six papers were published with gaps (1993, 1998, 2001, 2003, 2004, and 2010), each in a different year. In contrast, in the post-2010 period, each year produced studies of forest mapping using remote sensing with an average of around six papers per year. Furthermore, the recent years of 2019, 2020, and 2021, so far, have produced the most papers using the latest techniques compared to the previous eight years combined. Out of all 73 reviewed papers, 61 worked on forest change assessment (Table 3). Only one paper out of these 61 articles did not report statistics of forest change. Of the 60 papers that reported forest change assessment, 13 assessed an overall forest appraisal (mainly in the mangrove forests), while 47 papers reported forest decline in various study areas.





8. Limitations and Challenges for Forest Mapping


Pakistan has not yet produced any national-level landcover studies in a peer-reviewed article for international reporting. Landcover mapping is an essential component for a country’s forest cover reporting. According to [106], only one national-scale forest inventory study was produced in Pakistan without using remote sensing in 1992, and only KP province has more inclusive data than the other provinces in Pakistan. Under the REDD+ initiative, United Nations Framework Convention on Climate Change (UNFCCC), each country needs to report baseline forest data, and Pakistan has not produced allometric equations of all notable species in Pakistan yet [106]. Landsat archive imageries provide an excellent opportunity to explore forest resources at national, regional, or local spatial scales. A higher spatial resolution satellite, Sentinel, launched in 2014, also makes it possible to map forests at better accuracies. The introduction of cloud-based platforms like Google Earth Engine, an excellent and invaluable resource cloud-computing services [107], solves the issue of computing a large number of satellite imageries to map on a national-level scale. Even the latest news of Microsoft’s Planetary Computer launching will also make it easy and convenient to map the ecosystems and forests and assess their spatial patterns and change [108]. Therefore, we cannot say that there is some severe limitation to map forests on national scales using freely available global resources.




9. Conclusions


The Landsat series (Landsat 2, 3, 5, 7, and 8) satellite imageries were most frequently used to map forests in Pakistan at various spatial scales. Very few studies used classification methods other than supervised image classification. The maximum likelihood classifier is a deep-rooted classifier that has been used by researchers for the past three decades and is also the most widely used in forest/land use and land cover mapping in Pakistan. However, recent studies are using and emphasizing machine learning classifiers (e.g., RF, SVM, NN, etc.). Among all the districts of Pakistan, most forest studies were conducted in ICT, the capital of Pakistan. Similarly, most studies were conducted in the Himalayan subtropical pine forests ecoregion. There is an overall increasing trend in the citation of forest studies and a rising trend in forest studies’ publications. Other than local-scale studies, the recent trend shows more studies are being conducted on regional and national scales. This is because of the introduction of mega cloud-computing platforms like Google Earth Engine, Microsoft’s Planetary Computer, etc., in the public domain. As far as the pre-and post-18th constitutional amendment period studies are concerned, the post-period showed a steep increase in publications. The possible reason could be provincial stakeholders’ interest in estimating and consequently managing forest ecosystems in their concerned regions.



Using high-resolution satellite data for accurate forest mapping is a limiting factor in Pakistan as very few studies used high-resolution images for this purpose. Improved and advanced remote sensing data, e.g., LiDAR, which has a unique ability to capture individual tree details and overall forest structure in a precise and accurate manner, Sentinel series, which provides an opportunity to use high-resolution (10-m) optical data for forest mapping free of cost, and hyperspectral imagery, which provides in-depth forest health monitoring, have revolutionized forest cover mapping. No study used LiDAR point-cloud or hyperspectral data for forest mapping in Pakistan, and only one study reported using SAR data. These active sensor data sets are being widely used worldwide to accurately and precisely map forests and calculate forest’s biophysical attributes. Processing these data sets requires expert skills and knowledge. It is essential to consider accurately using the latest data sets, tools, and techniques to map forests through the capacity building of the geospatial experts in Pakistan. This will also be very helpful for the ministry of climate in Pakistan, which is currently working on the United Nations REDD+ project implementation.
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The following abbreviations are used in this article:



