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Abstract7

Context. Camera-trap surveys produce more images than people can review. Computer-8

vision classifiers such as SpeciesNet label animals but miss some species, so people still9

review images.10

Aims. To find how many and which images should be reviewed to reliably estimate species11

occupancy, and how a project can tell when it has reviewed enough.12

Methods. On four fully labeled camera-trap surveys (in the USA, South Africa, and13

Malawi), I simulated partial reviews by choosing capture events in five ways: at random,14

with animals, spread across cameras, least certain first (as in active learning), and by15

confirming the suggestions an occupancy model counts. I then tested a two-step procedure16

for human-in-the-loop review: review two capture events per camera; then, in rounds,17

confirm the most confident suggestion of each unconfirmed species-site-week (a species at18

a site in a week), retraining a model of the project’s species after each round.19

Key results. SpeciesNet’s suggestions alone gave occupancy within a mean absolute20

error (MAE) of 0.06 to 0.12 of a full review’s where it knew the fauna, but missed Canada21

lynx and nyala; in Malawi, the MAE was 0.24. Reviewing 25% of images at random gave22

an MAE of 0.16 to 0.24 with only reviewed images counted as detections. Confirming23

suggestions came closest; reviewing the least certain first did little better than random. In24

the procedure, each capture event reviewed confirmed 0.6 to 1.0 new species-site-weeks25

until 92 to 98% were confirmed, then fewer than 0.2. Stopping there, after 15 to 27%26

of the images (1.1 to 1.8 capture events per species-site-week), occupancy, counting only27

reviewed images, had an MAE of 0.04 or less, lynx included.28

Conclusions. Confirming suggestions approaches a full review’s estimates because29

occupancy models need species-site-weeks, not images; reviewing the least certain images30

first spends effort where estimates gain least.31

Implications. Projects can nearly match a full review’s occupancy estimates by reviewing32

two capture events per camera, then confirming one suggestion per species-site-week until33

a round confirms fewer than one new species-site-week per five capture events. Researchers34

can expect to review about 1.5 capture events per species-site-week that the first step35

shows.36
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1 Introduction39

Occupancy modeling, which estimates the share of sites a species occupies while accounting40

for imperfect detection, is a common analysis of camera-trap surveys (MacKenzie et al.,41

2002; Burton et al., 2015). A survey of a few dozen cameras over a few months can42

produce tens of thousands of images; these images must be labeled before they can become43

detection histories. Camera-trap users rank this among their greatest needs (Glover-Kapfer44

et al., 2019).45

Machine learning can do much of the work. Object detectors such as MegaDetector set46

aside the empty images that often make up most of a survey (Beery et al., 2019; Fennell47

et al., 2022; Hernandez et al., 2024), and species classifiers (Norouzzadeh et al., 2018;48

Tabak et al., 2019; Willi et al., 2019), such as SpeciesNet, suggest a species for each animal49

(Gadot et al., 2024). Where a classifier knows a survey’s fauna, occupancy models fitted to50

its labels with no human review can come close to those fitted to experts’ labels (Whytock51

et al., 2021; Thornton et al., 2026). But classifiers lose accuracy at new locations and on52

unfamiliar species (Beery et al., 2018, 2019; Schneider et al., 2020; Tabak et al., 2020),53

and occupancy from their labels differs most for rarely detected species (Thornton et al.,54

2026). A project cannot tell how far to trust its classifier without reviewing some of its55

images, so human review remains standard practice (Thornton et al., 2026). The question56

is how much to review.57

Reviewing part of a survey is not a simple fix. If the images not yet reviewed count as58

non-detections, detection probability falls as less of the survey is reviewed. Occupancy59

models allow for imperfect detection, but with few detections per site their estimates are60

imprecise, often at their limits (MacKenzie & Royle, 2005; Guillera-Arroita et al., 2010;61

Specht et al., 2017; Kays et al., 2020). Counting unreviewed machine labels as detections62

instead adds false positives, which bias occupancy high, mostly for rare and look-alike63

species (Royle & Link, 2006; Miller et al., 2011; Wright et al., 2020). Occupancy models64

that allow for false positives can combine confirmed and unconfirmed detections (Miller65

et al., 2011; Chambert et al., 2015; Clare et al., 2019). For automated acoustic detections,66

confirming as little as 1% of them gave accurate estimates (Chambert et al., 2018). Yet67

these models need enough confirmed detections to distinguish a species that is present but68

seldom confirmed from a false positive (Clement, 2016; Guillera-Arroita et al., 2017).69

Two things about occupancy suggest a better way to spend a review. First, an70

occupancy model needs only whether each species was detected at each site in each71

sampling occasion, not every image that shows it: a survey of 60 cameras over eight weeks72

may have tens of thousands of images but only a few hundred to a few thousand such73

detections. Second, a classifier’s suggestions can point to those detections. A review that74

confirms one suggestion for each species at each site in each occasion could therefore give75

nearly the detection history of a full review at a small part of its cost. A classifier trained76
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on the reviewer’s own labels, which learns the project’s species and names (Norouzzadeh77

et al., 2021; Tabak, 2026), can point better as the review goes on.78

Systems that learn while people label often choose the images they are least sure of79

(Norouzzadeh et al., 2021; Kellenberger et al., 2020), which helps a classifier learn but80

need not find what an occupancy model needs. Haucke et al. (2026) recently showed that81

choosing reviews for the occupancy model is valuable. Their method, ACORN, treats82

each classifier score as evidence in a continuous-score occupancy model (Rhinehart et al.,83

2022) and asks an expert to verify, one species at a time, the camera-days whose labels are84

expected to tell the most about that species’ occupancy model. On iWildCam images with85

