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Abstract

:

In search and rescue (SAR) operations, up-to-date information on the terrain is critical because every additional hour required to search for a person reduces the likelihood of success. Therefore, it is necessary to provide quick access and the best possible input data for planners and search teams and to develop tools that can help them plan and monitor actions in real-time. This paper describes a novel system based on the use of GIS for planning actions and visualizing the situation on the ground. Special focus is devoted to the algorithm for assessing the mobility of the missing person. Using this algorithm, the area of the proposed search area is modeled based on obtained information about the type of terrain on which the searches are planned. The obtained results are presented as a new Geographic Information System layer and have proven to be a quality that helps in defining the search space. Further research is discussed, especially regarding the assessment of the passability of certain types of terrain.
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1. Introduction


Searches for missing or injured people in the wild are, unfortunately, frequent and not limited to specific areas, regions, or types of terrain [1,2]. The frequency of searches can vary with the seasons, the type of terrain, and other factors such as the tourist season and the like, but in fact, the need for available forces that can start a search (and rescue) mission in a very short time is permanent. Search and rescue (SAR) operations involve searching over a large area of terrain that is very often inaccessible or difficult to access. For larger actions (those that last longer than 10 h, which are about 25%), search dogs and aerial support (helicopters, airplanes, drones) are included in the search, and modern technologies such as thermal cameras are also used. Therefore, these operations are expensive and logistically very demanding. Analyzing the negative aspects of the current situation in the field of search and rescue, it is possible to single out the long duration of the process and the consumption of significant funds for search and rescue operations.



Given that the time spent on search and rescue that is inversely proportional to the probability of a positive outcome, i.e., the probability of finding a living person being searched for, decreases with an increasing search time, the necessity of shortening it is evident. Also, as the probability of survival decreases with time, the search area increases [3].



In addition to the change in approach in the organization of time and, consequently, the consumption of available resources (people, money, etc.), changes are also necessary in the methods used in search procedures.



The classic approach to search and rescue is based on a search at the ground level (professional staff and search dogs) and aerial search, which is still based on a visual inspection performed by humans without the involvement of automated systems. Detecting humans automatically from drones with a thermal camera tends to rely on finding hot spots of a given size [4]. However, thermal cameras have some limitations [5]. In some geographic areas, they are not often used due to limitations in relation to the large number of false targets they display (especially in summer due to high temperatures). Such sensors are useful at night, but as a rule, aircraft do not fly at night due to problems with navigation. The same applies to helicopter pilots who, as a rule, only fly along known corridors at night. Also, it is necessary to point out the high costs related to the helicopter’s fuel consumption, the pilot’s flight hours, the aircraft’s depreciation, etc. Nevertheless, it should be emphasized that these helicopters have the advantage of very reliable flying, even in strong winds, as well as the possibility of transporting rescuers and medical teams. The implementation of an automated system and unmanned aerial vehicles (UAVs), which have been increasingly used over the last five to ten years, appears as a logical choice that has advantages but is also compatible with the aforementioned standard procedures. It is also necessary to mention the search methods based on the detection of a mobile phone signal [6].



Classic methods of search and accompanying systems are not real competition to the project in question since its intention is not to remove classic methods but to expand their capabilities by developing a complete and automated system, thereby contributing to the success of protection and rescue operations with the optimal consumption of resources (time, money, people, equipment).



Due to the above-mentioned reasons, fast and appropriate mission planning and monitoring are critical for success. Planning should include a conscious, continuous cyclic process with the flexibility to plan modifications based on information flow and coordination [7]. The standard tool for mission leaders is the Geographic Information System (GIS). The most popular GIS solutions are ArcGIS [8] (commercial) and the QGIS Open-Source Geographic Information System licensed under the GNU General Public License [9]. These software packages are used as tools for the visualization of terrain, mission planning, and monitoring.



The current approach to search planning involves the application of a complex planning methodology based on experience and statistical data, mainly data from the International Search and Rescue Incident Database (ISRID) [10].



The planning of the search and rescue mission usually starts with determining the initial planning point (IPP). The usual position of the IPP is the Point Last Seen (PLS): the point where a reliable witness saw the subject for the last time. Alternatively, the IPP can be a location where it is relatively certain that the subject was recently located. In that case, this point is called the Last Known Position (LKP) [3]. After that, a planner has to define the area around the IPP that will be searched [11,12]. This area is usually defined using statistical data gathered from several search and rescue missions [10]. Based on the type of person that has been lost, summary statistics are available for the Euclidean distance from the IPP, the track offset, the dispersion angle, find location, scenario, mobility, and survivability.



