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Abstract
1.	 Animal	population	sizes	are	often	estimated	using	aerial	sample	counts	by	human	
observers,	 both	 for	wildlife	 and	 livestock.	 The	 associated	methods	of	 counting	
remained	more	or	less	the	same	since	the	1970s,	but	suffer	from	low	precision	and	
low	accuracy	of	population	estimates.

2.	 Aerial	counts	using	cost‐efficient	Unmanned	Aerial	Vehicles	or	microlight	aircrafts	
with	cameras	and	an	automated	animal	detection	algorithm	can	potentially	 im-
prove	this	precision	and	accuracy.	Therefore,	we	evaluated	the	performance	of	
the	multi‐class	convolutional	neural	network	RetinaNet	in	detecting	elephants,	gi-
raffes	and	zebras	in	aerial	images	from	two	Kenyan	animal	counts.

3.	 The	algorithm	detected	95%	of	the	number	of	elephants,	91%	of	giraffes	and	90%	
of	zebras	 that	were	 found	by	 four	 layers	of	human	annotation,	of	which	 it	cor-
rectly	detected	an	extra	2.8%	of	elephants,	3.8%	giraffes	and	4.0%	zebras	that	
were	missed	by	all	humans,	while	detecting	only	1.6	to	5.0	false	positives	per	true	
positive.	Furthermore,	the	animal	detections	by	the	algorithm	were	less	sensitive	
to	the	sighting	distance	than	humans	were.

4.	 With	 such	 a	high	 recall	 and	precision,	we	posit	 it	 is	 feasible	 to	 replace	manual	
aerial	 animal	 count	methods	 (from	 images	 and/or	 directly)	 by	 only	 the	manual	
identification	of	image	bounding	boxes	selected	by	the	algorithm	and	then	use	a	
correction	factor	equal	to	the	inverse	of	the	undercounting	bias	in	the	calculation	
of	the	population	estimates.	This	correction	factor	causes	the	standard	error	of	
the	population	estimate	to	 increase	slightly	compared	to	a	manual	method,	but	
this	 increase	can	be	compensated	for	when	the	sampling	effort	would	 increase	
by	23%.	However,	an	increase	in	sampling	effort	of	160%	to	1,050%	can	be	at-
tained	with	the	same	expenses	for	equipment	and	personnel	using	our	proposed	
semi‐automatic	method	compared	to	a	manual	method.	Therefore,	we	conclude	
that	our	proposed	aerial	count	method	will	 improve	the	accuracy	of	population	
estimates	and	will	decrease	 the	standard	error	of	population	estimates	by	31%	
to	67%.	Most	 importantly,	 this	 animal	 detection	 algorithm	has	 the	potential	 to	
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1  | INTRODUC TION

Estimating	population	sizes	of	animals	is	key	in	nature	conservation	
(Davis	 &	 Winstead,	 1980;	 Norton‐Griffiths,	 1978;	 Van	 Lavieren,	
1982)	 and	 large‐scale	 animal	 husbandry	 (Andrew,	 Greatwood,	 &	
Burghardt,	 2017;	 Chamoso,	 Raveane,	 Parra,	 &	 González,	 2014).	
Accurate	 animal	 population	 estimates	 are	 important	 for	 farmers	
to	determine	the	value	of	their	companies	and	for	game	managers	
to	 optimize	 hunting	 strategies	 (Hearne,	 Korrûbel,	 &	 Koch,	 2000;	
Mwakiwa	et	al.,	2016;	Van	Lavieren,	1982),	while	precise	estimates	
are	 important	 to	 follow	population	 trends	 of	 rare	 and/or	 valuable	
wildlife	 species	 (Van	 Lavieren,	 1982).	Most	 of	 the	 animal	 popula-
tion	estimates	are	based	on	sample	counts,	where	animals	are	only	
counted	in	a	part	of	the	area	and	the	counts	are	afterwards	extrap-
olated,	which	is	cheaper	and	less	time‐consuming	than	total	counts	
(Jachmann,	 2001;	 Norton‐Griffiths,	 1978;	 Van	 Lavieren,	 1982).	
Very	 often	 aerial	 counts	 are	 performed,	which	 are	 the	 only	 prac-
tical	way	 to	 estimate	 the	population	 sizes	 of	 some	 animal	 species	
(Davis	&	Winstead,	1980;	Jachmann,	2001;	Norton‐Griffiths,	1978;	
Van	Lavieren,	1982).	Although	aerial	counts	are	 recommended	 for	
open	 landscapes	without	 too	much	 vegetation	 or	 terrain	 features	
blocking	the	view	of	the	observers,	many	animal	counts	in	forested	
areas	 are	 also	 performed	 from	 the	 air	 (LeResche	&	Rausch,	 1974;	
Van	Lavieren,	1982).	The	present‐day	method	of	estimating	animal	
populations	from	aerial	counts	has	not	changed	substantially	since	
the	1970s	 (Jachmann,	2001;	Nichols	et	al.,	1996;	Redfern,	Viljoen,	
Kruger,	&	Getz,	 2002),	 and	 suffers	 from	 imprecise	 and	 inaccurate	
population	 estimates	 (Davis	&	Winstead,	 1980;	 Fleming	&	Tracey,	
2008;	Jachmann,	2001;	LeResche	&	Rausch,	1974;	Rabe,	Rosenstock,	
&	DeVos,	2002;	Stott	&	Olson,	1972;	Van	Lavieren,	1982).	Low	sam-
pling	efforts,	e.g.	sampled	kilometres,	are	more	rule	than	exception	
in	aerial	counts	due	to	the	high	associated	costs	(De	Bie	&	Kessler,	
1983;	 DHV	 Consulting	 Engineers,	 1980;	 Norton‐Griffiths,	 1978;	
Redfern	 et	 al.,	 2002).	Decreasing	 the	 costs	 of	 aerial	 counts	 could	
lead	to	an	increase	in	sampling	effort	and	an	increase	in	the	preci-
sion	and	accuracy	of	population	estimates	(Davis	&	Winstead,	1980;	
Jolly,	1969a;	Van	Lavieren,	1982).

