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Appendix 1.  Analytical protocols for the detection and autoextraction of aerial 

vertebrate targets from digital radar signals at a wind energy project. 
 

The objective of this supplementary material is to outline the techniques used to test and 

calibrate the final bird-tracking radar settings used in the primary study.  The relative locations 

and set up of field deployment is described in the main study.  Here we focus on the equipment 

used and in testing the capacity of this system in acquiring and autotracking targets, and setting 

used to minimize potential tracking of non-interest targets (insects). 

 

Equipment 

Radars used to track nocturnal migrants were two Furuno 1954C X-band marine radar units 

(12kW, 9,000 MHz, 1.83 m open array antennas – Furuno Electric Company Ltd. Miki Japan), 

one radar set in the horizontally-rotating surveillance position and the second unit was set in the 

vertical-rotating position to track heights of targets. The main beam of the horizontal radar unit 

scanned an arc of 22˚ (vertical) with a beam width of 1.9˚ (horizontal), rotating 360˚ every 2.5 

secs. Likewise, the main beam of the vertical radar unit was 22˚ (horizontal) in width with an arc 

of 1.9˚ (vertical). For the horizontal radar unit, the wave guide was tilted to 25˚ above horizontal 

to further reduce the amount of ground clutter and increase the amount of airspace surveyed 

(Harper et al. 2004). Both radar units were set on short-pulse length (80 ns at pulse repetition 

frequency [PRF] = 2100 Hz) with a range of 1.5 km.  Rain and sea clutter suppression algorithms 

were turned off. The gain scale on the radars ranged from 0 to 100 and we used a setting of 76, 

which was the highest setting, determined during radar tuning, which maximized the information 

returned from targets while reducing the amount of radar noise. With the added influence of side 

lobes, this created a detection zone of approximately 500 m depth throughout the 1.5 km range, 

which was verified independently by recording movements of a training helicopter (Robertson 
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R22 – Tech Helicopters Ltd.) and small remote model aircraft (Easy Star II Airplane Kit; 1.3 m 

wingspan; Model MPU214260 - Multiplex Modelsport USA) mounted with altimeters and GPS 

units that were flown at stratified altitudes across a flight grid within the 1.5 km detection zone 

(M.I. Hartley, K.A. Otter, unpublished data).   

 

Each radar unit was equipped with an electronic interface system, including a signal digitizer 

(XIR3000B) and radar software (WinHorizon Version 1.5.0.13 – Russell Technologies Inc., 

North Vancouver, BC; http://www.russelltechnologies.ca/). The XIR3000B is an 8-bit 

digitization card that operated in slave mode whereby it transcribed the analog signals being 

passed from the transceiver to the radar master and digitized the return signals: video, trigger, 

ships heading marker and azimuth information. WinHorizon is a multi-purpose automatic radar 

plotting aid that offered a raster-scan radar image with a 4096 scan line resolution display. The 

digitized raw radar signals from each scan were saved as individual files that represented one 2.5 

sec scan of the radar and were automatically saved into separate electronic folders for each data 

recording session. From the spring of 2008 to the fall of 2012, we recorded over 800 hrs from the 

horizontal radar and 744 hrs of data from the vertical radar. 

Target detection and tracking 

 

We attempted to discriminate aerial vertebrates from non-vertebrates (i.e., insects, ground 

clutter) and hereafter refer to each as “true targets” and “false targets”, respectively. In our data, 

it was likely that aerial vertebrate targets were predominantly birds since monitoring of bat 

activity in 2008 to 2010 indicated relatively low occurrences of bats (Jacques Whitford AXYS 

Ltd. 2009, Pomeroy et al. 2010), although these likely comprise a small number of the detected 

targets, particularly in fall migration. We compared the capacity to detect and track true targets 
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from the radar using three techniques: Manual detection, Auto detection and Real-time detection.  

These techniques are sequentially compared below.    

 

Comparison of Manual detection vs Auto detection 

Manual-detection was conducted on recorded twenty-nine 15-minute segments of digitally-

recorded radar data, taken from spring migration data between 2008 and 2011.  We selected the 

15-min periods of radar data from nights where no rain was present and spanning the date ranges 

within each year; and from these, we selected the sampled periods to balance the represented 

hours of the night in which data was collected (dusk to dawn). Manual-detection of each sample 

period of radar data was completed using WinHorizon software (Russell Technologies) where 

imagery could be paused and replayed.  This allowed us to manually count the exact number of 

recorded true targets, summated on a per minute basis. True targets were discriminated from 

false targets based on relative flight direction and speed, aided with the trails function on moving 

targets and the high-colour display in WinHorizon.  The total number of true targets recorded 

using the Manual-detection method for the 15-min periods ranged from 6 to 887, with a median 

value of 153 targets. We used this median value as the cut-off between less intense movements 

and more intense movements to correlate the accuracy of the Auto detection method (described 

below). Each target took approximately one minute to process using the Manual detection 

method, so the time required to manually-score the 15-min periods ranged from 15 min to 14.75 

hrs, depending upon the density of migrants within the recordings. 