SpeciesNet’s scores, it came close to a fully labeled survey with fewer reviews than random,86

highest-score, or uncertainty-based review. However, ACORN refits a Bayesian model of87

each species after each batch of reviews and asks about one species on one camera-day at88

a time, whereas people review images, naming every species in them at once.89

Here I compare ways of choosing which images to review for occupancy models, on90

four camera-trap surveys in which people labeled every image. I propose and test a simple,91

two-step review procedure with a rule for when to stop. It reviews images for every species92

at once and needs no occupancy model while reviewing. Because every image already has93

a label, I could simulate any review: reviewing an image means saving its label from the94

published dataset, and the review of every image in the dataset is the standard to compare95

with. The surveys differ in how well SpeciesNet knows them. It was probably trained on96

one; of the other three, it knows the fauna of two, in North America and southern Africa,97

and often names the species of the third, in Malawi, as related species from elsewhere.98

I ask three questions. First, how much does occupancy from a partial review differ99

from that of a full review, with and without suggestions for the images not reviewed, when100

the images to review are drawn at random? Second, does choosing the images differently101

(images with animals, spread across cameras, the least certain suggestions first, or the102

suggestions that the occupancy model counts) bring the estimates closer for the same103

effort? Third, how much review does the procedure need, and how can a project tell, from104

its own review, when it has reviewed enough?105

2 Materials and methods106

2.1 Software and models107

I processed the images in WildObserve (version 0.7.6; Tabak, 2026), a desktop application108

for reviewing camera-trap images and fitting occupancy models. Briefly, MegaDetector109

v6 (compact variant; Hernandez et al., 2024) finds animals, people, and vehicles in each110

image (by default, boxes scoring ≥ 0.5). For each animal box, the SpeciesNet v4.0.3a111

crop classifier (Gadot et al., 2024) computes a fingerprint, the 1,280 numbers from its112
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final pooling layer, and SpeciesNet’s own final layer turns it into scores for its 2,498 labels.113

Images taken no more than 60 s apart at one camera form a capture event, which the114

review shows together.115

As a reviewer labels images in the software, WildObserve trains a project model, a116

multinomial logistic regression on the fingerprints of the reviewed boxes, which names only117

the project’s own species. It retrains in about a second as labels are added and scores118

every box in the survey again without re-reading any image. On images that SpeciesNet119

had not seen, ten labels per species made it more accurate than SpeciesNet (Tabak, 2026).120

I ran the experiments with open code on the data that WildObserve exported (Data121

availability statement), fitting the same model with scikit-learn (Pedregosa et al., 2011).122

In the simulations, the project model was retrained on all the reviews so far after the123

procedure’s first step and after each round (below), and once more before its suggestions124

were counted.125

From the reviewed images, and optionally the suggestions on images not yet reviewed,126

WildObserve builds detection histories and fits single-season occupancy models (MacKenzie127

et al., 2002) by maximum likelihood, as well as occupancy models that allow for false128

positives among the suggestions (Miller et al., 2011); its fits agree with those of the R129

package unmarked (Fiske & Chandler, 2011; Kellner et al., 2023) to about four significant130

figures (Tabak, 2026). The open code fits the same models with SciPy (Virtanen et al.,131

2020), and on the four full reviews its estimates agreed with WildObserve’s to within132

0.0001. A site is a camera’s location, and each survey is divided into seven-day occasions133

from its first day; a site’s effort in an occasion is the number of days its camera ran. A134

species is detected in an occasion if a reviewed image shows it, or, when suggestions count,135

if the top suggestion for an animal box on an image not yet reviewed (the project model’s,136

once there is one) names it with a score ≥ 0.9. Only species on the project’s species list137

count as suggested. A species detected at a site in an occasion is called a species-site-week.138

2.2 Surveys139

I used four camera-trap surveys in which people had labeled every image (Table 1).140

Each camera’s images formed one site. All four datasets are distributed by LILA BC141

(https://lila.science/datasets).142

Caltech Camera Traps (CCT; Beery et al., 2018): every image from the 60 camera143

locations in the southwestern United States that ran in the eight weeks from 1 August144

2014, the eight weeks in which the most cameras ran. SpeciesNet was trained partly on145

the LILA BC datasets released up to Orinoquía Camera Traps in January 2022 (D. Morris,146

Google, pers. comm., 2026), which probably include CCT (released in 2018), so this survey147

is a best case. CCT’s categories are broad (any deer is “deer”), so confusing two species148

within a category costs nothing.149
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WSU Lynx (Thornton et al., 2026): 637 camera locations in north-central and north-150

eastern Washington, USA, in grid cells of two to nine cameras at least 1 km apart, run in151

the snow-off months of 2016 and 2017 and labeled by sequence in 26 categories; images of152

people and vehicles were removed before release. I drew 60 cameras at random from the153

103 that ran throughout the eight weeks from 10 July 2016, the eight weeks of 2016 in154

which the most cameras ran, and took every image they recorded in that time. SpeciesNet155

was not trained on WSU Lynx (D. Morris, pers. comm.), but its fauna is North American,156

which SpeciesNet knows well, and it is the Washington survey on which Thornton et al.157

(2026) found occupancy from SpeciesNet’s labels similar to the experts’. Sequences that158

its labelers could not identify were reviewed as animals without a species.159

Associated Private Nature Reserves (APNR): Snapshot Safari’s cameras in the private160

reserves bordering Kruger National Park, South Africa, from the Snapshot Safari 2024161

Expansion (Pardo et al., 2021), labeled by sequence by Zooniverse volunteers. SpeciesNet162

was not trained on APNR’s images (D. Morris, pers. comm.), but it knows the region’s163

animals from Snapshot Serengeti and from the first seasons of six other Expansion projects,164

among them Snapshot Kruger, which LILA BC had also released separately. The metadata165

has no capture times, so each image’s capture time came from its EXIF data. From the166

fourth season, I took every image from the 55 cameras that ran throughout the eight weeks167

from 30 November 2019, when the most cameras ran; 52 of them took images in that time.168

