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Distance sampling is applicable to many species groups (birds, plants, mammals,
whales etc.) Surveys can be done on foot, plane, boat etc.

—

-------

1. Point counts

2. Transects counts
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The key Is to account for observation process

Many factors can determine your ability to observe the species accurately
eg. vegetation (grassland birds)

Time of the day (or temp)

Cloud cover
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We present two approaches to analysing your
distance data

1. Package unmarked (function disamp) in R (Chandler et al. 2015)

| demonstrate this by using bird and vegetation data from my Phd thesis

My study site (FS-KZN boundary)

2. Florian will demonstrate Program DISTANCE (standalone) and talk 'md':rse' about

assumptions and biases
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The way package unmarked Is implemented in &

Allows inclusion of factors that may affect
your ability to see or not see animals etc

Hierarchical distance sampling

include factors that affect density
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Data requirements

1. Bird distance sampling data (

2. Habitat data -
(i) fire — whether each transect was burned or not burned

(ii) Grazing — in 3 categories (none, light or heavily grazed)
(iii) My main focus was on grass height (avh) and grass cover (cover)

all these datasets (birds and vegtn must be loaded in R ) — merged into one
object

Once this is done actual analysis is carried out ( and
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Out of eight species — work on one spcs at a time

<- bldata[bldataSSpecies==“African Pipit",]
data.PASSeason <- factor(data.PASSeason)

summary(data.PA)

<- with(data.PA, {
unmarkedFrameDS(y = ),
siteCovs = data.frame( ),
dist.breaks = ¢( )
tlength = rep(500,dim(data.PA)[1]), " )})
ltUMF
summary(ItUMF) Histogram of distances
hist(ItUMF)
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Model fitting — testing which model best fit your data
Several functions are available

"'--..__.\Half—nnrmal detection function

(LcCm1_default <- distsamp(~ 1~ 1, ItUMF))

(LcCm1_ <- distsamp(~ 1~ 1, [tUMF,
keyfun = "halfnorm", output = "density", unitsOut
— ||hall)) #

(LcCm1_ <- distsamp(~ 1~ 1, [tUMF, keyfun =

"hazard", output = "density", unitsOut = "ha")) #
Upon running the above codes /models - AIC
values are produced to decide on best fit functn
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For demonstration purposes this is what | did for African Pipit

African Pipit

PAM <- distsamp(—~ ~ 1, ItUMF))
s [ i  w—

(PAMS8 <- distsamp(~ (avh + cover) — Grazing, [tUMF)) ' - ight -
(PAM9 <- distsamp(—~ (avh + cover) — Burning))
(PAM10 <- distsamp(—~ (avh + cover) — avh, ItUMF))
(PAM11 <- distsamp(—~ (avh + cover) — cover, I[tUMF))

I N

burned not burned
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* Multiple covariate distance analysis with program DISTANCE

e example 1: data in intervals
* example 2: exact data

* More about the basic assumptions of distance sampling

* how to deal with possible violations

* General considerations about the modeling process




Distance analysis with program DISTANCE

DISTANCE is a standalone Windows program for designing and analysing DS surveys . It is
developed and maintained by a group based at the Centre for Research into Ecological and
Environmental Modelling (CREEM) at the University of St Andrews.

* the same group maintains a number of DS R packages (primarily package Distance)
* (note, this is a different implementation than unmarked)

* compatible with R on various levels; several of its components are in fact R modules
» package readdst can port data and models directly from DISTANCE to R
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Distance analysis with program DISTANCE
DISTANCE is a standalone Windows program for designing and analysing DS surveys . It is
developed and maintained by a group based at the Centre for Research into Ecological and

Environmental Modelling (CREEM) at the University of St Andrews.