	AGB
	Aboveground Biomass



	AJK
	Azad Jammu & Kashmir



	ALOS
	Advanced Land Observation Satellite



	ANP
	Ayubia National Park



	ASTER
	Advanced Spaceborne Thermal Emission and Reflection Radiometer



	AVNIR-2
	Advanced Visible and Near Infrared Radiometer type 2



	CKNP
	Central Karakoram National Park



	CMRI
	Combined Mangrove Recognition Index



	ETM
	Enhanced Thematic Mapper



	ETM+
	Enhanced Thematic Mapper Plus



	EVI
	Enhanced Vegetation Index



	FAO
	Food and Agriculture Organization



	GB
	Gilgit-Baltistan



	GVM
	Global Land Vegetation Monitoring



	HRV
	High-Resolution Visible



	ICT
	Islamabad Capital Territory



	IPCC
	Intergovernmental Panel on Climate Change



	ISODATA
	Interactive Self Organizing Data Analysis



	k-NN
	k-Nearest Neighbor



	KP
	Khyber Pakhtunkhwa



	LSMA
	Linear Spectral Mixture Analysis



	LULC
	Land-Use and Land Cover



	MDC
	Mahalanobis Distance Classification



	MHNP
	Margallah Hills National Park



	MOSIS
	Moderate Resolution Imaging Spectroradiometer



	MS
	Microsoft



	MSS
	Multi-Spectral Scanner



	NFI
	National Forest Inventory



	NDMI
	Normalized Difference Moisture Index



	NDVI
	Normalized Difference Vegetation Index



	NN
	Neural Network



	NWFP
	North Western Frontier Province



	OBIA
	Object-Based Image Analysis



	OLI
	Operational Land Imager



	PCA
	Principal Component Analysis



	PFI
	Pakistan Forest Institute



	REDD+
	Reducing Emissions from Deforestation and forest Degradation plus



	RF
	Random Forest



	RVI
	Ratio Vegetation Index



	SAR
	Synthetic Aperture Radar



	SAVI
	Soil Adjusted Vegetation Index



	SPOT
	Satellite pour l’Observation de la Terre



	SVM
	Support Vector Machine



	TIRS
	Thermal Infrared Sensor



	TM
	Thematic Mapper



	UN
	United Nations



	UNFCCC
	United Nations Framework Convention on Climate Change
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Figure 1. Geographical locations of 73 studies on forest mapping in Pakistan (1993–2021) laid over global forest/mangrove watch data set. 
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Figure 2. Methodological flowchart of the review. 
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Figure 3. Percentage of each methodology used for image classification for the 73 reviewed studies. 
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Figure 4. Collective citations of total published papers against each year between 1993–2021. 
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Figure 5. Distribution of study scale against each year (1993–2021). 
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Figure 6. (a) Distributions of the overall accuracy of each study against different study scales. (b) Boxplots of the overall accuracy of each study against different study scales. 






Figure 6. (a) Distributions of the overall accuracy of each study against different study scales. (b) Boxplots of the overall accuracy of each study against different study scales.



[image: Forests 12 01211 g006]







[image: Forests 12 01211 g007 550] 





Figure 7. Frequency of satellite imageries used by the researchers in Pakistan for forest mapping. 
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Figure 8. Various image classification algorithms used by the researchers (1993–2021). 
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Figure 9. Distribution of studies based on global forest types/ecoregions. 
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Table 1. Number of studies published in each administrative division of Pakistan (1993–2021).






Table 1. Number of studies published in each administrative division of Pakistan (1993–2021).





