
Figure 1. Linear regression between the manual counts of the test areas from the UAV orthomosaic, and counts 
conducted by the semi-automatic method at different flight heights (50, 20 & 15 m) for the different study species (HG: 
Herring Gull, LBBG: Lesser Black-backed Gull). The dashed red line represents the adjusted R-squared of the model, 
whereas the black line represents a relation 1:1 among counts. The blue dots represent each of the test areas (n=7). 

50

0

100

150

200

250

50

0

100

150

200

250

50

0

100

150

200

250

500 100 150 200 250 500 100 150 200 250

Se
m

i−
au

to
m

at
ic

 c
ou

nt

Manual count

Adj R2 = 0.82 Adj R2 = 0.96

Adj R2 = 0.99
Adj R2 = 0.99

Adj R2 = 0.95
Adj R2 = 0.99

LBBG 50 m, Matrice 210, high quality camera HG 50 m, Matrice 210, high quality camera

LBBG 20 m, Matrice 210, high quality camera HG 20 m, Matrice 210, high quality camera

LBBG 15 m, Phantom 4 Pro, low quality camera HG 15 m, Phantom 4 Pro, low quality camera

Figure 2. Amount of false positives 
(e.g. noise) in % of the individuals 
recorded with manual counts of gulls 
on the RGB imagery (blue), and when 
using a combination of RGB and 
Thermal imagery (red).
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Method description
Based on the semi-automatic method 
proposed by Rush et al. (2018), we 
tested a supervised classification for 
counting individuals and differentiating 
between species (HG: Herring Gull, 
Larus argentatus; LBBG: Lesser 
Black-backed Gull, L. fuscus). Using the 
training sample manager tool in ArcGIS 
v10.5, we created a training set differen-
tiating the different parts of the gulls by 
the unique spectral signature of the 
pixels contained in them. We converted 
the classification outputs into polygons, 
creating “gull-like” polygons, later 
filtered by size and shape. Finally, we 
manually confirmed the identity of the 
outputs (see images below).

Conclusion
• Precise semi-automatic counting can be achieved using programs such as 

ArcGIS.
• This method reduces considerably the amount of time invested in counting 

birds (total manned supervision of less than 2 hours).
• Lower flight heights increase the detection of conspicuous (HG) and inconspic-

uous (LBBG) breeding birds, BUT closer does not mean better: A better camera 
at 20 m delivers considerably higher detection of inconspicuous species (up to 
20% better accuracy) than a less good camera at 15 m height.

• The use of thermal imagery has potential regarding noise reduction in auto-
matic counting by eliminating false positives.

• We recommend a thorough study of the target species in order to plan for an 
ideal cost-efficiency flight in terms of flight height and camera quality.

Decreasing flight height increases precision of classification

• We flew a DJI Matrice 210 at 50 and 20 m to compare the effect of the height on 
the supervised classification. 

• Percentages in table A represent the agreement with the manual count.

Increasing camera quality improves precision

• We flew a DJI Matrice 210 at 20 meters, and a DJI Phantom 4 Pro at 15 meters. 
• The DJI Matrice 210 was doted with a Zenmuse X5S camera, notably better than 

the default DJI Phantom 4 Pro camera. 
• Percentages in table B represent the agreement with to the manual count.

Adding a thermal camera improves precision

• Species such as the LBBG are very cryptic in their environment, thus its detection 
is reduced. Picking up their thermal signature can increase the chances for 
automatic detection.

• Pilot flights at 50 meters revealed a reduction of 30% of the amount of noise 
obtained by adding information from the thermal camera (Figure 2).

Herring Gull (HG)

Lesser Black-backed
Gull (LBBG)

DJI Matrice 210

20 m

97.7 ± 1.1

94.8 ± 1.8

DJI Matrice 210

50 m

93.0 ± 3.5

76.9 ± 6.2

% of birds detected

Herring Gull (HG)

Lesser Black-backed
Gull (LBBG)

DJI Phantom 4 Pro

15 m

97.73 ± 1.3

74.84 ± 4.2

DJI Matrice 210

20 m

97.68 ± 1.1

94.83 ± 1.8

% of birds detected
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