Achieving	accurate	and	precise	population	estimates	from	aerial	
sample	counts	is	notoriously	difficult.	When	comparing	aerial	counts	
to	the	actual	population	size	(often	estimated	using	multiple	and/or	
thorough	ground	counts)	 in	environments	 that	 are	not	 completely	
open,	aerial	counts	generally	underestimate	the	number	of	animals	
by	8%	to	80%	(Davis	&	Winstead,	1980;	De	Bie	&	Kessler,	1983;	Dunn,	

Donnelly,	&	Krausmann,	2002;	Fleming	&	Tracey,	2008;	LeResche	
&	Rausch,	1974;	Stott	&	Olson,	1972).	This	underestimation	bias	in	
aerial	sample	counts	can	be	corrected	by	multiplying	population	es-
timates	with	a	correction	factor	per	species	per	stratum,	viz.,	vege-
tation	or	terrain	type,	often	based	on	a	comparison	of	a	subsample	
with	thorough	ground	counts	or	a	double‐observer	approach	(Cook	
&	 Jacobson,	 1979;	 Jachmann,	 2002;	 Jolly,	 1969b;	 Nichols	 et	 al.,	
2000;	Norton‐Griffiths,	1978;	Van	Lavieren,	1982).	More	elaborate	
methodological	designs,	i.e.	distance	sampling	methods,	make	these	
correction	 factors	 also	dependent	on	 the	 animal	 sighting	distance	
(Buckland	et	al.,	2004).	The	correction	factors	that	are	used	can	be	
extremely	large,	even	for	very	open	savanna	ecosystems	factors	as	
large	as	13	have	been	reported	(De	Bie	&	Kessler,	1983),	which	have	
a	large	impact	on	the	precision	of	population	estimates	(Jolly,	1969b).	
Sampling	effort	should	ideally	be	based	on	preliminary	surveys,	but	
is	in	practice	often	dictated	by	logistics	and	financial	considerations	
(Van	Lavieren,	1982).	Consequently,	most	population	estimates	from	
aerial	sample	counts	have	such	low	precision	that	only	large	changes	
of	the	population	can	be	detected	(Davis	&	Winstead,	1980).	The	un-
derestimation	bias	depends	not	only	on	the	animal	species	and	envi-
ronmental	characteristics	of	a	certain	stratum,	but	also	on	sampling	
effort	 and	human	 skill	 related	 factors	 (Caughley,	 Sinclair,	&	 Scott‐
Kemmis,	1976;	Van	Lavieren,	1982).	 Increasing	the	sampling	effort	
by	flying	slower,	 lower,	with	narrower	transects	and/or	more	tran-
sects,	 should	 result	 in	an	 increase	 in	accuracy	and	precision	 (Jolly,	
1969a,	1969b;	Norton‐Griffiths,	1978;	Van	Lavieren,	1982).	On	the	
other	hand,	having	a	method	that	would	not	depend	so	much	on	the	
skill,	fitness,	and	visual	responses	of	different	observers	and	pilots,	
could	 also	 increase	 the	 accuracy	 and	precision	of	 population	esti-
mates	(Christie,	Gilbert,	Brown,	Hatfield,	&	Hanson,	2016;	Norton‐
Griffiths,	1978;	Sirmacek	et	al.,	2012;	Van	Lavieren,	1982).

An	 increase	 in	 sampling	effort	 can	most	easily	be	obtained	by	
an	 increase	 in	 sampling	efficiency,	which	 can	be	 realized	by	 a	de-
crease	in	financial	costs	per	sampling	unit	(Norton‐Griffiths,	1978).	
To	simultaneously	increase	the	sampling	efficiency	and	standardize	
the	 animal	 detection	 system,	Unmanned	Aerial	 Vehicles	 (UAVs)	 or	
microlight	 aircrafts	 with	 cameras	 and	 an	 automated	 image	 object	
detection	 algorithm	 are	 considered	 an	 alternative	 to	 manned	 air-
crafts	 with	 human	 observers	 (Colefax,	 Butcher,	 &	 Kelaher,	 2018;	
Linchant,	 Lisein,	 Semeki,	 Lejeune,	 &	 Vermeulen,	 2015;	 Rey,	 Volpi,	
Joost,	&	Tuia,	2017;	Sirmacek	et	al.,	2012).	In	the	past	decade,	this	
proposed	method	has	been	explored	and	tested	 in	various	studies	
(Hodgson	et	 al.,	 2018;	Kellenberger,	Marcos,	&	Tuia,	2018;	Rey	et	

outperform	humans	in	detecting	animals	from	the	air	when	supplied	with	images	
taken	at	a	fixed	rate.

K E Y W O R D S

computer	vision,	convolutional	neural	network,	deep	machine	learning,	drones,	game	census,	
image	recognition,	savanna,	wildlife	survey



     |  1877Methods in Ecology and EvoluonEIKELBOOM Et aL.

al.,	2017;	Van	Gemert	et	al.,	2014).	At	first,	this	method	seemed	too	
far‐fetched	to	apply	in	practice	(Van	Gemert	et	al.,	2014),	but	lately,	
due	 to	developments	 in	deep	 learning	 image	 recognition,	 the	per-
formance	of	 this	method	 increased	enough	to	accurately	and	fully	
automatically	count	animals	 in	homogeneous	and	open	landscapes	
(Andrew	et	al.,	2017;	Chamoso	et	al.,	2014;	Hodgson	et	al.,	2018),	or	
semi‐automatically	in	more	challenging	landscapes	(Kellenberger	et	
al.,	2018;	Rey	et	al.,	2017).	At	present,	semi‐automatic	aerial	counts	
with	UAVs	 or	microlights	 and	an	 image	object	detection	algorithm	
supplemented	by	human	verification	of	the	algorithm’s	output,	could	
be	a	feasible	alternative	to	manual	aerial	counts	(from	images	and/
or	 directly)	 in	 any	 area	where	 these	manual	 aerial	 counts	 are	 ap-
propriate	 (Kellenberger	et	 al.,	 2018;	Rey	et	 al.,	 2017).	The	current	
challenges	for	this	semi‐automatic	method	are	the	small	animals	(in	
terms	of	pixel	dimensions)	in	large	images	and	the	algorithms’	ability	
to	 distinguish	 between	 species.	 However,	 the	 recent	 rapid	 devel-
opment	of	Convolutional	Neural	Networks	 (CNNs)	 in	 image	object	
detection	has	the	potential	to	solve	these	issues	(He,	Zhang,	Ren,	&	
Sun,	2016;	Lin	et	al.,	2017;	Lin,	Goyal,	Girshick,	He,	&	Dollár,	2018).