DISTANCE vs R

Pro:
e easier entry and learning curve (learning R and DS at the same time can be
daunting)
* better documentation (mo)
e convenient output, analysis and error checking options
* survey design functionality (using spatial data)

Con:
* R allows greater customization and better data handling
» development happens primarily with R packages and is then ported, thus DISTANCE
can be expected to lag a little in development
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7 Example analysis:
Chaffinch data from multi-species bird surveys in kiwifruit orchards, New
Zealand

* import data
* store data in external file and import (using import wizard), rather than entering it
directly in DISTANCE

* set up data filter and model definition

* run analyses as combinations of filters and definitions




" Example analysis:
Chaffinch data from multi-species bird surveys in kiwifruit orchards, New

Zealand
onathan Jordan / Wkimedia Commons
I Distance - KF bird surveys pooled - [Project Browser] =
=) File View Tools Data Window Help _|El|£|
£ 8 888 7
@ Data ]m M apz ] [, Designs ]M Surveys ] a Simulations ]
Line transect |
Line Iength| Suwe_l,ll Clustg [[n] Perp distance | Cluster size | Observer Species Hahitat Behaviour Seen_Heard
0 Decimal Decimal Text Decimal - Tent Tent Tent Text
n'a m [None] nda [Mone] | [More] | [Mone] | [Maone] n'a n'a ) n'a
Int Int Int Int Int Int Int Int Int Int It Int
1 1} 1:Dean ] 28 171 57.1| blackhbird GRASS 5ING SEEM o
2 1} 1| Dean ] 248 171 57.1] thrush GRASS FEEDING SEEN 3
3 1} 1| Dean 5 25 171 57.1 thruzh GRASS FEEDIMG SEEM
4 1} 1| Dean ] 28 171 57.1| blackhbird GRASS FEEDING SEEM
5 1} 1| Dean ] 28 171 57.1| cormorant WINE FLYING SEEN
6| 1481647627 1| Dean L} 25 171 57.1| housze spamow | 5B SING HEARD
7| E53EER0706 1| Dean ] 28 171 57.1| blackhbird GARDEMN | PERCHING SEEM
8| 6840402867 1| Dean ] 248 174 57.1| chaffinch LMK SING HEARD
g 10 1| Dean 5 25 171 57.1| greenfinch VIMNE SING HEARD
10 105 2| Dean 5 25 17.1 57.1) houze sparrow | SB SIMG HEARD
11 11.3137085 1| Dean ] 248 171 57.1| blackbird GRASS FEEDING SEEN
12| 1280250079 1| Dean 5 25 171 57.1| goldfinch VIMNE SING HEARD
13| 1282575537 1| Dean 5 25 17.1 57.1) houze sparrow | SB SIMG HEARD
14| 1352378438 1|Dean ] 28 171 57.1| areenfinch SB SING HEARD
15| 1414132741 1| Dean L5} 25 171 57.1| house spamow | 5B SING HEARD
1| Default 1 EF108 u] 11 27 1 10| Green 16| 1555634919 1| Dean L} 25 17.1 57.1{ thruzh GRASS FEEDIMG HEARD
17 17 1| Dean [} 25 171 571 house sparow | GRASS FEEDIMG SEEM
18 17 1| Dean 5 28 171 57.1| chaffinch SB SING HEARD
19 17 1| Dean 5 25 17.1 57.1) houze sparrow | SB SIMG HEARD
20 17 1| Dean 5} 25 171 57.1) house sparrowe | SB SING HEARD
21| 17.32050808 1| Dean 5 25 174 57.1 thrush VIMNE SING HEARD
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Example analysis:
Chaffinch data from multi-species bird surveys in kiwifruit orchards, New
Zealand

Analysis
Name:  |Chaffinch_r cos_obs s_h SEL
o s el i Created: 1770620010 4:37:01 p.m.
Fun: 27/09/20171 25315 p.m.
Survey

[rata filker

1 Belbgl
Black-backed gull truncl B0intS
3 Blackbird [5-15combined)

4 Ch [ bited)
5 Dunnock truncdQink3
& Fantail [5-15combined)
¥ Feral pigeon trunc1 20intd
3 Goldfinch [5-15cambined)
9 Greenfinch
10 Grep W arbler [5-15combined]
ier trnc200inkd

BE hn her hab_wind
57 hr coz abs

B8 hrcozs h

53 hr coz panel

B0 hr coz hab

E1 hr cos wind

B2 hr coz survey

B4 hr cogz obz_panel
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" Example analysis:
Chaffinch data from multi-species bird surveys in kiwifruit orchards, New

Zealand

“donathan Jordan / Wkimedia Commons

aRtion lntewa|S]Irunc n] Qnits]