I named the categories as a reviewer there would (e.g., “baboon” as chacma baboon, the169

only baboon there), and merged rhinoceroses into one category, since none was labeled170

white or black.171

Nkhotakota Camera Traps (Appel et al., 2025): 324,635 images from 69 camera locations172

in Nkhotakota Wildlife Reserve, Malawi, labeled by image. SpeciesNet was not trained on173

it (D. Morris, pers. comm.). I took every image from the eight weeks from 22 September174

2020, when the most cameras ran: 63 cameras, 60 of which ran throughout.175

Images from all four surveys were reduced to 1,024 pixels wide, with their capture176

times written into their metadata, and processed in WildObserve with its defaults. For177

effort, I took each camera as running from its first image to its last (at Nkhotakota, from178

the first to the last image on its memory cards).179

2.3 Full and partial reviews180

No one reviewed images for this study; every review was simulated. Throughout, reviewing181

an image means saving its label from the published dataset into a copy of the processed182

survey, so the simulated reviewer makes no mistakes beyond those already in the datasets’183

labels. I saved labels as follows. On an image of one species, every animal box that184

the detector found scoring ≥ 0.5 was named with that species, and the image’s count of185

animals was spread over them. An image without animals was saved as empty. An image186
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Table 1: The four surveys. Each covered eight weeks; a site is a camera. Species-site-weeks: the
detections that the full review gives an occupancy model (each species detected at a site in a
seven-day occasion). Species: categories detected in the full review, and those scored (detected
at three or more sites, with a 95% interval for occupancy no wider than 0.5).

CCT WSU Lynx APNR Nkhotakota

Region SW USA Washington South Africa Malawi
Weeks Aug–Sep 2014 Jul–Sep 2016 Dec 2019–Jan 2020 Sep–Nov 2020
Cameras (sites) 60 60 52 63
Images 14,937 50,848 13,276 41,009
Capture events 9,579 12,703 5,528 19,863
Images with animals (%) 30 33 90 32
Species-site-weeks 385 1,144 1,269 1,556
Species detected (scored) 16 (10) 20 (13) 32 (18) 39 (20)
SpeciesNet trained on it probably no no no

showing several species, or a species on which the detector put no box, received a box187

over the whole frame for each species and was marked uncertain, which keeps it out of the188

project model’s training but not out of the occupancy tables. Saving every image this way189

gave the full review, the standard with which every other estimate was compared. Every190

partial review took whole capture events, as people review bursts of images.191

2.4 Ways of choosing the images192

First, I reviewed 2, 5, 10, and 25% of each survey’s images (and, at random, also 50%),193

five times for each share, choosing capture events by one of five strategies until the share194

was reached:195

1. Random: capture events drawn at random from all of them.196

2. Animals: capture events drawn at random from those in which the detector found197

an animal (a box scoring ≥ 0.5).198

3. By camera: from those, one capture event from each camera in turn, in random199

order.200

4. Close calls: in five equal rounds, the first drawn at random from the capture events201

with animals; after each round the project model was retrained, and the next took202

the capture events whose suggestions were least certain first, as WildObserve’s Close203

calls list orders them (the smallest lead of any animal box’s top suggestion over the204

runner-up, or zero when SpeciesNet and the project model disagreed). This is the205

uncertainty sampling of active learning.206

5. Confirm: in five equal rounds, the first as in Close calls, with the project model207

retrained after each. Each later round took, in random order, the capture event208
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Process
the survey

Detector boxes and
species suggestions

1. Spread
Review 2

capture events
with animals

from each
camera in turn

Project model
Learns the project’s

species from the
reviews

2. Confirm
For each species-site-

week not yet
confirmed,

review the surest
suggestion

Fewer than 1 new
species-site-week

per 5 events?

Occupancy
From the reviews

(and the suggestions
on the rest)

Yes: stop

No: the model retrains; confirm the next round

After the spread, the species-site-weeks
shown predict the work left:
about 1.5 capture events each

Figure 1: The review procedure for occupancy. Orange: the reviewer’s steps; teal: the models;
grey: the estimate.

holding the project model’s most confident suggestion of each species-site-week that209

the suggestions showed but no reviewed image yet confirmed; if these did not fill the210

round, the rest of it took the least certain capture events, as in Close calls.211

2.5 The review procedure212

The procedure combines the strategies that did best (see Results) and adds a rule for213

when to stop. It has two steps (Fig. 1).214

1. Spread: review up to k capture events with animals from each camera, one from215

each camera in turn, so that the project model learns the common species from every216

site. I tried k = 2, 5, and 10.217

2. Confirm: train the project model; then, in rounds, review the capture event holding218

the most confident suggestion of each species-site-week that the suggestions show219

but no review has confirmed, retraining the model after each round. A round takes220

whole capture events until it reaches 2% of the survey’s images; a reviewed event221

that does not show the suggested species leaves its species-site-week unconfirmed, so222

a later round may try the next most confident suggestion there. (WildObserve’s For223

occupancy list, which runs this procedure, has no rounds: it judges the yield over the224

last 50 capture events reviewed from it, a number within the range of round sizes at225

which the procedure stopped here, 1 to 251 capture events.)226

I ran the procedure five times for each k on each survey. Each run continued until no227

unconfirmed suggestion was left, a round confirmed fewer than 0.02 new species-site-weeks228

per capture event (below any rule worth trying), or 40% of the images were reviewed229
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(no run reached this). After the first step and after every round, I recorded the images230

and capture events reviewed, the species-site-weeks confirmed, and the estimates. A real231

project does not have a full review to compare with, so it needs a rule that it can apply to232

its own review. I evaluated, on the recorded runs, rules that stop after the first round that233

confirmed fewer than y new species-site-weeks per capture event it reviewed, for y = 0.1,234

0.2, 0.3, and 0.5. To see whether a project can predict its work, I also counted, after235

the first step, the species-site-weeks that the reviews and the project model’s suggestions236

showed between them.237

2.6 Estimates and comparison238

From each partial review I estimated occupancy three ways: from the reviewed images alone,239

counting images not yet reviewed as non-detections, with the standard model (MacKenzie240

et al., 2002); with the project model’s suggestions counted on the other images, with the241

same model; and with those suggestions in a model that allows for false positives (Miller242

et al., 2011), in which detections in reviewed images are certain and suggestions are not.243