The circular area around the IPP based on the Euclidean distance from the IPP (the so-called “Ring” approach) is the simplest and, therefore, the most commonly used approach (Figure 1). However, more complex models that use additional information have been developed [13,14].



After the search area borders are defined, segments with a similar type of terrain are defined, and each is divided into areas. Each area is assigned a probability based on how likely the missing person is within that location. This information is essential for the allocation of resources (searchers, dogs, drones, etc.). The standard tool for the calculation of the probability of an area (POA), as well as for adjusting these values during the search operation (depending on the outcome of the area search), is a Bayesian analysis [15,16]. Incident commanders often have to define probability maps using different sources of information, some of which may be incomplete or imperfect. As already stated, GIS software is the basis for visualizing these areas and can also be used for situational awareness and basic incident management tasks [17].



By analyzing the current situation, it is possible to single out several shortcomings of the existing search planning approach: the limited availability of people with adequate expertise and experience in search planning and the long duration of the search planning phase. Also, plans are based on maps that are not up-to-date, i.e., historical recordings are used that are not aligned with the real situation on the ground (depending also on the time of year and weather conditions), and available statistical data (ISRID) are mainly used in cases from Australia, Canada, New Zealand, South Africa, Switzerland, the United Kingdom, and the USA while cases from other regions of the world are rare or missing.



As already stated, the available online maps used in GIS may be quite old and sometimes misleading. Changes can be significant when comparing maps taken during different times of the year. Also, there is always the possibility that some new roads, houses, or other infrastructure have been built. All these facts can affect planning and search priorities. Therefore, if possible, up-to-date information about the terrain is very important and incorporates aerial images of the area of interest taken at the time of the mission by satellite or UAV (more detailed). The drawback to this approach is the additional time needed to collect and transfer needed images for new maps [18]. On the other hand, high-resolution images collected for this purpose can be used for the automatic detection of humans [19,20,21]. The mission commander assigns UAVs for a search of certain search cells (that have features compatible with this type of search).



The mentioned shortcomings regarding the complexity of the planning procedure can be avoided by using appropriate decision support software [22,23] or an expert system that can propose the whole search procedure; it generates action maps (much faster than human planners), uses maps based on updated orthophoto terrain maps collected by UAVs at the very beginning of the action, and uses statistical data for searches based on local terrain features.



Some findings and results obtained during the development of such an expert system are already presented, but they relate to the transmission of images from UAVs to the ground station [16] and novel algorithms for person detection in aerial images [24,25].



In this paper, a procedure for searching operations based on the use of UAVs and GIS as a basis for planning and implementing a search for missing persons in a non-urban area is presented. Since it is a complex system with a large number of connected modules, the focus is on the part of the system for the prediction of the search area based on terrain features. In contrast to other approaches, such as the simplest “Ring approach” and the approach that predicts the search area using regression and transfer learning models [14], our approach uses available terrain maps, segments them into areas with similar types of terrain, and then uses the stored knowledge about the passability of certain terrain to estimate the mobility area for a certain type of person.




2. Materials and Methods


2.1. Used Software Tools and Procedure Overview


As the basic framework of the system, QGIS version 2.18 [9] was used—an open-source application—which enables the visualization, management, editing, and analysis of geospatial data. The procedure is written as a plugin that communicates with the created MySQL database. The database consists of tables in which data from the ISRID database are stored, as well as tables with data on individual actions and auxiliary tables with data on the characteristics of search units and equipment (probability of detection—POD: preferred terrain, experience, …), characteristics of terrain types, etc. The tables related to actions contain all relevant necessary data for planning and monitoring an action from available search units, search cells, and their features (terrain type, POA, …) to basic information about the wanted person, location, and time of the search, outcome, and the like.



The proposed procedure consists of several steps:




	
Starting/opening a new mission using the QGIS plugin;



	
Inserting a georeferenced stitched image (collected with UAV) as a new raster layer in QGIS or using existing maps (Google, Bing, …);



	
Editing mission data and optionally adjusting imported statistical data on missing people (ISRID data);



	
Terrain segmentation and inserting the segmented image as a new QGIS layer;



	
Dividing the segmented terrain image into polygons (with each polygon representing a different type of terrain);



	
Optional manual corrections of polygons using available QGIS interaction tools;



	
Person mobility estimation (PMA algorithm);



	
The calculation of POA for chosen segments/polygons.