Data selectiun] [riteeals Iruncaliﬂnlgnit

Diztance interva
Truncation of manually zele e ihtervals

¥ Transform distance data inta intervals for analysis

Murnber of interals: |4_:I| Cutpoints | — Right tuncation - chooze from interval cutpoints
el el 0 0 { Right trunicate at largest observed distance
o Manual 12 122 " Dizcard the largest ||:| percent of distances
£ Autamati | interval . .
I i sbEts 3 ) * Digcard all observations beyond |1|:||:| vl
4 100

— Left trunzation - choase from interval cutpaints

= Mo left truncation

& Dizcard all observations within ||:| vl

runcation for cluster size estimation [where required)

—

— Right truncation - chooze from interval cutpoints

{* Same as that specified above

" Dizcard all obzervations beyand |-||:||:| vl
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7 Example analysis:
Chaffinch data from multi-species bird surveys in kiwifruit orchards, New

Zealand

Analysis Engine: IMEDS - Multiple covarnates distance sampling LI

*donathan Jordan / Wkimedia Commons.

Estimate Detection function ] Clusgter size] M ultipliers

Analysis Engine: IMEDS - Multiple covariates distance sampling Chi-sq GOF tests and histograms of distances

— Intervals

[ ztection functil:ln]l:lusler zize | Multipliers | Yariance | Misc. ) . . I .
= ] e ] - ] - ] [These settings are ignored if intervals are specified in the Data Filter]

ent termsl Envariatesl Eonstraintsl Diagnusticsl 5+ Automatic selection of intervals and l | Citnnint [
number of tests .

Won rmodels IMEDS - Multiple covariates distance sampling LI

bodel f.ew funchion | Sefies expanzion | ll ot funu:tiu:un] Cluster size] Multipliers] Hariance] Misc_]
1 |Hazard+ate Coszine _I /
|nterval cutpoin - Triiticir
AT PEBIETI IMEDS - Multiple covariates distance sampling :E: :anual : © o statfication Layer type: el i
utornatic g £ Usze layer bppe: IStratum LI

Estimate Detection function ultipliers] Harianu:e] Misc.] & Post-stratify, using: IStratum ;I ILabeI ;I

- IF testz and gq plot
[ Covaniatesi Co

traints | Diagnostics | S ample definition [for encounter rate]
Output KS tests an
IJze layer type: ISampIE LI

Models | Adjuztment §8

Dretection function covar

Layer ngaﬁzpéammg Field name of covariate Factor | Cluster size _I Create file of hiztog  Quantities to estimate and level of resolution
_-I File narme: IT-\;W',:, - -
Obzereation Observer O : Level of resolution of estimates
Observation Seen_Heard [ Global | Stratum | = ample
Denszity O
Encourter rate O |
Detection function [ |
Cluzter size [if required) [ |
— Clugter zize
Toinzlude cluster size az a covanate, add the cluster zize field to the Glabal density estimate is IMEEIH 'l of straturn estimates
tahle of covariates and tick the 'Cluster zize' box in that row. . :
o . o 3 . _ weighted b ; [ Strata are replicates
When cluster size iz a covariate, density iz estimated uzing a different d ¥ IT':'taI effort in stratum ;I P
algorithrn [zee Help for details). Options are changed in the E stimate,
Cluzster Size and Variance tabs.
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7 Example analysis:
Chaffinch data from multi-species bird surveys in kiwifruit orchards, New
Zealand

Basic model (halfnormal function, no covariates)
* detections are in 4 distance bands

0.8 +

06 +

0.0

Detection Frobability

T T T T T
] 10 20 30 40 50 80 7o a0 90 100
Perpendicular distance in meters
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" Example analysis:
Chaffinch data from multi-species bird surveys in kiwifruit orchards, New
Zealand

“donathan Jordan / Wkimedia Commons

ﬂ Distance - KF bird surveys pooled - [Analysis 1541: [Chaffinch_test] Set: [Chaffinch]]