Detection probability depended on the days a camera ran in the occasion (Appendix S1).244

For the fixed shares, I also estimated occupancy with SpeciesNet’s suggestions, without245

a project model, and from SpeciesNet’s suggestions with no review at all. SpeciesNet’s246

labels counted toward each survey’s categories by taxonomy: a label counted toward247

the narrowest category containing its taxon, a broader label only when a single category248

lay within it, and any bird label toward a survey’s bird category; another species of a249

category’s genus counted as a different species. In the procedure’s runs, I also estimated250

occupancy with the project model’s scores as evidence instead of a cut-off (Rhinehart251

et al., 2022), as WildObserve’s score-based option does: two Normal distributions fitted to252

occasions’ highest scores, as in ACORN (Haucke et al., 2026), gave each occasion that no253

review settled a log Bayes factor (Appendix S1).254

For each species, I compared occupancy from each partial review with occupancy255

from the full review. I scored only the species that the full review estimated well: those256

it detected at three or more sites, whose model fit converged without reaching a limit257

(an occupancy of 0 or 1), and whose 95% interval for occupancy was no wider than 0.5.258

SpeciesNet’s estimates left out the categories that none of its labels counted toward: “small259

mammal” on WSU Lynx, and “other animal” and “small antelope” on Nkhotakota. For260

each estimate, I report the mean absolute error (MAE): the mean, over the scored species,261

of the absolute difference between a species’ occupancy and its occupancy from the full262

review, averaged over the draws (occupancy runs from 0 to 1, so an MAE of 0.1 is 10263

percentage points). In places I also report the median absolute error, and how often a264

partial review’s 95% interval held the full review’s estimate. A species that a run never265

detected was given an occupancy of 0. I also counted the species-site-weeks that a review266
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confirmed, and the share of the full review’s that it found.267

2.7 Declaration of the use of AI268

I used Claude (Anthropic; Claude Opus models through Claude Code, September–269

November 2026) as an assistant for coding, review, and formatting text. Under my270

direction, it reviewed the code for the simulations, both in WildObserve’s benchmark tools271

and in the open code. It also assisted with writing unit tests. Claude reviewed the text in272

this manuscript, suggested edits, and helped with formatting for this journal. I designed273

the study and its experiments and chose the surveys. I checked the code and its results,274

including that the open code reproduced WildObserve’s own runs (Software and models),275

and I take full responsibility for the content. No AI tool created or altered the surveys’276

images or labels.277

3 Results278

3.1 SpeciesNet’s suggestions with no review279

Where SpeciesNet knew the fauna, its suggestions alone gave occupancy close to the280

full review’s on average: the MAE was 0.06 on CCT, 0.09 on WSU Lynx, and 0.12 at281

APNR (median absolute error 0.03 on each; Fig. 2, dotted lines). On Nkhotakota, the282

MAE was 0.24 (median 0.11), largely because SpeciesNet named several of the reserve’s283

species as related species from elsewhere: it called the yellow baboons, seen at 60 of the284

63 sites, “Kinda baboon” on about 4,000 boxes scoring ≥ 0.9, bushpigs “wild boar”, and285

many duikers and other antelopes “white-tailed deer”. The averages hid failures for single286

species on the other surveys. SpeciesNet’s suggestions detected no Canada lynx on WSU287

Lynx, where the full review put lynx occupancy at 0.13, and seem to have called them288

bobcats (bobcat occupancy rose from 0.52 to 0.63). At APNR, SpeciesNet called the289

chacma baboons “olive baboon” or “Kinda baboon”, and the nyala other ungulates. Only290

8 baboon boxes scored ≥ 0.9 as a baboon, too few detections to estimate from, so baboon291

occupancy went to its limit of 1 (full review, 0.39). Nyala occupancy fell to 0 (0.49).292

3.2 Reviewing at random293

Reviewed images alone, drawn at random, gave occupancy far from the full review’s until294

half of a survey was reviewed (Fig. 2): the MAE was 0.36 to 0.41 with 5% reviewed and295

0.10 to 0.12 with 50%. With 5% reviewed, the 95% intervals held the full review’s estimate296

for only 40 to 77% of the species that had an interval. Random review spent most of its297

effort on empty images: about a third of the reviewed images showed an animal, except at298

APNR, where 90% of all images did. Counting suggestions for the rest helped. With 5%299
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Reviews alone SpeciesNet’s suggestions, no review
With SpeciesNet’s suggestions the same, allowing for false positives
With the project model’s suggestions the same, allowing for false positives

Figure 2: The mean absolute error (MAE) of occupancy estimated from part of a survey’s
review, against a full review, by the share of images reviewed, when capture events are reviewed
at random, on (a) CCT, which SpeciesNet was probably trained on; (b) WSU Lynx and (c)
APNR, whose fauna it knows; and (d) Nkhotakota, whose species it often misnames. Points:
means over five draws; bars: ±1 standard deviation. Grey: reviewed images alone. Orange: with
SpeciesNet’s suggestions on the images not reviewed; teal: with the project model’s, trained on
the reviewed images. Dashed lines: allowing for false positives among the suggestions. Dotted
line: SpeciesNet’s suggestions with no review at all.

reviewed, on the three surveys whose fauna SpeciesNet knew, the MAE was 0.07 to 0.09300

with SpeciesNet’s suggestions and 0.10 to 0.15 with the project model’s. On Nkhotakota,301

the project model’s suggestions halved the MAE, to 0.11 from 0.22 with SpeciesNet’s.302

3.3 Ways of choosing the images303

How the images were chosen mattered most for occupancy from the reviewed images alone304