This procedure provides mission planners with maps of search areas, and a statistical search area alongside a new person mobility area. Also, the probability of area (POA) is calculated for all polygons selected—it is up to the planner to choose segments (according to the statistical circle and/or person mobility area).



The segmentation of the terrain map is based on the mean shift algorithm [26] because it does not require previous knowledge about the number of classes for segmentation, and it is available in QGIS toolboxes. After segmentation, each class must be linked to a particular terrain type (karst, dense forest, green surface, low vegetation, water) stored in the database table along with the integer value of the estimated terrain type’s passability. Research papers related to the terrain passability assessment are most often associated with military applications. Thus, in the literature, one can classify the division of the terrain into passable, slightly passable, and impassable [27]. In [28], the authors define a passability index (IOP) that can be between 0 (impassable terrain) and 1 (completely passable terrain). Although the final objective in the mentioned research is different from the one presented in this paper because the path with the final destination (destinations) for military units is sought, the approach to the assessment of terrain passability has a lot of similarities. Unlike the approach presented here, which is based on the generation of unit cells with an assigned passability value that varies between 1 (completely passable terrain) and 10 (impassable terrain), the authors in [27,28] form a dense network of potential paths and assign a weight value to each path segment.



For this particular implementation, terrain type recognition is conducted by comparing segment patches with stored examples of patches for each class, although some more advanced deep neural network methods should be preferred [29,30]. The estimated passability for each type of terrain has been identified as a consensus based on the voting of several people rating passability from 1 to 10. The results of this voting process are stored in the database as the initial values, but they can be easily edited and changed if needed.




2.2. Person Mobility Algorithm


The described algorithm enables the estimation of the mobility of people on non-urban terrain, that is, the estimation of the maximum distance traveled from a given starting point, depending on the elapsed time and the type of terrain.



The mobility of missing people depends on the passability of the terrain through which the person moves, the category of the person, and the time elapsed since the disappearance. As stated in the previous section, for the purposes of creating the algorithm, each type of terrain was assigned an index from 1 to 10 depending on its passability. Index 1 represents a completely passable terrain, for example, a meadow, while 10 represents an almost completely impassable terrain.



In addition to the passability of the terrain, when calculating mobility, it is necessary to enter the average speed of a person’s movement, which differs for certain categories of people. General statistical data on the mobility of certain categories of missing people in defined periods of time (<24 h, <48 h, <72 h...) are recorded in the ISRID database (and stored in the MySQL table) and serve as input parameters for the calculation of mobility with regard to the type of terrain.



The goal of this algorithm is to estimate the shape of the curve on the terrain map, which delimits the sub-area where the lost person is expected to be. In the case of only one type of terrain, that curve can have the shape of a circle whose radius depends on the passability index. Given that, in practice, we rarely encounter searches where only one type of terrain is represented, below is a description of a way to estimate the shape of the curve for the general case. The idea of the proposed algorithm is basically similar to algorithms for estimating the best path between two points, such as the Dijkstra algorithm [31] and the A-Star algorithm [32]. The improved A-Star algorithm for long-distance off-road path planning tasks was developed to identify a feasible path between the start and destination based on a terrain data map generated using a digital elevation model [33]. However, in our case, there was no final destination point, but a set of final edges to the search area was sought.



The terrain map with the center at the starting point IPP (initial planning point) must be divided into segments of equal size (grid). The size of the grid segment represents the desired resolution with which the calculation is performed, and it should be a compromise between high precision and calculation speed. For our implementation, the map of the terrain around the IPP was loaded in the form of an image in the Python program, and a matrix of segments was formed based on the defined size of the segment and the calculated area of the terrain that each pixel represented in reality (x and y dimensions of pixel in raster properties). In our example, the segment sizes 50 × 50 m and 100 × 100 m were tested.



For each segment, the passability index was calculated according to the type of terrain within the observed segment. Note: since a grid segment can include more than one terrain type (as the result of the map segmentation described in Section 2.1), the terrain type that presented with the largest number of pixels was considered the representative type. Therefore, the passability index for that type of terrain was used.