J

File View Tools Analysis - Results  Window Help

J £ & | Bl | £ | B g | g| Estimate sCV 45 35% Confidence Interval
IDetectiun Fct/Global/Model Fitting Stratum: EF10%
Half-normal,/Cosine
oS 1.&&02 23 .32 10.16 0.99532 2.78582
o 1.&841 23 .64 10.72 1.00&4 2.8181
Effort T lo0coe.3 Stratum: EF10B
£ zamples T Bz27 Half-normal/Cosine
Width : 100.0000 D5 1.30z24 21.1% 27.51 0.8474¢ Z2.001s
Left : 0.0000000 D 1.3418 21.33 ZB.21 0.87117 Z.0888
§ ckservations: 1643 Stratum: EF10C
Half-normal /Cosine
Model oS5 1.4464 35.64 23.15 0.70757 2.59588
Half-normal key, kiy) = Expl-y**Z/(Z*R(1)**2)) [¥] 1.5&80 35.70 23.31 0.78837 3.2083
Z{ 1) bounds = (| 1.0000 , 0.10000E4+07 ) Stratum: EF11l2
Half-normal,/Cosine
Iter LM{likelihood) Darameter Values oS 1.4&58 20.58 13.28 0.9575& 2.2435
————————————————————————————————————————————————————————— o 1.5454 21.22 21.86 1.0c4¢ 2.5433
1 —-ZZ09_30 35.1205 Stratum: EF1l1EB
Z —-2205.50 35.1205 Half-normal,/Cosine
3 -22059._84 25.084%9 D5 1.14z22 27.38 13.15 0.83533 Z2.0405
4 —-2209_58 34.9130 D 1.5443 29 .18 16.78 0.84459Z Z.8Z44
5 —-2Z03_.08 342043 Stratum: EF11C
g —-2205.07 341832 Half-normal,/Cosine
7 —-2205.07 341857 o5 1.515¢6 18.385 2%.89 1.0353 2.2308
————————————————————————————————————————————————————————— D 1_55&8 18.98 Z29.88 1.0801 Z.28¢81
Results: Stratum: EF1ZA
Convergence was achiewved with 7 function evaluations. Half-normal/Cosine
Final Ln{likelihood) walue = -2203.074¢ oS 0.355954 25 .80 2528 0.2043Z 0.8&8835
Akaike information criterion = 4420.1454 D 0.35%z87 23.81 30.0% 0.21g52 a.71z2a¢e
Bayesian information criterion = 4425 5537
AICc = 4420 _151%9

)

%
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7 Example analysis:
Chaffinch data from multi-species bird surveys in kiwifruit orchards, New
Zealand

rf Distance - KF bird surveys pooled - [Project Browser] =NACN X |
File View Tools Analyses Window Help ;IEI_X
s @amalz
(B Data ]m b aps ][}:_\ Designs ]ﬁ Surveps '@ Analyses ]ﬁ Simulations ]
set: Chaffinch - -

@ D 44 Name | Created | #params | BekaslC | AIC  ESW/EDR| D | DLCL| DUCL | DCY | #obs | # adipaams | ESW/EDR OV

@ 1543 1 4 58 Chaffinch_hrcos_s_h 17/06/2010 3.00.07

@ 1548 1 4 57 Chaffinch_hr cos_obs 170642010 25345

@ 1542 1 4 3 Chaffinch_hncos 17/06/2010 2.58:2€
@ 1851 1 42 Chaffinch_hr cos_obs s_h SEL_CS req theshold 270942011 2:45:47 3mE3 1427 1293 1567 0048 1543 1 0.03
€@ 1553 1 4 63 Chaffinch_hr cos_obss_h SEL 17/06/2010 4:37.01 3283 1458 1330 1539 0047 1643 1 0.03
@ 1584 1 41 Chaffinch_hr cos_obs survey 170642010 4:37:1¢ [ 3963 1407 0004 541253 100000 1543 0 100,00
@ 1552 1 4 B2 Chaffinch_hr cos_survey 17/06/2010 3:00:3 4 434055 41.04 1359 1247 1480 0043 1543 0 0.02
€ 1551 1 4 &1 Chaffinch_hr cos_wind 17/06/2010 3:00:27 3 27200 439051 4153 1345 1236 1463 0043 16543 0 0.0z
& 1547 1 4 8 Chaffinch_hr her 17/06/2010 2531 2 28870 440721 4222 1327 1206 1460  0.043 1543 0 0.03
€ 1546 1 4 7 Chaffinch_hr sim 17/06/2010 25301 2 28870 440721 4222 1327 1206 1460 0043 1543 0 0.03
@ 1545 1 4 B Chaffinch_hr cos 17/06/2010 2.58:5 2 28870 440721 4222 1327 1206 1460  0.043 1543 0 0.03
€ 1550 1 4 53 Chaffinch_hr cos_panel 17/06/2010 2:00:17 5 29005 440857 4194 1334 1226 1451 0043 1643 0 0.0z
@ 1543 1 4 4 Chaffinch_hn sim 17/0B/2010 2:58:37 3 #1.47 1351 1199 1523 0061 1643 2 0.05
€ 1544 1 4 5 Chaffinch_hn her 17/0B/2010 2.58:45 3993 1405 1282 1539 0046 1643 2 0.03
4267 1316 1208 1434 0044 1543 0 0.0z
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" Example analysis:
Chaffinch data from multi-species bird surveys in kiwifruit orchards, New
Zealand