(Fig. 3; Table 2). Confirming suggestions brought it closest: with 10% of the images305

reviewed, an MAE of 0.07 to 0.22, against 0.36 to 0.39 at random, and with 25%, 0.09306
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Figure 3: The MAE of occupancy against a full review for each way of choosing the images
to review, from the reviewed images alone (top row) and with the project model’s suggestions
on the rest (bottom row), on the four surveys (columns, as in Fig. 2). Grey: capture events
at random; maroon: at random from those in which the detector found an animal; slate blue:
from those, each camera’s in turn; orange: the closest calls first, in five rounds; teal: the most
confident suggestion of each species-site-week that no review yet confirmed, in five rounds. Points
and bars as in Fig. 2. The two rows have different scales.

or less, against 0.16 to 0.24. It was the only strategy that brought the MAE of the307

reviewed images alone below 0.1 on all four surveys with 25% or less reviewed (Table 2).308

Spreading the review across cameras came next. Reviewing capture events with animals309

at random helped little, because the detector also boxed fixed objects such as stumps on310

empty frames, so that only 35 to 52% of the images reviewed showed an animal (except311

at APNR). Reviewing the closest calls first was no better than that: it favored boxes312

on which SpeciesNet and the project model disagreed, which were often boxes on empty313

frames. In one draw on CCT, only 2 of the 435 images it chose showed an animal.314

With the project model’s suggestions counted, the strategies differed little with 10%315

or less of the images reviewed (MAE averaged over the surveys, 0.15 to 0.17 with 2%316

reviewed, 0.10 to 0.13 with 5%, and 0.09 to 0.10 with 10%; Fig. 3, bottom row), and317

no strategy was best on every survey. With 25% reviewed, confirming suggestions and318

spreading the review across cameras came closest (MAE 0.04 to 0.09 and 0.04 to 0.07,319

against 0.07 to 0.11 at random).320
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Table 2: The review that each way of choosing images needed: the smallest share of a survey’s
images (%) that, once reviewed, brought the MAE of occupancy below 0.1 and kept it there
at every larger share run; > means it never did, up to the largest share run (50% for random
review, 25% for the others).

CCT WSU Lynx APNR Nkhotakota

Reviews alone At random 50 >50 >50 50
With animals 25 >25 >25 >25
By camera 25 25 >25 >25
Close calls >25 >25 >25 >25
Confirm 25 10 25 10

With SpeciesNet At random 25 25 5 50
With animals 2 25 10 >25
By camera 5 5 10 25
Close calls 10 25 5 >25
Confirm 2 5 5 10

With the project model At random 25 50 50 10
With animals 10 25 >25 25
By camera 5 5 25 10
Close calls 5 >25 25 10
Confirm 25 5 25 10

3.4 The review procedure321

After the first step, two capture events with animals from each camera (0.8 to 3.8% of the322

images), the reviewed images alone were still far from the full review (MAE 0.34 to 0.39),323

but the project model’s suggestions brought the MAE to 0.14 to 0.19. Each round then324

confirmed about 0.6 to 1.0 new species-site-weeks for every capture event it reviewed (an325

event can show more than one species), until most of the full review’s species-site-weeks326

had been confirmed. The yield then fell abruptly, to below 0.2 (Fig. 4). Stopping at that327

point, after 15 to 27% of the images had been reviewed, the procedure had confirmed 92328

to 98% of the full review’s species-site-weeks. The reviewed images alone gave an MAE of329

0.04 or less (under 0.01 on WSU Lynx), and with the project model’s suggestions, 0.03 to330

0.05 (Table 3). These are means over five draws; in single draws the MAE reached 0.12 at331

APNR and 0.07 on Nkhotakota, where sparse detections put aardvark and leopard (APNR)332

or southern reedbuck (Nkhotakota) at an occupancy of 1. The procedure recovered the333

species that SpeciesNet had named wrongly: lynx occupancy was 0.13 (full review, 0.13),334

chacma baboon occupancy 0.39 (0.39), and nyala occupancy 0.43 (0.49). At about the335

same effort and from the reviewed images alone, the procedure came closer to the full336

review than random review did. After its first round past 10% of the images (about 11%),337

its reviewed images alone had an MAE of 0.07 to 0.25, against 0.36 to 0.39 with 10%338

reviewed at random; with the project model’s suggestions, the two were similar (0.07 to339

0.13 against 0.08 to 0.13).340
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Table 3: Where the review procedure stopped (the first round that confirmed fewer than 0.2
new species-site-weeks per capture event); means over five draws. First step: capture events with
animals reviewed from each camera before confirming. Images: share of the survey’s images
reviewed. Events per species-site-week: capture events reviewed per species-site-week of the full
review. Found: share of those species-site-weeks confirmed. MAE : from the reviewed images
alone, with the project model’s suggestions, and with its scores as evidence.

First step Images Events per Found MAE

Survey per camera (%) species-site-week (%) alone with model with scores

CCT 2 20 1.7 96 0.02 0.03 0.01
5 22 2.0 97 0.02 0.03 0.02

10 24 2.2 97 0.01 0.03 0.02
WSU Lynx 2 16 1.8 98 0.00 0.03 0.00

5 16 1.8 97 0.00 0.03 0.01
10 17 1.9 97 0.01 0.03 0.01

APNR 2 27 1.1 97 0.03 0.03 0.03
5 28 1.2 96 0.03 0.03 0.04

10 30 1.2 97 0.01 0.01 0.01
Nkhotakota 2 15 1.3 92 0.04 0.05 0.05

5 15 1.3 92 0.04 0.04 0.05
10 16 1.4 92 0.03 0.04 0.04

The share of images that the procedure needed differed between the surveys, from341