Replacing	manual	 aerial	 sample	 counts	 by	 the	 proposed	 semi‐
automatic	method	 thus	has	 the	potential	 to	 improve	 the	accuracy	
and	 precision	 of	 animal	 population	 estimates	 due	 to	 an	 increased	
sampling	 efficiency	 and	 a	 standardized	 animal	 detection	 system.	
In	this	study	we	evaluate	the	performance	of	a	 fully	convolutional	
multi‐class	one‐stage	detector,	called	RetinaNet	(Lin	et	al.,	2018),	to	
detect	elephants	Loxodonta africana,	giraffes	Giraffa camelopardalis 
and	plains	zebras	Equus quagga	 in	aerial	 images	 from	two	savanna	
animal	 counts	 in	Kenya,	 2014	 and	 2015.	 The	 performance	 of	 this	
algorithm	is	then	used	to	compute	the	difference	in	sampling	effort	
that	is	required	to	compensate	for	the	gain	or	loss	of	precision	due	to	
the	over‐	or	undercounting	bias	of	the	algorithm	compared	to	human	
counts.	Moreover,	we	compare	the	accuracy	of	population	estimates	
using	manual	versus	semi‐automatic	aerial	counts	by	comparing	the	
human	and	algorithm	detections	of	animals	versus	 the	distance	 to	
the	 aircraft,	 because	most	 factors	 that	 cause	 animal	 counts	 to	be	
biased	are	dependent	on	the	sighting	distance	(Van	Lavieren,	1982).	
Furthermore,	 we	 evaluate	 the	 costs	 of	 manual	 versus	 semi‐auto-
matic	aerial	counts	and	determine	how	much	the	sampling	efficiency	
will	improve	when	manual	aerial	counts	are	replaced	with	semi‐au-
tomatic	counts	for	the	same	total	expenditure.	Finally,	we	combine	
both	the	cost	analysis	and	the	animal	detection	algorithm	to	com-
pute	how	much	the	precision	of	population	estimates	can	improve	
when	manual	aerial	counts	are	replaced	with	semi‐automatic	aerial	
counts.

2  | MATERIAL S AND METHODS

2.1 | Data collection

All	 561	 images	 used	 in	 this	 study	 were	 collected	 by	 the	 Kenya	
Wildlife	 Service	 during	 aerial	 sample	 animal	 counts	 with	 plane‐
mounted	 cameras	 in	 the	 Tsavo	 National	 Parks	 (Kenya,	 March	
2014)	 and	 in	 the	 Laikipia‐Samburu	 Ecosystem	 (Kenya,	 May	

2015).	These	nature	reserves	are	savanna	ecosystems	with	vary-
ing	tree–grass	ratios.	During	the	animal	counts,	the	 images	were	
manually	taken	by	human	observers	upon	spotting	animal	groups	
that	were	too	 large	to	count	accurately	while	 in	the	air,	 typically	
groups	larger	than	five	animals.	The	images	were	taken	at	speeds	
of	170–200	km/h	between	90	and	120	m	above	the	ground,	fac-
ing	 both	 the	 left	 and	 right	 sides	 of	 the	 plane,	 and	 tilted	 slightly	
towards	the	ground	creating	strip	widths	of	on	average	200	m	per	
camera.	This	resulted	in	the	animals	being	small	in	the	images,	on	
average	50	×	50	pixels	 in	 images	of	5,000	×	3,000	pixels,	 often	
poorly	 visible	 for	 the	human	eye.	The	 images	were	pre‐selected	
by	 Kenya	Wildlife	 Service	 for	 the	 presence	 of	 elephant,	 giraffe	
and/or	zebra,	not	excluding	the	presence	of	other	animal	species	
(e.g.	impala	Aepyceros melampus,	eland	antelope	Taurotragus oryx,	
cattle	Bos taurus,	and	Cape	buffalo	Syncerus caffer)	and	annotated	
on	an	image‐level	detailing	the	number	of	individuals	per	species	
in	the	 image.	These	numbers	were	estimated	based	upon	human	
inspection	of	the	images	after	the	actual	aerial	animal	count.	We	
annotated	 the	 images	on	an	animal	 level	by	defining	 rectangular	
bounding	boxes	around	the	animals.	These	bounding	boxes	were	
finally	checked	and	corrected	by	another	author.	Due	to	varying	
aircraft	 altitude	 and	 tilt,	 and	 various	 landscape,	 vegetation	 and	
animal	 characteristics,	 the	 animals	 in	 the	 images	 have	 different	
sizes,	 orientations	 and	 body	 postures,	 and	 are	 possibly	 close	 to	
or	behind	each	other,	or	partly	visible	because	of	vegetation	and	
terrain	(Figure	1).

2.2 | Detection algorithm

We	 used	 the	 fully	 convolutional	 multi‐class	 one‐stage	 detector	
RetinaNet	 to	 detect	 animals	 in	 the	 aerial	 images	 (Lin	 et	 al.,	 2018).	
The	architecture	of	RetinaNet	 is	composed	of	a	backbone	network	
and	two	task‐specific	subnetworks	 (Figure	2).	This	algorithm	takes	
entire	 images	 as	 input,	 constructs	 feature	maps	 at	 different	 scale	
levels,	 generates	 region	proposals	 at	each	 scale	 level	by	means	of	
‘anchors’,	and	performs	classification	and	bounding	box	regression	
for	each	anchor	to	predict	the	presence	and	 location	of	objects	 in	
the	input	images.	By	using	the	Focal Loss	function,	training	focusses	
on	cases	that	are	hard	to	classify,	leading	to	high	detection	accuracy.	
For	details	about	RetinaNet,	we	refer	to	the	study	that	proposed	this	
algorithm	(Lin	et	al.,	2018).