 

To extract target information from the digitally-recorded radar data using the Auto detection 

method, we employed the open-source analysis platform radR (Version 2.5.1, Taylor et al. 
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2010), which is written in the R statistical programming language (R Development Core Team 

2014). We used the XIR3000arch plugin in radR to playback the files originally recorded in 

WinHorizon.  radR has built in algorithms to detect and track only moving targets and ignores 

successive returns from stationary clutter.  The detection and tracking of targets in radR was 

summarized as a two-step process whereby the true targets (blips) were initially identified with 

the blip filtering plugin and were then tracked with the tracker plugin.  

 

The blip filtering plugin is a target-finding algorithm with user-defined variables that can be set 

to filter true targets within the radar signal. Each digital scan gets processed as a matrix of 

integers comprised of pulses (columns) and range cells (rows). The columns in the matrix are 

uniformly spaced around the radar’s rotational plane (e.g., 0˚ through 360˚ azimuth) and 

represent the amount of energy reflected back from a target at increasing distance from the radar. 

Each row in the matrix corresponds to the energy received from a given range cell, while the 

radar was pointed at a particular direction. Each point in the matrix is known as a “sample” that 

represents the strength of the radar echo from a single pulse for a given range cell. radR uses a 

specified number of learning scans to compute a background intensity score for each sample 

across the scan, based on user-defined threshold values. An intensity score for each subsequent 

sample in the remaining scans was computed relative to the background score and groups of 

samples that exceeded the user-defined threshold were amalgamated into blips. WinHorizon 

software increases image resolution to 4096 pulses per scan, therefore, each sample had a value 

between 0 and 4096.  
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The tracker plugin is based on a multiframe correspondence (MFC) algorithm (Shafique and 

Shah 2005) that builds active tracks by matching targets from two scans, based upon distance, 

velocity and blip characteristics (e.g., number of samples, area). When the third scan occurs, the 

algorithm predicts where that target will be, based on matching targets of similar characteristics 

and trajectories from the first two scans. As with blip filtering, several user-defined variables are 

set in the MFC algorithm and within the tracker plugin controls. For detailed explanations of the 

blip filtering and tracker plugins refer to Taylor et al. (2010). 

 

We determined through preliminary testing of the radar data and consultations with the radR 

design team that adjustment to four key variables among the blip filtering and tracker plugins 

resulted in the greatest variability among the detection and tracking of true targets (J. 

Brzustowski, pers. comm.; Table S1). To determine the minimal values for each of these four 

variables for testing we examined radR outputs of known avian targets collected from paired 

radar and visual monitoring conducted at various airports in British Columbia (M. d’Entremont, 

unpublished data).  We made visual observations of small birds (e.g., passerines), medium-sized 

birds (e.g., waterfowl, gulls and crow) and large birds (e.g., eagles) at varying distances within 

the radar detection field. We cross-referenced the visual observation data with the radR output 

and the average values for the various variables were used to set lower limits for testing. Each 

variable tested is described in Table S1, along with the values for that variable tested.  
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Table A1.1. Variables adjusted within radR for autodetection and tracking of avian targets from 

radar recorded with the XIR3000B signal processor. Variation in the tested value for blip filtering is 

due to upgrades with the WinHorizon software from 1024 to 4096 scan lines in 2010. 

 
Plugin Variable Description Tested Value 

Blip filtering min blip samples The minimum number of samples 

in a patch of hot targets. 

 

 

7, 8, 9 (2008-2009) 

10, 15, 20 (2010-2011) 

Tracker minimum number 

of blips required for 

a track 

If a track does not meet the 

minimum number of blips required 

it is discarded. Smaller values 

increase potential for including 

false tracks, while larger values 

potentially exclude true targets 

with short trajectories 

 

4, 5 

Tracker number of scans to 

backtrack over in 

building tracks 

The algorithm will project 

backwards a specific number of 

scans when considering all possible 

connections to the next blip. 

 

2, 3 

Tracker minimum gain for a 

blip to join a track 

The gain function is used for 

evaluating the match between blips 

in an active track to a blip in the 

next scan. 

 

10, 15, 20 
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To identify the best-suited values for the blip filtering and tracker variables to use for our radar 

data processing we subjected the 29 15-min recordings to autodetection using radR. Each 15-min 

sample was processed under the 36 different permutations of the blip filtering and tracker 

variables (every combination of tested values in Table S1) for a total of 1044 individual outputs. 