15% on Nkhotakota to 27% at APNR, where nearly every image showed an animal. The342

capture events it needed per species-site-week of the full review differed less, from 1.1343

to 1.8 (Table 3), and measured this way the surveys’ progress nearly coincided (Fig. 4b,344

d). A project can estimate its total review before confirming. After the first step, the345

reviews and the project model’s suggestions together showed 0.76 to 1.31 times as many346

species-site-weeks as the full review had, and the procedure stopped after 1.2 to 1.8 capture347

events per species-site-week shown then (1.5 on average).348

A larger first step took more review in all and did little better. With 10 capture events349

per camera, the procedure stopped after 16 to 30% of the images, with an MAE from the350

reviewed images alone of 0.01 to 0.03 (Table 3).351

Rules of 0.1 and 0.2 new species-site-weeks per capture event stopped at nearly the352

same round. A rule of 0.3 sometimes stopped a round early (on CCT with 5 events per353

camera, an MAE of 0.04 rather than 0.02), and 0.5 stopped early on CCT and WSU Lynx354

(on CCT with 2 events per camera, 0.09 rather than 0.02).355

3.5 False positives and scores as evidence356

Allowing for false positives among the suggestions lowered the MAE (by more than 0.005)357

in only 14 of 168 combinations of survey, strategy, share reviewed, and kind of suggestion;358

otherwise it raised the MAE or barely changed it (Fig. 2, dashed lines). All 14 had at least359
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Figure 4: The review procedure’s progress, with two capture events per camera in the first
step: the MAE of occupancy against the full review, from the reviewed images alone (a, b) and
with the project model’s suggestions on the rest (c, d), against the share of the survey’s images
reviewed (a, c) and the capture events reviewed per species-site-week of the full review (b, d).
Each line is the mean over five draws; open circles mark where the procedure stopped, on average,
when a round confirmed fewer than 0.2 new species-site-weeks per capture event. Grey: CCT;
teal: WSU Lynx; orange: APNR; slate blue: Nkhotakota. The two rows have different scales.

10% reviewed and all but one used the project model’s suggestions; most were reviews that360

confirmed suggestions or spread across cameras, and most were on WSU Lynx. In the361

procedure, it helped on WSU Lynx midway (MAE 0.02 against 0.07 after about 11% of362

the images), where the confirmed detections it needs had accumulated, but not at APNR.363

Weighing the project model’s scores as evidence, instead of counting its suggestions over364

the cut-off, rarely helped either. After the first step, its MAE was 0.16 to 0.33 (counting365

suggestions, 0.14 to 0.19); after about 11% of the images, 0.03 to 0.14 (0.07 to 0.13), lower366

only on WSU Lynx (0.03 against 0.07); and at the stop, 0.05 or less, near the reviewed367

images alone (Table 3).368
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4 Discussion369

Reviewing only the camera-trap images that an occupancy model needs gave estimates370

close to a full review’s for a small part of its effort. The procedure, a small review spread371

across cameras followed by rounds that confirmed the most confident suggestion of each372

species-site-week, stopped by its own rule after 15 to 27% of each survey’s images, with a373

mean MAE ≤ 0.04 from the reviewed images alone. Reviewing a similar share at random374

left the MAE several times higher, and reviewing the least certain images first, as systems375

that learn while people label often do, did little better than random. The choice of images376

mattered most when occupancy came from the reviewed images alone; with the project377

model’s suggestions counted for the rest, the strategies differed little with ≤ 10% reviewed.378

4.1 Why confirming suggestions works379

An occupancy model needs only each species’ detection history: whether it was detected380

at each site in each occasion. Once a review has confirmed every species-site-week that381

the full review has, the reviewed images alone give the full review’s detection history, and382

further review cannot change the estimates. A random review spends most of its effort383

on empty images and on repeated detections of common species, and still misses many384

species-site-weeks, so the model must infer how much it missed from too few detections.385

Confirming one suggestion per species-site-week goes straight to what the model needs,386

and the classifier only has to point to the right images. Each confirmation also teaches387

the project model the project’s own species, so it points better as the review progresses,388

including to species that a general classifier names incorrectly: the procedure recovered389

the Canada lynx that SpeciesNet missed, and the baboons that it named as species from390

elsewhere.391

The same reasoning explains when to stop. While unconfirmed species-site-weeks392

remain, most capture events offered confirm one; once nearly all are confirmed, the events393

offered hold mostly false suggestions, and the yield falls abruptly (Fig. 4). A project can394

watch that yield in its own review, without a full review to compare with; on every survey395

here the yield fell below 0.2 once 92 to 98% of the full review’s species-site-weeks had been396

confirmed (Table 3). The number of species-site-weeks, more than the number of images,397

predicts how much review is needed: measured per species-site-week, the four surveys’398

progress nearly coincided (Fig. 4b, d).399

4.2 Recommendations400

These results suggest that projects can follow the review procedure (Fig. 1). Before401

reviewing, choose the sites and the occasion length (here seven days), since they define402

the species-site-weeks. Then review in two steps:403
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1. Spread: review two capture events with animals from each camera in turn, and train404

a model of the project’s species on them.405

2. Confirm: in rounds (here about 2% of the images each), review the capture event406

with the most confident suggestion of each species-site-week not yet confirmed;407

retrain after each round.408

Stop when a round confirms fewer than one new species-site-week for every five capture409

events reviewed, and estimate occupancy from the reviews. A larger first step helped little:410

ten capture events per camera took more review in all and gave estimates at most slightly411

closer at the end (Table 3). A project that stops early can count the project model’s412

suggestions on the rest: after about 11% of the images, these gave an MAE of 0.07 to 0.13,413

about as close as random review with the same suggestions (0.08 to 0.13). Unlike random414

review, though, the procedure can continue to estimates that need no suggestions.415

WildObserve’s For occupancy list runs both steps: it offers capture events in the416

procedure’s order, shows how many species-site-weeks are left to confirm and about how417

many capture events that will take, and says when the reviewer can stop, once fewer than418

10 of the last 50 capture events reviewed from it confirmed a new species-site-week. The419

open code implements every step outside WildObserve (Data availability statement).420

Models that allow for false positives (Miller et al., 2011; Chambert et al., 2015) lowered421

the MAE only once the review had confirmed many detections, which such models need to422

tell true detections from false ones (Clement, 2016), and even then only on some surveys.423