We	specifically	used	keras‐retinanet	0.5.0	 (Fizyr,	2018),	an	 im-
plementation	of	RetinaNet	 in	Python	3.6.5	 (Anaconda	 custom	64‐
bit)	using	Keras	2.2.4	with	OpenCV	3.4.1,	TensorFlow	1.11.0,	GCC	
7.2.0,	pip	18.1	and	numpy	1.14.5.	Training	and	detection	was	done	
with	 a	 NVIDIA	 Tesla	 V100	 16GB	 Graphics	 Processing	 Unit	 of	 an	
Amazon	 instance	 type	 p3.2xlarge	 (Amazon	Web	 Services,	 2018),	
running	on	Ubuntu	16.04.5	LTS	(Linux	4.4.0‐1069‐aws)	with	CUDA	
9.0.176.	ResNet‐50	was	used	as	the	backbone	and	the	algorithm	was	
initialized	with	pre‐trained	weights	on	ImageNet	(Deng	et	al.,	2009).	
The	algorithm	was	trained	for	50	epochs	with	a	batch	size	of	1	image	
and	again	for	50	epochs	with	a	batch	size	of	2	images,	which	took	
on	average	7	min	per	epoch	 for	 a	batch	 size	of	1	and	5	min	 for	 a	
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F I G U R E  1  Example	of	an	image	containing	giraffe	and	zebra.	Top:	entire	image;	Middle:	part	of	image	zoomed	in,	with	annotated	
bounding	boxes	(red	for	giraffe	and	blue	for	zebra).	Bottom:	annotated	animals	from	left	to	right
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batch	size	of	2.	Batch	sizes	up	to	7	were	possible	within	the	memory	
constraints	 of	 the	 system,	 but	 to	 limit	 the	 total	 computation	 time	
we	stopped	training	at	the	batch	size	that	performed	less	than	the	
smaller	batch	size.

The	 561	 images	 were	 randomly	 divided	 into	 a	 training	 (70%),	
validation	 (10%)	 and	 test	 (20%)	 set	 (Table	 1).	 The	 division	 of	 sets	
is	 thus	based	 solely	on	 the	number	of	 images,	while	 some	 images	
contained	many	examples	of	a	 species,	others	contained	only	one	
example.	However,	the	number	of	examples	for	each	separate	spe-
cies	 closely	 approaches	 the	 70/10/20	 ratio	 that	was	 used	 for	 the	
division	of	images.	The	original	annotations	in	the	images	consisted	
of	1,319	elephant,	1,109	giraffe	and	1,877	zebra	in	total.	The	images	
could	not	be	used	in	their	entirety	as	training	input	for	the	algorithm	
due	to	memory	limitations.	Therefore,	the	training	images	were	first	
divided	into	42	(7	×	6)	equal‐sized	‘tiles’	each	with	200	pixels	overlap	
on	all	 sides,	 resulting	 in	 tiles	of	on	average	900	×	700	pixels.	The	
overlap	between	tiles	sometimes	resulted	in	the	same	animal	being	
present	in	several	tiles,	but	made	sure	that	every	annotated	animal	
was	at	least	once	fully	present	in	a	tile.	Sometimes	animals	were	only	
partly	covered	in	a	tile,	but	then	we	cut	off	a	part	of	the	tile	to	re-
move	as	much	of	 this	partly	covered	animal	without	 removing	the	
fully	covered	animals	in	the	tile.	We	only	trained	the	algorithm	with	

the	 annotations	 from	animals	of	which	 the	bounding	box	was	en-
tirely	covered	in	the	tile,	and	all	partly	covered	animals	were	consid-
ered	to	be	background.	Also	all	the	animals	of	species	other	than	our	
three	focal	species	were	considered	to	be	background.	Furthermore,	
all	training	tiles	were	horizontally	mirrored	to	be	used	as	extra	train-
ing	 data.	We	 only	 used	 the	 tiles	 that	 contained	 at	 least	 one	 fully	
covered	animal	as	training	input	for	the	algorithm,	which	resulted	in	
approximately	10%	of	all	the	generated	tiles.	As	the	same	example	
of	an	 individual	 animal	was	 sometimes	present	 in	 several	overlap-
ping	training	tiles	and	because	the	total	amount	of	training	tiles	was	
doubled	due	to	the	mirroring,	the	total	number	of	training	examples	
was	300%	larger	than	the	number	of	unique	animal	examples	in	the	
training	images.	For	every	18	animals	in	the	training	set	there	was	on	
average	one	partly	covered	animal.

2.3 | Algorithm evaluation

After	each	epoch	during	training,	the	resulting	algorithm	was	saved	
and	evaluated	on	a	validation	set.	Detection	was	done	on	whole	im-
ages	and	took	on	average	1.5	s	per	image,	during	which	the	images	
simply	had	to	be	forwarded	through	the	trained	algorithm.	The	algo-
rithm	that	performed	the	best	on	the	validation	set	was	eventually	
evaluated	on	a	test	set,	which	also	consisted	of	whole	images.

The	 annotated	 bounding	 boxes	 were	 compared	 with	 the	 pre-
dicted	bounding	boxes	per	species	using	the	Intersection	over	Union	
(IoU)	measure,	defined	as	the	area	of	overlap	divided	by	the	area	of	
union.	A	combination	of	an	annotated	box	and	a	predicted	box	was	
potentially	considered	a	True	Positive	(TP)	when	the	IoU	was	equal	
to	or	larger	than	a	certain	threshold.	However,	every	annotation	and	
every	prediction	could	only	be	used	once	to	generate	a	TP,	where	
priority	was	given	to	the	combination	with	the	largest	IoU.	Every	pre-
diction	that	was	not	coupled	with	an	annotation	after	this	process	
was	considered	a	potential	False	Positive	(FP)	and	every	annotation	
that	was	not	coupled	with	a	prediction	a	False	Negative	(FN).	Finally,	
we	checked	if	the	FPs	were	not	actually	TPs	that	were	missed	by	the	
four	layers	of	human	annotation:	(1)	taking	a	photograph	from	the	air	
upon	spotting	a	group	of	animals;	(2)	counting	the	individual	animals	

F I G U R E  2  The	architecture	of	RetinaNet,	figure	from	Lin	et	al.	(2018):	a	backbone	network	that	consists	of	a	feedforward	ResNet	(He	
et	al.,	2016)	(a),	connected	to	a	Feature	Pyramid	Network	(Lin	et	al.,	2017)	(b),	computes	a	convolutional	feature	map	over	the	entire	input	
image	at	different	scales.	These	feature	maps	are	then	input	for	two	subnetworks:	the	first	subnetwork	computes	the	object	classification	(c)	
and	the	second	subnetwork	performs	the	bounding	box	regression	(d)

(a) (b) (c) (d)

TA B L E  1  Number	of	images,	tiles	and	animal	examples	of	each	
species	per	training,	validation	and	test	set

Set Images Tiles Species Animals

Training 393 3,200 Elephant 2,640

Giraffe 2,160

Zebra 4,182

Validation 56 n.a. Elephant 140

Giraffe 93

Zebra 219

Test 112 n.a. Elephant 288

Giraffe 261

Zebra 301
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per	 species	 per	 image;	 (3)	 defining	 rectangular	 bounding	 boxes	
around	the	animals;	and	(4)	checking	and	correcting	the	annotations.	
We	chose	a	relatively	low	IoU	threshold	of	0.3,	because	the	accurate	
positions	of	animals	in	the	image	is	often	of	no	importance	for	animal	
counts	and	the	annotation	of	the	bounding	boxes	around	the	animals	
was	often	ambiguous	due	to	occlusions.