Hazard rate function, covariate: observer (average of covariate levels)

1.2
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" Example analysis:
Chaffinch data from multi-species bird surveys in kiwifruit orchards, New
Zealand

Hazard rate function, covariate: observer (covariate level 1)

Factor combination 3: OBSERVER=FLORIAMN WELLER,SEEN_HEARD=HEARD

1.4

12 F

:\

N

=
]
I

Detection Frobatility
=
m
1

0.4 1

02 1 \
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" Example analysis:
Chaffinch data from multi-species bird surveys in kiwifruit orchards, New
Zealand

Hazard rate function, covariate: observer (covariate level 2)

Factor combination 4 OBSERVER=FRANCESCA SEEN_HEARD=HEARD

1.2

1.0 -——————"-"_--_.—_\\

o
Le=]
I

Detection Frobatility
[=1
@

=
s
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" Example analysis:
Chaffinch data from multi-species bird surveys in kiwifruit orchards, New
Zealand

Hazard rate function, covariate: observer (covariate level 3)

Factor combination 9: OBSERVER=LIBBY MCKINMNEL, SEEN_HEARD=HEARD

0e +

Detectivn Frobability
=
=1

=
s
I

02 +

0.0 ! —
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o 10 20 30 40 50 &0 70 a0 50 100
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Covariates may be factorial (e.g. observer) or continuous (e.g. wind speed)

1.0 5

09 +

ng +

minimum
o7 -+

average

05 +

05 maximum wind speed

04 +

03+

detection probability

nz —+
o1 -+ |
DID I Il Il I II 1

1] 20 40 G0 g 100 120

perpendicular distance (m)




Covariates may be factorial (e.g. observer) or continuous (e.g. wind speed)

Keep in mind:

all covariates that enter into this model fitting process are covariates of
detectability, not abundance. Here we are only concerned with effects on
the detection process, to derive a largely unbiased survey result.

Many covariates can of course affect both detectability and abundance
(e.g. site identity, vegetation type, time of year,...). However, modelling
their effects on density/abundance itself is a separate (later) job, and not
part of DS proper.

(unmarked combines these steps sequentially, but they are still different processes)

perpendicular distance (m)
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Another example:
Skylark data from multi-species bird surveys on sheep and beef farms,
New Zealand

While the chaffinch data was collected in specific distance bands, the skylark detection
distances (collected with a range finder) were analysed as exact measurements.

Pro:
* biases in detection process are easier to identify in high resolution data
* better model fit can be achieved

Con:
* requires a large number of detections to be feasible
* prone to overfitting
* you will likely end up partitioning the data into intervals anyway, to deal with biases
(see below)

- some partitioning into intervals / detection bands is generally a good idea; if not in
the field then during the analysis stage
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Allowing the detection function to fit more closely to the data

Uniform 1/w

Half-normal exp (-y?/20?) where y is distance and
. 1—exp ((y/0)?) w is truncation distance
Negative exponential exp (-ay)

Extended form: detection function = key function + series expansion
g(y) = key (y) [1 + series (y)]

Series expansions add flexibility to the shape of the key function

Cosine o, cos( jzy W)
=1

Simple polynomial iaj(y/w)”
j=1

Hermite polynomial

Zaszj(y/a)
i=2
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Allowing the detection function to fit more closely to the data

Analysis Engine: IMEDS - Multiple covariates distance sampling LI

Estimate [efeckss jor | Cluster size] Multipliers] Hariance] Misc.]