Chambert et al. (2018) needed to confirm only a small share of automated detections, in424

part because their model also used the number of detections in each occasion; the model425

here used only whether an occasion had one.426

4.3 No review and active learning427

Where SpeciesNet knew a survey’s animals, its suggestions alone came close on average428

(MAE 0.06 to 0.12; Fig. 2, dotted lines), as automated labels have before (Whytock et al.,429

2021; Thornton et al., 2026). The averages hid the failures that matter most to a survey,430

however: the procedure was needed to recover the lynx for which the WSU survey was431

designed, and the baboons and nyala at APNR. Thornton et al. (2026) likewise found the432

largest differences for rarely detected species, and a project cannot know in advance which433

of its species a general classifier will miss. The procedure’s first step can reveal them: a434

species that the reviewer keeps correcting is one that the general classifier gets wrong.435

Systems that learn while people label often choose the images they are least sure of, to436

help a classifier learn (Norouzzadeh et al., 2021; Kellenberger et al., 2020). For occupancy437

from the reviewed images alone, that choice performed poorly in this experiment (Fig. 3;438

Table 2). The least certain images were often boxes on empty frames, where the two439
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models disagreed, and even uncertain images of animals are seldom the detections that the440

occupancy model lacks. What to review should follow from the estimate that the review441

is for.442

Haucke et al. (2026) reached the same conclusion by another route. ACORN chooses443

the reviews expected to tell the most about each species’ occupancy model, and it beat444

both uncertainty sampling and random review. Reviewing the highest-scoring camera-days,445

the baseline nearest to confirming suggestions, was surprisingly strong, and ACORN beat446

it mainly with small budgets, by not spending reviews on detections that the model could447

already predict. Confirming only the species-site-weeks that no review has confirmed448

avoids the same waste without a model of each species. The two approaches differ in what449

they ask of a project. ACORN refits a Bayesian model of each species and its covariates450

as the review goes on, and its use of the classifier’s scores as continuous evidence brought451

its estimates closer to a full labeling before any review. The procedure here needs only a452

count that a reviewer can keep, reviews every species in an image at once, and lets the453

classifier learn the project’s own species, which recovered those that SpeciesNet missed.454

Weighing the project model’s scores as evidence helped little here (Table 3), perhaps455

because ACORN measured the scores’ gain against reviewed labels alone, whereas here456

they were compared with a project model’s confident suggestions, which already carry457

much of that information.458

4.4 Limitations459

The reviews were simulated from the datasets’ own labels, so the simulated reviewer made460

no mistakes of its own, and the full review with which every estimate was compared inherits461

the labels’ errors. APNR’s labels are volunteers’ consensus, and WSU Lynx and APNR462

were labeled by sequence. Additionally, I measured effort in images and capture events, not463

in reviewers’ time. Empty images are quicker to review, so the procedure, which reviews464

mostly animals, costs more time per image than a random review. Furthermore, I fitted465

single-season, single-species models without covariates on occupancy, whereas Thornton466

et al. (2026) and Haucke et al. (2026) also compared species–environment relationships.467

The stopping rule and the planning figure (1.5 capture events per species-site-week) were468

chosen on the same four surveys on which they were tested, all with seven-day occasions.469

Finally, a species-site-week that no model suggests with confidence cannot be confirmed,470

and neither can a species that the first step never meets. Here, the procedure left 2 to 8%471

of the full review’s species-site-weeks unconfirmed. Projects that care about rare species472

should also look for species that the review has not met, for example with WildObserve’s473

New species? list.474
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4.5 Implications475

A camera-trap project that needs occupancy estimates need not review every image, or476

trust a general classifier’s labels without review: it can confirm the detections that the477

occupancy model needs, in the order that a model of its own species suggests, and stop478

when the review stops confirming new ones. The work is predictable from the review’s479

first step, about 1.5 capture events for each species-site-week it shows, and the project can480

tell from its own review when it is done. The procedure presented here can be valuable for481

teams that cannot review every camera-trap image: they could estimate occupancy for482

the species they detect soon after each survey, rather than waiting for a full review.483
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Supplementary material for

Which camera-trap images to review? Estimating
occupancy from a small part of a survey

Appendix S1. The occupancy models

Every estimate in the paper came from one of three single-season, single-species models,
with no covariates on occupancy, fitted by maximum likelihood: the standard model (S1.2),
a model that allows for false positives among the suggestions (S1.3), and a score-based
model (S1.4). WildObserve fits all three (Tabak, 2026); the estimates reported come from
the open code, which fits the same models and agreed with WildObserve to within 0.0001
on the four full reviews. Table S1 lists which model each estimate used.

S1.1 Detection histories

A site i = 1, . . . , N is a camera’s location. Its survey is divided into seven-day occasions
j = 1, . . . , J from its first running day, and dij is the number of days its camera ran in
occasion j. An occasion with dij = 0 is missing: it does not enter the likelihood, and the
products over j below run over the occasions with dij > 0 only. Images taken outside the
occasions do not count.

For a species, yij = 1 if it was detected at site i in occasion j: a reviewed image taken
there shows it (a confirmed detection), or, when suggestions count, a box on an image
there not yet reviewed has the species as its top suggestion with a score of 0.9 or more.
Only species on the survey’s list count as suggested. Otherwise yij = 0, so an image not
yet reviewed, and without such a suggestion, counts as a non-detection.

S1.2 The standard model

The standard model (MacKenzie et al., 2002) has a site occupied (zi = 1) with probability
ψ, and, at an occupied site, the species detected in occasion j with probability pij:

logitψ = β0, logit pij = α0 + α1dij. (1)

The term in dij is included only when the camera-days vary among the survey’s occasions;
otherwise logit pij = α0. A site’s likelihood is

Li = ψ
∏
j

p
yij

ij (1 − pij)1−yij + (1 − ψ) 1
[∑

j yij = 0
]
, (2)
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and the likelihood is the product of the Li. This is the model that the R package unmarked
fits as occu(∼days ∼1) (Fiske & Chandler, 2011; Kellner et al., 2023).