To	evaluate	the	algorithm	performance	over	all	bounding	boxes	in	
all	images,	precision/recall	curves	per	species	were	used	(Equations	
1	and	2).	These	curves	were	computed	by	varying	the	threshold	for	
the	class	prediction	probability	(score	confidence	threshold)	that	was	
given	by	the	algorithm	to	each	bounding	box.	The	Average	Precision	
(AP),	defined	as	the	area	below	the	precision/recall	curve,	was	used	
to	quantify	the	algorithm’s	performance	in	detecting	a	specific	ani-
mal	species.	The	mean	Average	Precision	(mAP)	of	all	three	animal	
species	was	used	 to	quantify	 the	overall	 algorithm’s	performance.	
The	algorithm	with	the	highest	mAP	on	the	validation	set	was	then	
evaluated	on	the	test	set.

where #TP	is	the	number	of	True	Positives,	#FP	the	number	of	False	
Positives	and	#FN	the	number	of	False	Negatives.

Furthermore,	to	provide	a	comparison	of	the	difference	in	accu-
racy	between	human	observers	and	 the	algorithm,	 the	proportion	
of	detections	were	visualized	versus	the	horizontal	distance	to	the	
aircraft	 for	both	 the	humans	 (annotations)	and	 the	algorithm	 (pre-
dictions).	As	the	visual	field	on	the	ground	of	both	humans	and	cam-
eras	from	the	air	is	a	trapezoid,	the	ground	area	per	pixel	at	the	top	
of	the	image	is	larger	than	at	the	bottom	of	the	image.	This	area	is	
proportional	 to	 the	distance	 from	 the	 aircraft	 to	 the	 ground,	 so	 a	
geometric	expectation	of	the	animal	detections	versus	the	distance	
to	the	aircraft	can	be	formulated	as	more	animals	are	expected	to	
be	present	in	a	larger	area.	Therefore,	the	animal	detection	method	
that	is	more	accurate	and	thus	less	influenced	by	the	distance	to	the	
aircraft,	 should	have	 a	detection	 curve	 that	 is	more	 similar	 to	 the	
geometric	expectation.

2.4 | Population estimate precision

The	over‐	or	undercounting	bias	by	the	algorithm	compared	to	the	
manually	annotated	animals	requires	an	extra	correction	factor	for	
the	 population	 estimate	 on	 top	 of	 the	 regularly	 used	 correction	
factor	 for	manual	 counts.	 The	 extrapolation	 of	 population	 sizes	
based	on	 insight	 gathered	 in	 previously	 undertaken	 surveys,	 for	
example	 using	 aerial/ground	 count	 comparisons,	 distance	 sam-
pling	methods	and/or	double‐observer	approaches,	can	thus	still	
be	used	but	should	now	be	supplemented	with	this	extra	correc-
tion	 factor.	 This	 counting	 bias	 can	 be	 computed	 by	 dividing	 the	
algorithm’s	recall	with	the	humans’	recall,	with	the	inverse	of	this	
counting	bias	to	be	used	as	the	correction	factor.	This	should	be	

done	per	species	and	ideally	per	stratum,	viz.,	vegetation	or	terrain	
type,	as	well.	This	correction	factor	can	be	larger	or	smaller	than	
one,	depending	on	whether	the	algorithm	counts	less	or	more	ani-
mals	than	humans	did.	When	the	population	estimate	is	multiplied	
with	a	constant	correction	factor,	the	standard	error	of	the	popu-
lation	estimate	changes	with	the	same	factor.	To	compensate	for	
the	change	in	standard	error	of	the	estimate,	a	change	in	sampling	
effort	of	the	area	is	needed.	Equation	3	summarizes	the	solution	
about	how	much	the	sampling	effort	needs	to	change	to	achieve	a	
standard	error	of	the	(semi‐)automatic	method	that	is	equal	to	the	
manual	method	(see	Supporting	Information):

where N	 is	 the	 index	detailing	how	much	 the	number	of	 sampling	
units	needs	to	change,	and	r	is	the	counting	bias.

To	compute	to	what	extent	the	standard	error	of	the	population	
estimate	can	decrease	by	spending	the	same	amount	of	finances	on	
our	proposed	semi‐automatic	aerial	 count	method	as	on	a	manual	
aerial	 count	 method,	 first	 the	 costs	 per	 sampled	 kilometre	 were	
compared	(see	Supporting	Information).	Using	the	sampled	kilome-
tres	as	a	unit	to	calculate	the	costs	of	an	aerial	count	is	a	common	
practice	 in	wildlife	management	 (Norton‐Griffiths,	1978).	A	differ-
ence	in	costs	of	a	factor	k	 in	favour	of	the	semi‐automatic	method	
can	be	 translated	 to	an	 increase	 in	 sampled	kilometres	by	k when 
the	same	total	amount	of	finances	are	spent.	An	increase	in	sampled	
kilometres	by	k	would	result	on	average,	either	with	equal‐	or	un-
equal	sized	sampling	units,	in	an	increase	in	sampling	units	by	k when 
the	same	strip	width	is	sampled.	The	decrease	in	a	population	esti-
mate’s	standard	error	with	an	increase	in	sampling	units	by	k can be 
computed,	thereby	taking	into	account	the	initial	change	in	standard	
error by r−1	(see	Supporting	Information):

where S	is	the	index	detailing	what	the	standard	error	of	the	popu-
lation	 estimate	 from	 semi‐automatic	 counts	 will	 be	 compared	 to	
manual	 counts	 by	 spending	 the	 same	 amount	 of	 finances	 on	 the	
semi‐automatic	method	as	on	the	manual	method,	and	k	 is	 the	 in-
crease	in	sampling	units.

