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Abstract

1. Motion-activated cameras (“camera trapaig¢increasingly used in ecological and

management studies for remotely observing wildlife amdmong the most powerful tools for
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wildlife research. However, studies involving camera traps result in millions of irtteegeseed
to be analyzed, typically by visually observing each imagerder to extract data that can be

used inecological analyses.

2. Wetrained.machine learning models using convolutional neural networks with thetRESN
architecture and 3,367,383 imadesutomatically classify iklife species frontamera trap
imagesobtainedfronfive statesacross the United State&/e tested our model on an
independent subset mhagesnot seen during trainingom the United Statesndon an owof-
sample (or“out-of-distribution” in the machifearning literaturejlataset of ungulate images
from Canada«We also tested the ability of our model to distinguish empty imagethérse
with animals/in anothesut-of-sampledataset from Tanzaniaontaining a fauna@ommunity

that was novel.to the model.

3. The trained model classified approximately 2,000 images per minute on a laptop computer
with 16 gigabytes of RAM. The trained model achieveth@& curacyat identifying species

the United_Stateghe highest accuracy of such a model to datg-of-sample validatiorfrom
Canada achievel?% accuracyand correctly identified 94% of images containamganimain

the dataset from Tanzani/e provide an R packag®lachine Learning for Wildlife Image
Classificationy"MLWIC)that allows the ussto A) usethe trained model presented here and B)

train their own model using classified images of wildlife from their studies.

4. The useef.machine learning to rapidly and accurately classify wildid@nnera trapmages
canfacilitate norinvasive sampling designs in ecological studies by reducing the burden of

manually analyzing image®ur R package makdbese methods accdsigito ecologists

Keywords:attificial intelligence, camera traggnvolutional neural networkieepneural

networks; image classification, machine learning, R packagete sensing

| ntroduction

Camera traps are increasingly used to remotely observe wildlife over large geographical areas

with minimal human involvement and have madeasiderableontributions to ecology
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(O’Connell, Nichols, & Karanth, 2011; Rovero et al., 2013; Howe et al., 2017). A common
limitation is these methods lead tétaege accumulation of images whichust be first classified
in order tobe used in ecological studies (Swanson et al., 2015; Niedballa et al., P04.6).
burden of manually viewing and classifying imagéen constraia studies by reducing the
sampling intensity (e.gnumber of cameras deployed), limiting the geographical extent and
duration of studies. Recently, machine learriiag emerged as a potensalutionfor
automatically“classifying imagdésom camera trapgru et al., 2013; Chen et al., 2014; Swinnen
et al., 2014;"Gomez Villa, Salazar, & Vargas, 2017; Norouzzadeh et al., 2018).

We soughtite.develop a machine learning approach that can be applied across study sites and
provide saftware that ecologists can use for identificatiomilollife in their owncamera trap

images Using over three million identified images of wildlife from camera traps freen

locationsacross the United States, we trained and tested deep learning models that automatically

classifywildlife~"We provide an R packag®lachine Learning for Wildlife Image Classification;
MLWIC) thatallows researchets classify camera trap images froworth America or train

their own machine learning modétsclassify images

Materialsand M ethods
Camera trap images

Species in.camera trap images friwe locationsacross the United StatéSalifornia, Colorado,
Florida, South«Carolinaand Texasand one location from Cana@@askatchewanyere

identified manually byesearcherésee Appendix S1 for a description of each fletzhtion).

Images were either classified by a single wildlife expert or evaluated independently by two
researchersany conflicts weredecided by ahird observer (Appendix S1). If any part of an
animal(e.g., leg or ear) was identified as being present in an image, this was included as a
image of thesspecief.an image did not contain any animals, it was classified as effimty.
images from Canada were not used for training, but were used as arsantpiédatasetor
validation This resulted in #otal of 3,741,65@lassified imagethat included 28peciesr
groups(see Tabld) across the study locatioWe present these images and their classifications

for other scientists to use for model development as the North American Camera Trap Images
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115  (NACTI) datasetTo increase processing speed, images weseed t0256 x 256 pixels

116  following the methods and using the Python script of Norouzzadeh et al. (2018). To have a more
117  robust model, we randomly applied different label-preserving transformatiampifeg,

118  horizontal flipping, and brightness and contrast modifications), called data aagjorent

119  (Krizhevsky;Sutskever, & Hinton, 2012).