Selectio diniztent Lo
& Automated selection

Selection method: ISequentia .,I Look-ahead: Iz_j
Selection criterion; I’ME': vI Significance level. IEI.‘IE

i : =l
b aimum termns: IE__'I
™ Manual selection
Maodel [ Mum ad). Order of adjustment parameters [optional)
parameters

1 1]
[T Manualy select starting values

hdodel Mum
parameters

1 1]
Scaling of distances
Scale diztances by: IW [right truncation distance] ;I

Ry
\\.
iy
B
R
I >
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Song thrush data

Basic model (halfnormal function, no covariates) + 2 series expansion terms

0s -+ \\
03 + \

0z 4 -""'--.._,____

Detection Prebability

01+

0.0

T T T T T
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Another example:

Skylark data from multi-species bird surveys on sheep and beef farms,
New Zealand

-
=

Detection Probabilty
(=]
@

06 +

0.4

0z 4 [l

t t t t t t t t t
0 10 20 30 40 50 50 To &0 80 100
Perpendicular distance in meters
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Another example:
Skylark data from multi-species bird surveys on sheep and beef farms,
New Zealand

Basic model (halfnormal function, no covariates) + 5 series expansion terms
-> overfitting

Vi

Cetection Probability
=
m

/]
\

0z 4+ —

t f f t f t f t t
0 10 20 30 40 50 &0 70 a0 20 100
Perpendicular distance in meters
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Another example:
Skylark data from multi-species bird surveys on sheep and beef farms,
New Zealand

Hazard rate function, no covariates
* partitioned into 8 m intervals

Detection Fet/Global/Plot: Detection Probabilityi

<

08 T \

06 4+

Cetection Frobability

0 | A
[~

02 4 —

t t t t t t t t t
] 10 20 30 40 50 &0 70 80 40 100
Perpendicular distance in meters
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* Basic assumptions of distance sampling
* General considerations about model choice

ent and Conservation




Assumption #1:

All animals on the line are detected (i.e., detection probability at distance O is 1)

e depends on study subject; often an issue in shipboard surveys because ship may
block field of view, and/or animals may dive

* in terrestrial surveys, can generally be assumed

e animals may move away from the line before observer passes that point; however,
this does not result in a non-detection but in movement before detection (see below)

dealing with violations:

e this is tricky, because g(0) = 1 is a fundamental assumption of the fitting process
* can use a 2" observer to “guard the centerline” (may result in overestimation)
 there are procedural fixes but they aren’t pretty

* try not to violate this one
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Assumption #2:

Animals are randomly and independently distributed

* three sources of bias:
a) populations are clustered (flocks etc.) but individual detections are treated as
independent
e artificially shrinks the confidence interval of the detection estimate
b) transects are not placed independently of gradients of density (e.g. roads)
e can lead to strongly biased detection at specific distances
c) transects are too close together

dealing with violations:

a) record not individuals but clusters + cluster size, then incorporate cluster size
into the detection funtion

b) place transects either randomly, or across gradients of density

c) make sure that maximum detection ranges do not overlap between transect
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Recording clusters instead of individuals

Effort H 345%
£ samples T 71
Width H 80.00000
§ ckservations: 157 €
Model
Half-normal key, kiy) = Exp(—y**Z/ (Z*R(1)**Z))
Z( 1) bounds = (0.80000 , 0.10000E+07 )
Iter ILMN{likelihood) Darameter Values
1 -od5_ 744 30.8225
Z -od5_ 744 30.8225
3 -545_ 835 30.8778
4 —-g45._43¢ 31.3478
5 —-g45.454 3Z.0888
g -od45_ 454 3Z.10c4
7 -od45_ 454 32.10&7
Besults:

Convergence was achieved with 7 function evaluations.

Final Ln{likelihood) walue = -843.45381
Akaike information criterion = 1300.5877
Bayesian information criterion = 1304.0438

AICe = 1301.0134

Analyziz Engine:

IMEDS - diztance sampling

Estimate] Detection fution  Cluster SiZE]MuIt iers] Hariance] Misc.]