3  | RESULTS

3.1 | Algorithm evaluation

The	algorithms	trained	with	a	batch	size	of	1	performed	overall	bet-
ter	 than	 the	 algorithms	with	 a	 batch	 size	of	2	 (Figure	3),	with	 the	
algorithm	 from	epoch	36	of	a	batch	 size	of	1	having	achieved	 the	
largest	mAP	(0.81)	on	the	validation	set	(Figure	S1).

The	best	performing	algorithm	on	the	validation	set	was	applied	
to	the	test	set	and	achieved	a	mAP	of	0.77,	with	an	AP	of	0.81	on	
elephant,	0.79	on	giraffe	and	0.72	on	zebra	(Figure	4).	When	applied	

(1)Precision=
#TP

#TP+#FP
,

(2)Recall=
#TP

#TP+#FN
,

(3)N= r
−2

(4)S=

�

r

√

k

�−1

,
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to	the	training	images,	this	algorithm	achieved	a	mAP	of	0.86,	with	
an AP	of	0.87	on	elephant,	0.92	on	giraffe	and	0.80	on	zebra	(Figure	
S2).	This	suggests	that	the	training	set	size	is	acceptable,	but	possi-
bly	the	detection	of	giraffe	(the	least	occurring	species	in	our	data-
set)	would	improve	with	more	training	data	(Table	1).	The	maximum	
recall	 reached	was	0.92	for	elephant,	0.87	for	giraffe	and	0.86	for	
zebra,	with	elephant	having	an	accompanying	precision	of	0.26,	gi-
raffe	of	0.38	and	zebra	of	0.17	 (Figure	4).	The	maximum	F1‐score,	
i.e.	the	harmonic	mean	of	the	recall	and	precision,	was	0.76	for	el-
ephant,	0.78	for	giraffe	and	0.71	for	zebra	(Figure	4).	F1-scores are 
good	performance	 indicators	when	 the	 algorithm	 is	 considered	 to	
be	used	in	a	fully	automatic	animal	detection	system.	The	predicted	
bounding	boxes	with	a	score	above	the	mean	of	the	score	thresholds	

corresponding	to	the	maximum	F1‐scores	detect	many	of	the	anno-
tated	animals,	but	miss	the	inconspicuous	ones	to	prevent	predict-
ing	many	FPs	(Figure	5).	There	was	little	confusion	between	species	
at	this	score	threshold,	for	elephant	4%	of	the	predictions	were	on	
other	species,	for	giraffe	5%	and	for	zebra	1%.

The	top	17%	of	the	FPs	with	the	highest	score	confidences	 (361	
bounding	boxes,	with	a	score	confidence	between	1	and	0.4)	were	vi-
sually	checked	to	determine	 if	 they	were	not	actually	TPs	 that	were	
missed	 by	 the	 four	 layers	 of	 human	 annotation.	 It	 turned	 out	 that	
20	of	 these	detected	bounding	boxes	 (4	elephants,	8	giraffes	and	8	
zebras)	were	actually	correctly	predicted,	but	missed	during	annota-
tions	 (Figure	6a–c).	Furthermore,	25	other	detected	bounding	boxes	
(10	elephants,	6	giraffes	 and	9	 zebras)	 could	potentially	 also	be	TPs 

F I G U R E  3  Mean	Average	Precision	
(mAP)	obtained	on	the	validation	set	for	
the	algorithms	of	the	50	epochs	from	both	
a	batch	size	of	1	(solid	line	with	dots)	and	
2	(dashed	lined	with	crosses).	The	solid	
dot	marks	the	algorithm	that	performed	
the	best	on	the	validation	set	(mAP	≈	0.81)
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F I G U R E  4  Precision/recall	curves	
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F I G U R E  5  Predicted	bounding	boxes	using	a	score	confidence	threshold	corresponding	to	the	mean	of	the	scores	with	the	maximum	
F1‐score.	The	presented	image	is	the	same	as	Figure	1,	including	the	annotated	bounding	boxes.	The	predicted	bounding	boxes	have	lighter	
colour	than	the	annotated	bounding	boxes	(red	for	giraffe	and	blue	for	zebra).	Top:	entire	image;	Middle:	part	of	image	zoomed	in.	Bottom:	
predicted	bounding	boxes	from	left	to	right
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but	were	too	vague	to	be	determined	with	certainty	(Figure	6d–f).	We	
considered	this	task	of	verifying	detected	bounding	boxes	comparable	
to	verifying	human‐annotated	bounding	boxes	and	also	considerably	
easier	and	quicker	than	when	scanning	entire	images	for	the	presence	
of	animals,	with	the	effect	of	fatigue	and	visual	context	being	far	less	
important	as	it	was	near	impossible	for	a	human	to	overlook	an	animal	
within	a	small	bounding	box.

We	estimated	that	the	algorithm	found	30	animals	in	total	(8	
elephants,	10	giraffes	and	12	zebras)	that	were	not	found	by	the	
four	 layers	 of	 human	 annotation.	When	plotting	 the	 cumulative	
number	of	FPs,	clear	TPs	and	potential	TPs	versus	the	score	thresh-
old,	30	animals	is	clearly	a	conservative	estimate	when	assuming	
that	all	the	FPs	until	the	minimum	score	would	have	been	evalu-
ated	 (Figure	S4).	To	compute	 the	counting	bias	of	 the	algorithm	
compared	to	humans,	we	divided	the	algorithm’s	maximum	recall	
with	the	recall	of	the	humans	(using	all	the	TPs	found	by	both	the	
humans	and	the	algorithm	as	the	total).	This	resulted	in	an	under-

counting	bias	of	
(

TPmodel

TPtotal

)

(

TPhuman

TPtotal

) =

(

265+8

288+8

)

(

288

288+8

) ≈0.95	for	elephant,	
(

228+10

261+10

)

(

261

261+10

) ≈0.91 

for	giraffe	and	
(

258+12

301+12

)

(

301

301+12

) ≈0.90	for	zebra.

The	cumulative	proportions	of	detections	by	both	the	human	an-
notators	and	the	algorithm	were	compared	versus	the	horizontal	dis-
tance	to	the	aircraft	 (Figure	7).	The	cumulative	algorithm	detections	
were	more	in	line	with	the	geometric	expectation	of	animal	detections	
(R2	=	0.97)	than	the	human	detections	were	(R2	=	0.85),	with	the	al-
gorithm	detections	following	the	pattern	of	the	expectation	well.	The	
human	detections	display	a	clear	optimum	between	125	and	200	m	
from	the	aircraft	(where	the	slope	of	the	cumulative	human	detections	
is	substantially	larger	than	the	slope	of	the	geometric	expectation	and	

the	 cumulative	model	 detections),	 but	 perform	 less	well	 below	 and	
above	this	distance	range.