120  We randomly‘selected 90% of the classified images for each species or group to train the model
121 and 10% ef the images to téstHowever, we wated to evaluate the model’s performance for

122  each species present at each study site, so we used conditional sampling in whietredie alt

123 training-testingsallocation for the rare situatiodstotal instancesyhere there were few

124  classified images of a species at a site. Specifically, wetltlassified images for a species at a

125 site(2 instances)we used all of these images for testing and none for traftiagnodel was

126  trained using onlymages of these species from other sjt&B)site speciegairs with 10-30

127  imageg(2 instances)50% were used for training and testing; and for > 30 images per site for

128 each species;"90% were allocated to training and 10% to testing (appendices S3 -t8& show

129  number of training and test images for each spetieach site). This resulted in 3,367,383

130 images,used to train the model and 374,273 images used for testing.
131
132 Machine Learning Process

133  As machine learningnethods are new to many ecologists, we provide a brief introduction in a
134  supplement (Appendix S2). Following Norouzzadeh et al., we trained a deep convolutional
135  neural network.(ResN€t8) architecture (He et al., 2016) using the TensorFlow framework
136  (Adabi et.ak;2016) using Mount Moran, a high performance computing cluster (Advanced
137  Research Computing Center, 2012). We used#idJ activation function55 epochs, a

138  backpropogation algorithm &tochastic Gradient Descent with Moment{tdoodfellow,

139  Bengio, & Courville, 2016), anthe learning raten) andweight decayaried by epoch number
140  as described in Appendix S8.

141  In Appendix S2, we describe the calculation of metrics including accuesm|l, precision, and
142  false positive and false negative error raBrgefly, recall and precision araeasure of the
143  model’s performance at correctly identifyingchspeciesWe fit generalized additive models
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(GAMSs) to the relationship between recatid the logarithm (base 10) of the number of images
used to train the model; see Appendix S9 for a description of this 'Widedlso calculated the

recalland rates of error specific to each of the five data sets from which images were acquired.

Model validation

To evaluate how the model would perform for a completely new study $erth Americawe
used a datasef 5,900classified imagesf ungulates (moose, cattle, elk, and wild pigs) from
Saskatchewan, Canada by runningttagmedmodel on these imagedl/e also evaluated the
ability of the madel to operate on images with a completely different specreaunity(from
Tanzanid to determine the modslability to correctly classify images as having an animal or
being empty when encountering new species that it has not been trained to redbgmizas
done using:2-million classifiedimagesfrom the Snapshot Serengeti dataset (Swanson et al.,
2015).

Results

Our model.performed welgchiewng 97.8% accuracyof identifying the correct speciegth the
top guess. The top 5 accuracy was > 99 Bigure 1 provides examples of image classification
by the model=The model confidence in the correct answer varied, butogily > 95%; see

Fig. 2 for confidences farach imagédor three example specids Appendix S10we present a
confusion matrix comparing the classifications by the model with those from manual
classification Supporting a similar finding for camera trap images in Norouzzadeh et al. (2018),
and a generaltfend in deep learning (Goodfellow et al., 26i€&)ies and groups that haxbre
images availabléor trainingwere classified moraccurately (Fig. 3Table 1) GAMs relating

the numbér-oftrainingnages withrecallpredicted 95%ecallcould ke achieved when
approximately 54,000 training images were available for a species or group. However, for
several speciesiand groups, 9&%allwas achieved with fewer th&®,000 images (Fig. 3\Ve
found there was not a large effect of daytime vs. tilgkton accuracyn the modehs daytime

accuracy was 98.2% and nighttime accuracy was 96.6%. Tteaoguracies for both times of
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172  day were> 99.9%. When we subsetted the testing dataset by study site, we found that site-
173  specific accuraciesanged from 90-99% (Appendis S3- S7).

174  When we conducted out-eamplevalidation by using our model to evaluate images

175 ungulatedrem.Canada, we &ieved an overall accuracy of 81.8%ih a top5 accuracy of

176  90.9. When we tested the ability of our modebitcurately predict presence or absence of an
177  animal in the"image using ti8erengeti Sapshot dataset, we found that 8%.tvere classified

178  correctly as emptywhile 94.3%6 of images containing an animal were classifiedaagaining an
179  animal Ourtrainedmodel was capable of classifyiagproximately 2,000 images per minute on
180 aMacintoshlaptop with 16 gigabyte(GB)of RAM.

181
182  Discussion

183  To our knowledge, our modethieved the highest accuracy .@7%) to datein using machine

184 learning forwildlife imageclassification(a recent pagr achieved 9% accuracyNorouzzadeh et

185 al., 2018). This model performed almost as well during the night as during thecdasaty =

186  97% and:98respectively)We provide this model as an R package (MLWIC), which is

187  especially useful for researchers studying the species and groups available in this package (Table
188 1) in North"Americaas it performed well82% accuracyin classifying ungulates in an out-of-

189  sample test of images from Canada. The model can also be valuable for researchers studying
190  other species by removing images withanyanimalsfrom the dataset before beginnimgnual

191 classification, as we achieved high accuracseiparating empty images from those containing
192  animalsin a.dataset from TanzaniBhis R packagean also be a valuable tool for any

193  researchers.that have classified images, as they can use the package to train their othmtmodel

194 can then'classify any subsequent images collected

195  The ability to rapidly identify millions of images from camera traps can fundatheobhange

196  the way ecologists design and implement wildlife studies. The burden of classif@ggsritom
197 camera traps.has led ecologists to limit the duration and size of camera trap(Kkeitliest al.,

198  2008; Scott et al., 2018). By removing this burden, camera traps can be applied in nese stud
199 including monitoring invasive or sensitive species, lterga ecological research, and small

200 scale occupancy studies.
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Tablesand Figures