S1.3 Allowing for false positives

When suggestions count, a detection is either confirmed by a reviewed image or rests on
suggestions alone. The model of Miller et al. (2011) with multiple detection states (un-
marked’s occuFP, with type 3 data) records an occasion’s outcome as wij = 2 (confirmed),
wij = 1 (detected by suggestions alone), or wij = 0 (not detected). At an occupied site,
the species is detected with probability pij, as in S1.2, and a detection is confirmed with
probability bij; at an unoccupied site, suggestions alone detect it with probability f , and
nothing is confirmed:

Pr(wij | zi = 1) =


1 − pij wij = 0

pij(1 − bij) wij = 1

pij bij wij = 2

Pr(wij | zi = 0) =


1 − f wij = 0

f wij = 1

0 wij = 2

logit bij = γ0 + γ1rij, logit f = κ,

(3)

where rij is the share of the occasion’s images with animals that had been reviewed (an
image with animals being, if reviewed, one the review gave an animal, and if not, one
on which the detector found an animal): the more of an occasion’s animal images were
reviewed, the likelier a true detection there was confirmed. The term in rij is included only
when rij varies among the occasions in which the species was detected. A site’s likelihood
is

Li = ψ
∏
j

Pr(wij | zi = 1) + (1 − ψ)
∏
j

Pr(wij | zi = 0), (4)

whose second term is 0 at a site with a confirmed detection. The model was fitted only for
a species that some reviewed image showed; for any other, the standard model’s estimate
stood in.

S1.4 The score-based model

In the procedure’s runs, the score-based model weighed the project model’s scores as
evidence instead of counting suggestions over the cut-off (Rhinehart et al., 2022), with
the scores’ calibration fitted apart from the occupancy model, as in ACORN’s decoupled
model (Haucke et al., 2026). For a species, an occasion is settled if a reviewed image
there shows the species (yij = 1) or if no image there not yet reviewed has a box with a
suggestion (yij = 0; WildObserve gives suggestions to the five most confident boxes of
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each image). Every other occasion is weighed: its score sij is the highest log-odds that the
project model gives the species among those boxes.

If g1 and g0 are the densities of an occasion’s highest score with and without the species,
a weighed occasion contributes pij g1(sij) + (1 − pij) g0(sij) to an occupied site’s likelihood
and g0(sij) to an unoccupied one’s. Dividing both by g0(sij), which does not depend on the
model’s parameters, gives the evidence as a log Bayes factor, ℓij = log g1(sij) − log g0(sij),
and a site’s likelihood

Li = ψ
∏

j settled
p

yij

ij (1−pij)1−yij
∏

j weighed

[
(1−pij)+pij e

ℓij

]
+(1−ψ) 1

[∑
j settled yij = 0

]
, (5)

with ψ and pij as in S1.2.
The densities g1 and g0 are Normal, fitted by expectation–maximization to three groups

of scores: the highest score in each occasion with a confirmed detection (with the species),
in each settled occasion without one (without it), and in each weighed occasion (a mixture
of the two). Their parameters are then held fixed while occupancy is fitted. The project
model learned from the reviewed boxes, so its scores on them run higher than on boxes
it has not seen. The two Normal distributions are therefore first fitted to the weighed
occasions’ scores alone, and that fit is kept while it implies three or more detections among
the weighed occasions and its mean with the species lies at least halfway from its mean
without the species to the mean of the confirmed detections’ scores; otherwise the settled
occasions’ scores join the fit. A species with fewer than three confirmed occasions, or whose
fitted mean with the species does not lie above the other, has no score-based estimate,
and the standard model’s estimate stands in. The standard deviations are kept at 0.05
or more, and beyond either mean the evidence is held at least as strong as at that mean
(ℓij ≥ ℓ(µ1) for sij > µ1, and ℓij ≤ ℓ(µ0) for sij < µ0), since a ratio of two Normal densities
with different spreads would otherwise turn back.

S1.5 Fitting

Each model’s negative log-likelihood was minimized with its analytic gradient by L-BFGS-
B, in SciPy (Virtanen et al., 2020), stopping when no component of the gradient exceeded
10−4, as WildObserve’s optimizer does (rather than on a small relative change in the
likelihood, SciPy’s default, which on large surveys stops before the gradient is small). A
fit counted as converged if no component of the gradient exceeded 10−3 at its end, and
occupancy as at its limit if | logit ψ̂| > 8 (ψ̂ below 0.0003 or above 0.9997). The standard
error of logit ψ̂ came from the inverse of the Hessian, taken by central differences of the
gradient, and the 95% interval was logit ψ̂ ± 1.96 standard errors, transformed back, as
unmarked’s predict() gives it. A fit at its limit, with a Hessian that was not positive
definite, or with a standard error above 10 on the logit scale, had no interval.
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The fits started from ψ equal to the share of sites with a detection (in S1.3, a confirmed
one; in S1.4, a detection or positive evidence), and p equal to the share of occasions
with a detection at the sites with any detection, each kept between 0.05 and 0.95, with
α1 = γ0 = γ1 = 0 and κ = −3. Where a species’ detections let detection probability
approach a step in camera-days, a fit carried further reaches a slightly higher likelihood
with parameters running off toward infinity, and for a species detected at only one or two
sites the likelihood can have a second, interior optimum that this start does not find. Both
affect few species and draws.

Table S1: The estimates in the paper, the detections each counted, and the models fitted.
Estimate Detections Models

Reviewed images alone reviewed images; the rest as
non-detections

standard

With the project model’s
suggestions

reviewed images, and suggestions on
the rest

standard; false
positives

With SpeciesNet’s suggestions reviewed images, and suggestions on
the rest

standard; false
positives

SpeciesNet alone SpeciesNet’s suggestions, with no
review

standard

Score-based (the procedure’s
runs)

reviewed images, and scores on the rest score-based
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