The maximum value of the statistical curve (25%, 50%, 75%, or 90%) was equal to the product of the number of hours, expressed in seconds, which is defined for the category of the missing person and the average speed of movement, expressed in meters per second. The calculation of the maximum value is shown in Equation (1). A higher terrain passability index affects the faster growth of the value of the segments, thus reducing the distance between the IPP and the maximum value in a certain direction.


    s   m a x   =   v  ¯  · t  



(1)




where



smax is the maximum distance traveled by the missing person for the time period t [m];



    v  ¯    is the average speed of movement of the missing person [m/s];



t is the estimated time period during which the missing person moved [s].



Next, we define the maximum value (nmax) for the PMA algorithm stopping. This value depends on the chosen resolution of the grid. For instance, if the resolution of the grid is 50 m × 50 m and smax = 2000 m, then nmax equals 2000/50 = 40. In general, the following expression applies:


    n   m a x   =     s   m a x     r e s o l u t i o n    



(2)







Initially, all segment values except the segment with IPP (S0,0) within the smax radius are set to nmax. Also, a list (Ein) is formed in which all the segments for which the relative distance n to the starting point (IPP) is calculated are included. In the beginning, only the initial segment (IPP) with the value n = 0 was in the list.



An illustration of the above, along with the known passability matrix for the observed area, can be seen in Figure 2a.



Furthermore, a list of external segments (Eout) is formed, i.e., segments that are adjacent to segments from the Ein list but for which the relative distance to the IPP has not been calculated. In Figure 2a, the outer edges of the mentioned segments are marked with a blue dashed line.



The next step is to calculate the relative distance (n) to the IPP for each segment from the Eout list. The relative distance value (n) for the observed segment from Eout was calculated using the information of relative distance to the IPP for each of its adjacent segments from Ein, which increased for the multiplication of the passability index of the observed segment with relative distance to its adjacent segment. Therefore, Equation (3) is applied for four-neighbor segments (segments that are above, below, to the left, or to the right of each other) while Equation (4) is applied for segments that are placed diagonally from each other:


    n ( k , l )   i , j   =   n   k , l   +  2  ×   P   i , j    



(3)






    n ( k , l )   i , j   =   n   k , l   +   P   i , j     



(4)




Here,



    n ( k , l )   i , j       is the distance to the IPP of segment     S   i , j    , calculated via the distance of the segment     S   k , l    ;



    n   k , l     is the adjacent segment’s (    S   k , l    ) distance to IPP;



    P   i , j     is the passability index for the terrain type of the segment     S   i , j    .



Since more n values can be obtained for each observed segment (because they are calculated for each adjacent segment from Ein), only the smallest value was selected. Figure 2b shows with an asterisk all the values that were calculated for the segments from Eout. Of all the values for the Eout segments calculated in this way, only the value of the segment with the smallest calculated n was ultimately written (1* in Figure 2b), while the others remain undefined. That segment became a member of the Ein list, and after that, all other members of the Ein list were checked in order to examine whether they were still members of Ein, i.e., whether they had any neighboring segments for which the value of the relative distance to the IPP had not yet been calculated (and recorded). The previously described steps were repeated until the smallest value of the relative distance (n) of the winning segment from the Eout list was smaller than the value nmax.



Algorithm 1 summarizes the workflow of the person mobility estimation.



	Algorithm 1 PMA algorithm for person mobility estimation



	1: Set initial values for all segments, except IPP, on     n   m a x     (initialize_matrix);

2:     E   i n     → edge list,     E   o u t     → neighbors list;

Put IPP coordinates on the edge list     E   i n     = {(    S   0,0    ,    n   0    )};

3:   Do this for each segment in list     E   i n    

and 8-neighbours;

Neighbors ∉ {    E   i n    } are put in {    E   o u t    }

end for

end for;

4:   for each segment       S   i , j     in the list     E   o u t    ,

ni,j =     n   m a x    

    P   i , j     = the value of passability at segment     S   i , j    ’s location

Then, for all neighbors of segment     S   i , j     calculate:

if     S   k , l     is 4-neighbor

nk,l(    S   i , j    ) =   n  (    S   k , l    ) +     P   i , j    

or a diagonal neighbor

nk,l (    S   i , j    ) =   n  (    S   k , l    ) +   S Q R T ( 2 )   ×     P   i , j    

if nk,l (    S   i , j    ) < ni,j then ni,j = nk,l (    S   i , j    )

end for

end for;

5:   Find     S   i , j     from     E   o u t     with     n   m i n    

Put     S   i , j     →     E   i n   ;  

6:   If n ≥     n   m a x   ,   STOP;

7:   for each segment in     E   i n   ,   list

if ∌ 8-neighbor | n =     n   m a x    , then remove the segment from the     E   i n     list

8:   Go to step 3.