Using the autodetection method in radR, each 15-min sample period took less than 1 min to be 

processed. We fitted a linear regression separately for each of the 36 trials using the number of 

targets detected from the Manually-detection method as the independent variable and the number 

of targets detected using the autodetection method as the dependent variable to identify which 

combination of blip-filtering and tracker variables provided the best relationship between 

autodetection method and the actual known targets from the Manual-detection method. Statistical 

analysis was completed using Statistica Version 12 (Statsoft Inc. 2014). 

 

Using the range of tested values for blip filtering and tracker processing in radR, we ranked the 

various permutations of values based on the R2 relationship between the number of targets that 

were tracked using Manual-detection versus the number of targets that were tracked using the 

autodetection method, and used this to identify the best combination of radR settings for 

autodetection and tracking of data. The best permutation (R2 =0.94) had a “min blip samples” 

value of 9 for the 2008 and 2009 data and a value of 20 for the 2010 and 2011 data. The other 

variables of the best permutation included a “minimum number of blips required for a track” 

value of 4; a “number of scans to backtrack over in building tracks” value of 2 and a “minimum 

gain for a blip to join a track” value of 20 (intercept = -61.38, slope = 1.56, Fig. S1).  
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We compared the radR output for the 15 min periods where movement was less intense (<153 

targets/15 min) to those where movement was more intense (>153 targets/15 min). In both 

instances, the protocol had similar and very strong relationship between number of Manually-

detected targets and the number of autodetected targets (higher-intensity movement periods: R2 = 

 

 

Fig. A1.1. Relationship between the estimated number of targets detected from 29 15-min 

sample periods of radar data processed in with the Autodetection method compared to the 

number of nocturnal migrants identified using the Manual-detection method of the same data.  

Estimated numbers were established through autotracking functions in radR using the using 

the highest-performing combination of values for blip filtering and tracking tested (R2 = 0.94, 

intercept = -61.38, slope = 1.56).  All data were collected at the Dokie I Wind Energy Project 

from 2008 to 2011. 
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0.93, F1,13 = 83.5, P < 0. 001, n = 14:  lower-intensity movement periods: R2 = 0.89; F1,12 = 47.6, 

P < 0.001, n = 13). 

 

Comparison of Autodetection vs Real-Time detection 

 

Real-time detection entailed direct observation/recording of targets from the radar monitor in the 

field, scoring targets as they moved across the screen.  This mimicked traditional field practice in 

radar ornithology associated with wind farms, of scoring a non-recorded analog image, without 

the capacity to pause or replay the imagery.   

 

From 2008 to 2010, we had five observers record the nocturnal movement of migrants using the 

Real-time detection method as the radars were being operated on site, and simultaneous to 

digitizing radar imagery.  Real-time detection was conducted in hourly segments, alternating 

between the horizontal and vertical radars, during the first four hours after sunset. The spatial 

location of true targets relative to the radar, including the distance and bearing of when each first 

appeared were transcribed directly from the radar monitor. Observers recorded the size and 

number of times each target appeared on the monitor and its distance and bearing when it last 

appeared on the monitor. These real-time detections in the field took 15 mins, the length of the 

recording period and a total of 72 hrs of horizontal data and 67 hrs of vertical data were analysed 

using the real-time detection method (during this same period over 405 hrs of horizontal data and 

over 385 hrs of vertical data were digitally recorded, including the subset of hours tracked in 

Real-time above). 

To demonstrate the potential for additional information gathering afforded by the 

autodetection method, relative to Real-time detection method, we correlated the number of 

targets autotracked from 24 of the 15-min periods used above to the number of targets recorded 
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by observers using real-time detection in the field for the same time periods (Pomeroy et al. 

2010). Overall, there was a 300% increase in the number of targets detected using the 

autodetection method compared to the number of targets using the real-time detection method in 

the field.   In all but four of the 24 trials, there was a strong positive increase in target detection 

using autodetection compared to real-time detection, ranging from a 60.0% to 1035.6% increase. 

During less intense periods of movement (<153 targets/15 min) the number of real-time detected 

targets were moderately correlated to the number of autodetected targets (r = 0.69, P < 0.01, N = 

17), although the number of targets autodetected was an average of 176% more than Real-time 

detected. Under periods of higher-intensity movement (>153 targets/15 min), the number of 

autodetected was an average 563% higher than those recorded via Real-time detection, and the 

correlation between the number of real-time vs autodetected targets was lower (r = 0.40, P < 

0.01, N = 12).  

 

Filtering for non-vertebrate aerial targets 

 

Tracking of non-vertebrate aerial targets, such as insects or non-biological targets is a common 

issue that requires attention when processing radar data (Larkin 1991, Schmaljohann et al. 2008). 