	Administrative Area
	Number of Studies





	Azad Jammu & Kashmir (AJK)
	03



	Balochistan
	01



	Gilgit-Baltistan (GB)
	03



	Islamabad Capital Territory (ICT)
	12



	Khyber Pakhtunkhwa (KP)
	31



	Punjab
	06



	Sindh
	10



	Other (national/regional level studies)
	07



	Total
	73
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Table 2. Details of accuracies achieved by researchers for image classification of forests in Pakistan.
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Satellite Image

	
Classifier

	
Overall Accuracy

	
Kappa Coefficient

	
Producer’s Accuracy

	
User’s Accuracy

	
Reference






	
SPOT-5

	
SVM

	
89%

	
0.86

	
>72%

	
>78%

	
Ullah et al. [47]




	
k-NN

	
88%

	
0.85

	
>69%

	
>71%




	
RF

	
88%

	
0.84

	
>69%

	
>71%




	
NN

	
88%

	
0.84

	
>73%

	
>64%




	
Landsat 8

	
SVM

	
71%

	
0.59

	
>26%

	
>40%




	
k-NN

	
59%

	
0.54

	
>11%

	
>31%




	
RF

	
71%

	
0.59

	
>17%

	
>33%




	
NN

	
65%

	
0.51

	
>11%

	
>4%




	
Year

	

	

	

	

	

	
Abbasi et al. [77]




	
1979

	

	
93.46%

	
0.9094

	

	




	
1992

	

	
98.10%

	
0.9886

	

	




	
1998

	

	
99.01%

	
0.9986

	

	




	
2000

	

	
99.79%

	
0.9966

	

	




	
2006

	

	
100%

	
1.0

	

	




	
2009

	

	
100%

	
1.0

	

	




	
2010

	

	
99.00%

	
0.9825

	

	




	
Year

	

	

	

	

	

	
Gilani et al. [58]




	
1976

	

	
0.83

	
0.79

	
>72%

	
>75%




	
1990

	

	
0.85

	
0.81

	
>80%

	
>77%




	
2000

	

	
0.86

	
0.82

	
>80%

	
>80%




	
2010

	

	
0.88

	
0.84

	
>80%

	
>79%




	
2016

	

	
0.90

	
0.85

	
>84%

	
>84%




	
Year

	
Season

	

	

	

	

	
Hussain et al. [96]




	
1988

	
Rabi

	
87.6%

	
0.75

	
>85.2%

	
>85.5%




	
Kharif

	
86%

	
0.81

	
>84.4%

	
>82.7%




	
2002

	
Rabi

	
84.5%

	
0.77

	
>80.4%

	
>82.1%




	
Kharif

	
89.3%

	
0.84

	
>83.5%

	
>81.9%




	
2017

	
Rabi

	
85.1%

	
0.82

	
>84.2%

	
>79.2%




	
Kharif

	
87.7%

	
0.78

	
>83.2%

	
>83.1%




	
Year

	

	

	

	

	

	
Hussain et al. [97]




	
1977

	

	
0.86

	
0.77

	
>82.9%

	
>89.1%




	
1987

	

	
0.85

	
0.74

	
>83.9%

	
>84.3%




	
1997

	

	
0.86

	
0.77

	
>85.5%

	
>87%




	
2007

	

	
0.88

	
0.79

	
>87.7%

	
>89.8%




	
2017

	

	
0.95

	
0.84

	
>87.5%

	
>95%




	
Year

	

	

	

	

	

	
Haq et al. [100]




	
1980

	

	
94.60%

	
93.41%

	

	
>90%




	
2000

	

	
95.50%

	
94.39%

	

	
>90%




	
2010

	

	
94.40%

	
93.20%

	

	
>90%




	
2017

	

	
93.00%

	
91.40%

	

	
>90%




	
Year

	

	

	

	

	

	
Gilani et al. [83]




	
1990

	

	
91.8

	
0.892

	

	




	
1995

	

	
94

	
0.906

	

	




	
2000

	

	
93

	
0.892

	

	




	
2005

	

	
94.2

	
0.908

	

	




	
2010

	

	
93.6

	
0.892

	

	




	
2015

	

	
93.6

	
0.904

	

	




	
2020

	

	
95.4

	
0.926

	

	











[image: Table] 





Table 3. Forest change assessment statistics in different areas of Pakistan (1993–2021).
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Studies with No Forest Change Assessment

	
12






	
Studies with forest change assessment

	
61

	
Studies did not report forest change

	
1

	

	




	
Studies reported forest change

	
60

	
Studies reported overall forest appraisal

	
13




	
Studies reported overall forest decline

	
47
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