3. Results


In this section, the test results of the PMA algorithm are presented, as well as a brief overview of the whole simulated scenario for planning the search mission using the QGIS and developed plugin. As already stated, QGIS version 2.18 was used along with the MySQL database. Additional modules (PMA algorithm and POA calculator) were written in Python. The operating system was Microsoft Windows 10. Additionally, the desktop computer had an nVidia ti 1080 GPU card with CUDA 10.1 installed.



3.1. PMA Algorithm Test on Sintetic Map


In order to test the performance of the PMA algorithm, the first test was performed on a computer-generated map (Figure 3a). The generated terrain image contained three types of terrain. It can be noticed that the water surface (river), in this case, was assigned a passability value of 7 and not the maximum 10 because it was estimated to not be impassable after all. The area was divided into 100,000 (100 × 100) segments. The resulting area after area expansion (PMA algorithm) is presented in Figure 3b.




3.2. PMA Algorithm Test on a Real Map and a Simulated Scenario


A sparsely populated area 15 km north of Split in Croatia was chosen for this test. After QGIS was launched and a new action was created, a drone survey was carried out at the selected location. A new terrain map was generated using appropriate software [34] and superimposed over the existing Bing folder (Figure 4).



The next step is shown in Figure 5. The terrain segmentation script that uses the mean shift algorithm is started, and the result is a set of polygons. Each polygon represents a different type of terrain. The color of the polygon suggests what type of terrain it is (brown—agricultural land, green—dense forest, gray—low vegetation, yellow—urban area).



To define the necessary input data in the PMA algorithm, it was necessary to determine the search area. We defined the area by setting the IPP, the type of person being sought, the estimated speed of movement, the percentage of the statistical curve from the ISRID database, and an additional heuristic factor for correcting the maximum speed of movement (Figure 6).



After all the parameters were entered, the PMA algorithm was started, and the result was displayed on the image (a new QGIS layer was generated) together with a standard statistical circle (Figure 7). A segment size of 50 × 50 m was selected, and 100 × 100 (10,000) segments were initialized in the initial step. The algorithm’s execution time on the used computer configuration was significantly less (under 2 min) compared to the time required for terrain segmentation (~10 min). The analysis of the resulting surface shows a deviation from the standard circle in accordance with the expectations given the different characteristics of the covered parts of the terrain.




3.3. PMA Algorithm Test on Examples of Real Cases


Finally, the PMA algorithm was tested on examples of real cases available from the literature [35]. For the five cases in which the IPP point, the location of the find, and the type of person being searched for are known, the search areas generated by the PMA algorithm are drawn. As the search start time is usually much later than the moment when the person was last seen, the theoretical maximum distance that the missing person could travel would make the potential search area very large. Therefore, in the examples shown in Figure 8, the ISRID statistical circle value of 75% probability for the type of missing person was taken for the maximum distance that the missing person could travel (smax). Also, for better visualization, the calculated areas corresponding to distances of 25% and 50% are marked.



In all the examples shown in Figure 8, people were found within 75% of the ISRID circle (except the case presented in Figure 8c), where the search at the location started 4 days after the person was reported missing). For the presented cases, four levels of passability or four types of terrain are defined as the input information: 1—plain, easily passable; 2— forested, more difficult to pass; 3—steep with forest; 4—very steep with forest. A segment size of 50 × 50 m was selected. The case in Figure 8b) has markings for two persons found at different locations.





4. Discussion


Although the developed system suggests search segments and calculates their POA, detailed steps of the procedure are not given in this paper because our focus is on the PMA algorithm. As the presented tool was designed as a decision support system, the user is given complete freedom in deciding which and what areas to define as those of interest. In this sense, we can talk about a potential weak point of the presented procedure and the calculation of the PMA algorithm, which is the assessment of passability for certain types of terrain.