We visually observed insects on nights when temperatures were 10˚C or higher and wind speeds 

were low, and calibrated the intensity of high and low periods of insect presence from 

observations with an iGEN 20/20 night vision scope (iGEN, El Paso, TX, 

http://www.igen2020.com; D. Walsh, M. d’Entremont and K.A. Otter, unpublished data). In 

most cases these non-vertebrate aerial targets were moving at a lower speed relative to other 

targets on the radar monitor and were often moving in a different trajectory, mirroring passive 

movement with wind currents characteristic of insects (Cabrera-Cruz et al. 2013). These targets 
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were recorded by the radar as oblong-shaped, low-intensity targets and were detected primarily 

at closer ranges (e.g., <750 m) with the horizontal radar. We used the flexible blip filtering 

controls in radR, where an R logical expression was used to further refine the blip filtering 

criteria (Taylor et al. 2010), to test radR’s ability to filter out these false targets in the radar data. 

We applied an R expression to filter patches where the perimeter of the detected blip was 

disproportionately large compared to its area (Equation 1).   

𝑝𝑒𝑟𝑖𝑚2

𝑎𝑟𝑒𝑎 ∗ (4 ∗ 𝑝𝑖)
< 5                      [Eq. 1] 

These characteristics were indicative of false targets, such as insects, but tend not to be 

associated with the desired true targets, such as birds and bats. Using this expression, a true 

target was assumed to be circular in shape and was measured as a scale invariant index by 

squaring its perimeter. True targets of similar shape will have a similar index regardless of their 

size. Targets that were at least five times as irregular as a circle were filtered out. We also tested 

the addition of an intensity filter (int > 0.3) to the above area expression equation to eliminate 

targets with both diffuse area and low signal-return intensity (Equation 2).  

𝑝𝑒𝑟𝑖𝑚2

𝑎𝑟𝑒𝑎 ∗ (4 ∗ 𝑝𝑖)
< 5 & 𝑖𝑛𝑡 > 0.3         [Eq. 2] 

We assumed that aerial vertebrate targets were predominantly birds, and refer to them as 

such hereafter for simplicity. We ran a paired analysis from 12 nights where 15 min periods of 

radar data were gathered during three time periods within each night where visual and night-

vision data confirmed: 1) insects were predominant (twilight period; n = 12); 2) both birds and 

insects were present (post-twilight to midnight; n = 12); and, 3) where birds were predominant 

(midnight to approximately 02:00; n = 12). For each grouping, we determined the total number 

of targets using: the full logical expression filter with the filter (Equation 2); the logical 
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expression filter without the intensity expression (Equation 1); and, with no logical expression 

filter.  We anticipated that the number of tracked targets should not only decrease when the 

filters were applied (as false targets were being eliminated), but that the magnitude of this target 

reduction should be greatest during periods of the nights where the number of known false 

targets was greatest (twilight period).  Target reduction should be lowest during periods of the 

night where most of the targets were aerial vertebrates (midnight to 02:00).  We calculated the 

proportion of targets removed by the Full (logical expression plus intensity (e.g. Eq 2) and 

Partial (logical expression only Eq 1) filters compared to the same trials non-filtered.  We 

compared the proportion of targets filtered among the different categories using a Friedman 

ANOVA. 

There was a significant difference in the number of targets filtered between the different 

biological target categories under Full filter (Friedman ANOVA: χ2 = 15.0; P = 0.001).  To 

determine where this difference lay, we conducted a multiple comparison following a Friedman 

test (Conover 1999) of the three treatment types (predominately birds, predominately insects or 

mixed insects/birds).  The reduction in proportion of targets tracked was significantly greater in 

periods of the night where targets were predominantly insect–like returns, compared to periods 

that were predominantly avian targets (P < 0.05) or when both insects and birds were present (P 

< 0.05).  There were no differences in target reduction between periods of mixed insect/bird 

versus predominantly birds (Fig. S2).  Use of the Partial filter yielded almost identical results 
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Fig. A1.2. The proportion of  tracked targets  removed by the use of Full and Partial filters compared 

to the same data without filters.  Full Filter includes the logical expression and intensity filter – Eq 2 

– and Partial Filter includes only the logical expression filter – Eq. 1.  Data represents 12 nights of 

sampling where 15 min periods of the night when the targets were predominantly insect samples 

(dusk), predominantly bird samples (middle of night in cooler weather) and the bird and insect 

samples (period between dusk and midnight). Data was collected at the Dokie I Wind Energy Project 

from 2008 to 2012. Filtering removed a greater proportion of targets under periods of predominantly 

insect traffic, suggesting the Full Filter expression can reliably help reduce insect targets. 

 