Cluzter zize estimation method
[Theze options are ignared unless objects are clusters.)

* Use size-biaz regression rmethod
" Use mean of observed clusters

{7 Use size bias regression rethod if regression significant at an
alpha-lewvel of ||:|_-| 5 ;use mean of obzervers if not significant

Size-bias regression method
{* Regress In[cluster size) against estimated alx)

{ Reagress cluster size against estimated glx)
{ Rearess In[cluster size) against distance »

{ Begress cluster size against distance »

Estimate OV

Ayerage cluster si

4 82
Half-normzl/Cosine
r
rp 0.13957
E(3) 1.1385 Z_55
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df 95% Confidence Interwval
156.00 1.0872 1.3045
155.00 1.0808 1.1552




Assumption #3:

Animals do not move before detection

* bias resulting from movement is negligible if movement is random

e movement in response to the observer can result in negative (avoiding observer) or
positive (attracted to observer) bias in detectability

* particularly avoidance behaviour is quite common

dealing with violations:

* average out & bridge dips/spikes in the distribution by
e partitioning data into intervals
e using models with a shoulder (e.g. hazard-rate)




Skylark data

Indications of observer avoidance in the data
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Assumption #4:

Measurements are exact (angles and distances)

* the effect of random errors is negligible, but systematic errors can introduce bias;
this often happens with rounding

e rounding angles or distances to preferred values can result in heaping

* angle rounding to zero is particularly common

dealing with violations:

 avoid dead reckoning in the field by using tools: range finders, angle boards, etc.
* smoothen & average instances of rounding in the data by partitioning into intervals
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Blackbird data

Indications of angle rounding to zero in the data
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Blackbird data

Hazard rate (shoulder), partitioning into intervals
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When to use distance sampling?

available number
of samples /
accuracy of
abundance
estimate

Census
(complete count)

Double count

(rapid large-scale counts, calibrated by a few small-

scale censuses)

Distance sampling
(modelled detectability)

Index count

+ large improvement in accuracy by
modelling detectability

+ much lower effort than census

— requires reasonably high number of
records (>60)

(count not corrected for detectability, may be
sufficient for tracking relative changes over time)

Presence/absence
(e.g. Occupancy)




When to use multiple covariate distance sampling? (as opposed to basic DS)

-> this is a question of level of detection function vs level of abundance/density estimate

Assume e.g. that one species was surveyed at several sites, and you want an estimate for
each site. There are three basic options:
a) Fit a separate detection function to each site dataset
- most accurate outcome, best adaptation to different site parameters; BUT
requires sufficient sample sizes at each site
b) Fit a global detection function using all pooled detection, then use this function on site
datasets to get site-level estimates
—-> may save your bacon if sample sizes at individual sites don’t support fitting a
function; BUT assumes that detection does not vary (substantially) between sites
c) Use multiple covariate distance sampling: fit a global detection function, specifying site
as a covariate (i.e., allow the global function to vary for data subsets defined by covariate
levels)
-» this is halfway between the other two options in requirements and result
accuracy

The same choice applies to any covariate (canopy cover, season, sex, etc.)
-> this is essentially a model selection question; if the choice isn’t clear, AIC can be used to
help choose between approaches (as all three use the same data set)
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Useful resources

* The Distance project website http://distancesampling.org/

* software downloads (R packages & program Distance)
e Distance mailing list / Google group
* huge distance sampling article bibliography

* Books (by Steve Buckland et al.):
* Introduction to Distance Sampling: Estimating Abundance of Biological Populations.
(2001) Oxford University Press. (in Main Library)
e Advanced Distance Sampling. (2004) Oxford University Press.
e Distance Sampling: Methods and Applications. (2015) Springer.

* Program Distance documentation (very useful)

* Method reference: Thomas, L., S.T. Buckland, E.A. Rexstad, J. L. Laake, S. Strindberg, S. L.

Hedley, J. R.B. Bishop, T. A. Marques, and K. P. Burnham. 2010. Distance software: design
and analysis of distance sampling surveys for estimating population size. Journal of
Applied Ecology 47: 5-14. DOI: 10.1111/j.1365-2664.2009.01737.x
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