Table 1: Model performance for each species or group

Number

of Number False False
Species or training  of test Top-5 positive negative
group name Scientific name images images Recall Recall Precision rate rate
Moose Alces alces 8,967 997 0.98 1.00 0.98 0.02 0.02
Cattle Bos taurus 1,817,109 201,903 0.99 1.00 0.99 0.01 0.01
Qualil Callipepla californica 2,039 236 0.91 0.96 0.93 0.07 0.09
Canidae Canidae 20,851 2,321 0.89 0.99 0.93 0.07 0.11
Elk Cervus canadensis 185,390 20,606 0.99 1.00 0.99 0.01 0.01
Mustelidae Mustelidae 1,991 223 0.77 0.99 0.87 0.13 0.23
Corvid Corvidae 4,037 452 0.84 1.00 0.80 0.20 0.16
Armadillo Dasypus novemcinctus 8,926 993 0.89 0.99 0.93 0.07 0.11
Turkey Meleagris gallopavo 3,919 447 0.90 1.00 0.90 0.10 0.10
Opossum Didelphisvirginiana 1,804 210 0.79 0.96 0.88 0.12 0.21
Horse Equus spp. 2,517 281 0.94 0.99 0.94 0.06 0.06
Human Homo sapiens 88,667 9,854 0.96 1.00 0.97 0.03 0.04
Rabbits Leporidae 17,768 1,977 0.95 1.00 0.96 0.04 0.05
Bobcat Lynx rufus 22,889 2,554 0.91 0.99 0.94 0.06 0.09
Striped skunk  Mephitis mephitis 10,331 1,154 0.95 0.98 0.96 0.04 0.05
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Rodent

Mule deer
White-tailed
deer
Raccoon
Mountain‘lion
Squirrel

Wild pig

Fox

Black Bear
Vehicle
Bird

Empty
Total

Rodentia

Odocoileus hemionus

Odocoileus virginianus
Procyon lotor

Puma concolor

Sciurus spp.

Sus scrofa

Vulpes vulpes and
Urocyon
Cinereoargenteus

Ursus americanus

Aves

3,279
87,700

87,900
42,948
13,272
59,072

366
8,543

1,360
4,781
1,484
6,566

287,017 31,893

10,749
79,628
23,413
61,063

1,204
8,850
2,602
6,787

414,119 46,016

3,367,365 364,660

0.79
0.98

0.94
0.90
0.92
0.97
0.98

0.91
0.95
0.93
0.94
0.96
0.98

0.98
1.00

1.00
1.00
0.98
1.00
1.00

0.99
1.00
1.00
1.00
1.00
1.00

0.88
0.98

0.95
0.89
0.97
0.95
0.98

0.94
0.98
0.95
0.95
0.94
0.98

0.12
0.02

0.05
0.11
0.03
0.05
0.02

0.06
0.02
0.05
0.05
0.06

0.21
0.02

0.06
0.10
0.08
0.03
0.02

0.09
0.05
0.07
0.06
0.04
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a) Correct classification by model b) Incorrect classification by model

Model Guess Confidence (%) Model Guess Confidence (%)

Wild pig 96.11 Wild pig 48.82
Cattle 2.38 Cattle 31.27
Empty 1.49 Moose 16.93
White-tailed deggmm<0. 1 Black bear 2.51
Moose =0.1 Bobcat 0.51
Answer from human classifiers: Wild pig Answer from human classifiers: Cattle

Fig. 1. Exampes of images that coulzk difficult to classify The model correctly identifies a
wild pig (a) by seeing only its hind quarters and tail (right side of image). The model incorrectly
classifiesia cattle as a wild pig (lays only an ear is visible in the image; note that theeiritab

relatively lewsconfidence in the top guess for this image. Nevertheless, isatiithin the top 5
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guesses for this image, so while it is incorrect, it counts towards ther¢égplBor cattle.

20,000 — a) Wild pig
10,000 —
0 -
-5 400 |5 b) White—tailed deer
2
=2
g 200 —
0- ——— .l
150 5 c¢) Corvidae
100 .
50
g . —ea ol

T T T T T 1
0.0 0.2 0.4 0.6 0.8 1.0
Model confidence in this species or group when 1t is in the 1mage

Fig. 2: Histograms represent the confidence assigned by all of the top five guesses by the model
for each of these three example species when it was present in an image. Thérgashed
represents 95% confidendbg majority of mode&ssigned confidences were gper than this

value.
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Fig. 3: Modelrecall (the ability of the model to recognize speciesyeased with the size of the
trainingrdatasefor that speciesPoints represemach species or group of species. The line
representsitherresdf generalized additive modeiglating the two variablesee Appendix S9

for details)
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Appendix S10. Confusion matrix comparing classifications from the model with classifications

from human classifier@round truths).

Appendix S11. Limitations of this work
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a) Correct classification by model mee3_1312@{ pdSrrect classification by model

Model Guess Confidence (%)
Wild pig 96.11

Cattle 2.38

Empty 1.49
White-tailed deer==<0.1

Moose (.1

Answer from human classifiers: Wild pig
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