In the presented case, the values were assigned via the evaluation of a group of people who had limited experience with searches, so these values were subject to modification and correction. However, all these values could be edited and corrected very easily in the developed interface for accessing tables and SQL database data. It is to be expected that these coefficients will be more precisely defined in the future based on the use of experimental data on the movement of people and on certain types of terrain. Also, when creating an algorithm for assessing the passability coefficient of a particular part of the terrain, it is possible (and desirable) to use 3D information about the elevation of the terrain from the maps that are used.



In the presented examples on real cases, however, information about the slope of the terrain is partly included by including additional terrain types (steep with forest and very steep with forest). For the real cases in 3.3., the areas calculated by the PMA algorithm cover a significantly smaller area than the circle of 75% probability of finding according to the ISRID tables. This can significantly affect the next steps of assigning the probability of the area and sending search teams. However, it should be noted that in one case, the significantly reduced area (Figure 8a) does not cover the place where the person was found.



In action, UAVs can be used in the phase of collecting new terrain images, as well as in the phase of searching certain areas after the POA has been assigned. It should be noted here that new terrain mapping is time-consuming, and it is questionable whether it is suitable for a larger number of missions, considering the need to start the search as quickly as possible. Nevertheless, the expected initial time of the preparation of the action, as well as the standard procedures of rapid verification in the area within the immediate vicinity of the IPP, provides certain possibilities for this option. Also, it is expected that UAVs with greater flight autonomy will be used for these purposes (generally fixed-wing UAVs).




5. Conclusions


This paper presents a system designed to support the leaders of the search for missing people when planning actions. Complex actions that involve numerous and varied resources and use all available information to increase the chances of success are demanding, and very few people have the necessary knowledge to plan and lead them. Here, we are focused on helping with data visualization and proposing a new algorithm for evaluating the search area. The entire procedure up to the generation of the area is shown.



The use of unmanned aerial vehicles for conducting a search for people in the assigned area still has some room for development (in addition to increasing the success of detection algorithms). This primarily refers to defining the characteristics of the aerial vehicles (POD) for certain types of terrain so that this resource can be fully standardized. In the context of this work, UAVs were used both to collect new terrain maps and to search the area based on the output results of the presented system.



The expected direction of further research and improvement can largely be read from the previous discussion. The need for a more reliable assessment of the passability of certain parts of the terrain is probably one of the first challenges. Also, it is necessary to test the system in real situations with the aim of additional improvements and the generalization of the system (ISRID data prefer certain geographical areas). This is a long-term process because the analysis needs to be performed on a large number of various scenarios. The acceleration and optimization of the implementation of segmentation algorithms, as well as the PMA algorithm, are also planned in order to make better use of the available hardware and bring the planning process as close to real-time work as possible.



Finally, it is necessary to point out once again that the proposed system and the PMA algorithm as part of it are primarily intended as a tool to help action planners but not as an exclusive source of information for making a final decision.
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Figure 1. “Ring approach”—standard search and rescue scenario based on Euclidean distance from the IPP (initial planning point). 
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Figure 2. Illustration of the first four steps of PMA algorithm workflow execution. The passability matrix (P) contains values determined after the observed terrain map segmentation. Values of the list containing inside border segments (EIN) after the first, second, and fourth steps of the PMA algorithm are executed. Final segment values after three steps colored green, fourth step results with value of segment colored orange. Segment values marked with (*) are temporary values. 
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Figure 3. Example of PMA algorithm results. (a) Segmented terrain map—input for the algorithm; (b) resulting search area (red). The grid shows the unit segments. 
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Figure 4. Overlayed Bing map with UAV-acquired images. 
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Figure 5. Image of terrain segmented according to detected types. 
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Figure 6. Setting the IPP (initial planning point) and the category of the missing person and defining the mobility area based on data from the ISRID database and experimentally obtained data on the reduction factor and the expected speed of the person using the QGIS plugin. 
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Figure 7. Comparison of the statistical curve and the search area based on the applied PMA algorithm. 
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Figure 8. Calculated search areas for five real cases from [35]. The radius of the 75% probability circle for the type of missing person is indicated. The shaded areas represent the search areas for the set maximum distances of 25%, 50%, and 75%. (a) Child 10-12, Old Rag Mountain; (b) Dementia, Brown’s Cove; (c) Despondent, Whiteoak Canyon; (d) Gatherer, Rattlesnake Run; (e) Mental Illness, Panorama—Turn Bridge Trail. 
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