3.2 | Population estimate precision

Using	the	minimum	of	the	three	aforementioned	values	of	the	algo-
rithm’s	undercounting	bias	compared	to	human	annotations	(r	=	0.9),	
it	follows	from	Equation	3	that	the	increase	(N)	in	sampling	units	that	
is	needed	to	achieve	a	decrease	in	standard	error	of	the	population	
estimate	(SY)	equal	to	r	is	as	follows:

The	costs	per	sampled	kilometre	of	various	helicopter	and	fixed‐
wing	 manual	 count	 methods,	 using	 direct	 observations,	 manual	
image	verification	and	a	combination,	were	compared	with	the	ex-
pected	 costs	 of	 our	 proposed	 semi‐automatic	method	 using	UAVs 
and	microlights	with	an	animal	detection	algorithm	(see	Supporting	
Information),	from	which	follows	that	the	costs	can	be	reduced	by	a	
factor	2.6	to	11.5.	Using	these	factors	(k	=	2.6	to	11.5)	and	the	un-
dercounting	bias	(r	=	0.9),	it	follows	from	Equation	4	that	the	factor	
by	which	the	standard	error	of	the	population	estimate	will	change	
(S)	is	as	follows:

to

N=
nautomatic

nmanual

= r
−2

=0.9−2
≈1.23.

S=
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=
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(

0.9

√
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≈0.33.

F I G U R E  6  Examples	of	(a,d)	an	
elephant,	(b,e)	giraffe	and	(c,f)	zebra	that	
were	missed	by	four	layers	of	human	
annotation,	but	detected	by	the	algorithm.	
Top	examples	(a–c)	are	clear	TPs,	bottom	
examples	(d–f)	are	potential	TPs

(a) (b) (c) 

(d) (e) (f) 



1884  |    Methods in Ecology and Evoluon EIKELBOOM Et aL.

4  | DISCUSSION

Our	animal	detection	algorithm	detected	92%	of	all	the	human‐iden-
tified	elephants,	87%	of	the	human‐identified	giraffes	and	86%	of	
the	human‐identified	zebras	in	the	aerial	imagery	from	two	Kenyan	
savanna	 animal	 counts.	 Furthermore,	 the	 algorithm	 correctly	 de-
tected	an	extra	2.8%	of	elephants,	3.8%	giraffes	and	4.0%	zebras	
that	were	missed	by	 four	 layers	of	human	annotation.	Having	 an	
algorithm	that	has	a	minimum	undercounting	bias	of	90%	compared	
to	humans,	will	result	in	a	correction	factor	of	0.9−1	for	the	animal	
population	 estimates	 and	 thus	 an	 increase	 of	 11%	 in	 the	 stand-
ard	 error	 of	 the	 population	 estimates.	 This	 increase	 in	 standard	
error	can	be	compensated	for	with	an	increase	in	sampling	effort,	
e.g.	 sampled	 kilometres,	 of	 23%.	However,	we	 conclude	 that	 the	
costs	per	sampled	kilometre	can	be	reduced	with	160%	to	1050%	
when	manual	 aerial	 counts	 are	 replaced	 by	 counts	with	UAVs or 

microlights	and	image	object	detection	software,	where	detected	
bounding	boxes	have	to	be	verified	by	humans.	Moreover,	with	our	
algorithm	there	will	be	only	2.9	false	positive	bounding	boxes	per	
true	positive	for	elephant,	1.6	for	giraffe	and	5.0	for	zebra,	when	
the	maximum	number	of	 animals	 is	 correctly	 detected	by	 the	 al-
gorithm.	With	 this	 semi‐automatic	 aerial	 animal	 count	method	 it	
is	 thus	possible	 to	 sample	160%	 to	1,050%	more	units,	 e.g.	 kilo-
metres,	for	the	same	costs,	which	will	result	 in	an	increase	of	the	
accuracy	of	animal	population	estimates	and	an	overall	decrease	of	
the	standard	error	of	31%	to	67%.	Furthermore,	this	standard	error	
will	likely	decrease	even	more	in	practice	because	UAVs or micro-
lights	carrying	cameras	with	zoom	 lenses	can	probably	 fly	higher	
than	manned	aircrafts	whilst	still	being	able	to	count	the	animals.	
This	will	increase	the	sampling	efficiency	further.	Finally,	the	animal	
detections	by	the	algorithm	were	less	sensitive	to	the	sighting	dis-
tance	than	the	human	detections	were.	This	highlights	the	fact	that	

F I G U R E  7  Top:	the	cumulative	
proportion	of	animal	detections	by	both	
the	algorithm	and	human	observers	versus	
horizontal	distance	to	the	aircraft	(m).	The	
geometric	expectation	is	computed	based	
on	the	trapezoid	shape	of	the	visual	field	
on	the	ground	from	the	air	of	a	human	
eye	and	a	camera.	Bottom:	the	deviation	
from	the	geometric	expectation	of	both	
the	cumulative	proportion	of	animal	
detections	by	the	algorithm	and	human	
observers
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an	 animal	 detection	 algorithm	 is	 less	 sensitive	 to	 factors	 like	 the	
speed	the	landscape	is	passing	by,	the	angle	of	vision	to	the	ground,	
the	‘size’	of	the	animals	and	visual	cues	triggering	a	focus.	This	in-
dicates	that	a	semi‐automatic	method	will	result	in	more	accurate	
population	estimates	than	a	manual	method,	as	human	observers	
had	a	clear	optimum	in	animal	detections	between	125	and	200	m	
from	the	aircraft.

Our	 animal	 detection	 algorithm	 performed	 better	 than	 previ-
ously	published	algorithms	for	aerial	imagery	of	mammals	in	similar	
habitats	(Kellenberger	et	al.,	2018;	Rey	et	al.,	2017;	Sirmacek	et	al.,	
2012),	whilst	 also	being	able	 to	differentiate	between	animal	 spe-
cies.	 Furthermore,	 this	 is	 likely	 the	 first	 evidence	 of	 an	 algorithm	
detecting	animals	 that	multiple	 layers	of	humans	were	not	able	 to	
detect.	Therefore,	we	posit	that	this	algorithm	is	likely	to	outperform	
humans	in	the	detection	of	animals	from	an	aircraft	when	images	are	
taken	at	a	fixed	interval,	instead	of	only	when	animals	are	spotted	by	
human observers.

As	with	many	new	technological	developments,	implementing	
this	 semi‐automatic	 method	 requires	 some	 initial	 work	 and	 po-
tentially	 schooling	 of	 personnel.	 An	 animal	 detection	 algorithm	
should	first	be	trained	for	a	new	area	and	animal	species	and	ver-
ified	with	manual	count	data	to	compute	performance	measures.	
However,	previously	collected	aerial	image	footage	can	potentially	
be	used	as	input	data	for	this	task.	Annotating	the	images	by	draw-
ing	bounding	boxes	around	the	animals	is	the	most	time‐consum-
ing	 part	 of	 this	 process,	which	 took	 us	 on	 average	 two	minutes	
per	 image	 per	 person.	 Training	 and	 validating	 the	 algorithm	 is	 a	
matter	of	hours	when	running	the	analysis	on	a	dedicated	server	
with	pre‐installed	software.	As	with	all	deep	learning	applications,	
performance	 improves	with	more	training	data,	which	 implicates	
that	 rare	 species	will	 be	more	difficult	 to	distinguish	 from	other	
species.	 In	 a	 semi‐automatic	 approach	 this	 can	 be	 dealt	with	 by	
merging	for	example	all	medium‐sized	antelopes	into	one	class	for	
the	algorithm,	with	humans	doing	afterwards	the	species	determi-
nation.	Moreover,	as	cameras	can	be	equipped	with	zoom	lenses	
and	can	generate	high‐resolution	images,	the	potential	can	be	ex-
plored	to	count	smaller	animal	species	as	well	than	done	in	manual	
aerial	counts.	Furthermore,	some	argued	that	UAVs	are	less	suited	
for	animal	counts	compared	to	manned	aircrafts	because	of	their	
smaller	 action	 radius	 (Christie	et	 al.,	 2016).	We	concur	 that	UAV 
flying	can	be	restricted	to	the	pilot’s	line	of	sight	due	to	national	
legislations,	which	 causes	microlights	 to	be	more	 ideal	 for	 semi‐
automatic	 game	 counts	 in	 large,	 hilly	 and/or	 densely	 vegetated	
areas.	However,	because	of	the	low	costs	of	UAV	equipment	ver-
sus	manned	aircrafts,	it	is	possible	for	a	single	UAV	pilot	to	trans-
port	multiple	batteries,	mobile	battery	chargers	and/or	UAVs	for	a	
single	animal	count	and	therefore	still	cover	a	large	area	per	day.	
Moreover,	 factors	 that	 influence	animal	 visibility	 still	 impact	 the	
semi‐automatic	counts,	just	like	they	impact	manual	aerial	animal	
counts.	However,	practices	that	can	be	employed	to	correct	man-
ual	aerial	counts	for	varying	animal	visibility,	e.g.	detection	curves	
in	 distance	 sampling	methods	 (probability	 of	 spotting	 an	 animal	
vs.	 distance	 to	 aircraft),	 sighting‐probability	 models	 (probability	

of	 spotting	 an	 animal	 vs.	 various	 external	 factors),	 area	 division	
in	 strata	 and	 ground	 count	 comparisons	 (Buckland	 et	 al.,	 2004;	
Norton‐Griffiths,	 1978),	 can	 still	 be	 applied	 to	 semi‐automatic	
counts.	 In	 this	 study	we	 computed	 a	 single	 correction	 factor	 in	
order	to	derive	the	potential	increase	in	population	estimates’	pre-
cision,	but	this	should	in	practice	be	done	per	species	per	stratum	
and	can	be	a	function	of	sighting	distance	and	external	factors	as	
well.	With	semi‐automatic	counts	there	is	also	the	potential	to	es-
timate	the	fraction	of	animals	that	are	missed	by	both	humans	and	
the	 algorithm	 together	 by	 using	 the	 double‐observer	 approach	
during	the	model	building	phase	(where	one	observer	 is	now	the	
algorithm),	 which	 could	 give	 extra	 information	 about	 the	 actual	
population	 sizes	 (Cook	 &	 Jacobson,	 1979;	 Nichols	 et	 al.,	 2000).	
Furthermore,	as	UAVs	and	microlights	can	carry	on‐board	sensors	
that	accurately	monitor	and	record	speed,	altitude	and	tilt	and	the	
aerial	imagery	allows	all	kind	of	landscape,	terrain	and	vegetation	
characteristics	 to	 be	 recorded	 for	 every	 part	 of	 the	 count,	 it	 is	
now	possible	to	further	modernize	aerial	animal	count	practices.	
All	these	external	data	can	be	used	to	create	detection	curves	that	
are	not	fixed	for	a	certain	area	or	stratum,	but	dynamic	over	the	
whole	count.	Therefore,	the	computation	of	population	estimates	
can	potentially	be	done	in	a	more	continuous	fashion	without	the	
need	to	choose	a	discrete	set	of	strata.

Using	 our	 proposed	 semi‐automatic	 aerial	 animal	 count	
method,	 instead	of	manual	aerial	counts,	with	the	same	total	ex-
penditure	will	result	 in	a	better	accuracy	and	precision	of	animal	
population	 estimates.	 This	 semi‐automatic	method	 is	 influenced	
far	 less	 by	 factors	 such	 as	 animal	 group	 size,	 aircraft	 speed	 and	
observer	 fatigue,	 experience	 and	 skill,	 because	 it	 is	 far	 less	 de-
pendent	 on	 human	 observations.	 This	 causes	 the	 counts	 of	 the	
semi‐automatic	method	 to	 be	more	 consistent	 over	 a	 variety	 of	
conditions	than	manual	counts.	As	the	performance	of	image	ob-
ject	detection	algorithms	and	the	action	radius	and	autonomy	of	
UAVs	 improve	 rapidly	 (Christie	 et	 al.,	 2016;	 Lin	 et	 al.,	 2018),	we	
contend	that	the	population	estimates	of	this	semi‐automatic	ae-
rial	animal	count	method	will	improve	even	further	over	time	and	
that	aerial	animal	counts	can	become	fully	automatic	 in	the	near	
future.
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