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Abstract
1. Ecological data are collected over vast geographic areas using digital sensors such 
-v�1-l;u-�|u-rv�-m7�0bo-1o�v|b1�u;1ou7;uvĺ��-l;u-�|u-rv�_-�;�0;1ol;�|_;�v|-m7-
ard method for surveying many terrestrial mammals and birds, but camera trap 
arrays often generate millions of images that are time- consuming to label. This 
1-�v;v� vb]mb=b1-m|� Ѵ-|;m1�� 0;|�;;m� 7-|-� 1oѴѴ;1|bom� -m7� v�0v;t�;m|� bm=;u;m1;ķ�
which impedes conservation at a time of ecological crisis. Machine learning algo-
rithms have been developed to improve the speed of labelling camera trap data, 
but it is uncertain how the outputs of these models can be used in ecological 
analyses without secondary validation by a human.

Ƒĺ� �;u;ķ��;�ru;v;m|�o�u�-rruo-1_�|o�7;�;Ѵorbm]ķ�|;v|bm]�-m7�-rrѴ�bm]�-�l-1_bm;�Ѵ;-um-
ing model to camera trap data for the purpose of achieving fully automated eco-
Ѵo]b1-Ѵ� -m-Ѵ�v;vĺ��v�-� 1-v;Ŋ�v|�7�ķ��;�0�bѴ|� -�lo7;Ѵ� |o� 1Ѵ-vvb=��Ƒѵ��;m|u-Ѵ��=ub1-m�
=ou;v|�l-ll-Ѵ�-m7�0bu7�vr;1b;v�Őou�]uo�rvőĺ�$_;�lo7;Ѵ�];m;u-Ѵb�;v�|o�m;��vr-|b-ѴѴ��
and temporally independent data (n =� ƑƑƕ�1-l;u-� v|-|bomvķ�n =� ƑƒķѶѵѶ� bl-];vőķ�
-m7�o�|r;u=oulv�_�l-mv�bm�v;�;u-Ѵ�u;vr;1|v�Ő;ĺ]ĺ�7;|;1|bm]�ļbm�bvb0Ѵ;Ľ�-mbl-Ѵvőĺ�);�
demonstrate how ecologists can evaluate a machine learning model's precision and 
-11�u-1��bm�-m�;1oѴo]b1-Ѵ�1om|;�|�0��1olr-ubm]�vr;1b;v�ub1_m;vvķ�-1|b�b|��r-||;umv�

$_bv�bv�-m�or;m�-11;vv�-u|b1Ѵ;��m7;u�|_;�|;ulv�o=�|_;��u;-|b�;��ollomv��||ub0�|bomŊ��om�oll;u1b-Ѵ��b1;mv;ķ��_b1_�r;ulb|v��v;ķ�7bv|ub0�|bom�-m7�u;ruo7�1|bom�
bm�-m��l;7b�lķ�ruo�b7;7�|_;�oub]bm-Ѵ��ouh�bv�ruor;uѴ��1b|;7�-m7�bv�mo|��v;7�=ou�1oll;u1b-Ѵ�r�urov;vĺ
š�ƑƏƑƐ�$_;���|_ouvĺ�Methods in Ecology and Evolution�r�0Ѵbv_;7�0���o_m�)bѴ;��ş�"omv��|7�om�0;_-Ѵ=�o=��ub|bv_��1oѴo]b1-Ѵ�"o1b;|�
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The urgent need to understand how ecosystems are responding to 
rapid environmental change has driven a ‘big data’ revolution in ecol-
o]��-m7�1omv;u�-|bom�Ő
-uѴ;��;|�-Ѵĺķ�ƑƏƐѶőĺ��b]_�u;voѴ�|bom�;1oѴo]b1-Ѵ�
7-|-�-u;�mo��v|u;-l;7�bm�u;-ѴŊ�|bl;�=uol�v-|;ѴѴb|;vķ��Ѵo0-Ѵ��ovb|bombm]�
System tags, bioacoustic detectors, cameras and other sensor arrays. 
The data generated offer considerable opportunities to ecologists, 
but challenges such as data processing, data storage and data shar-
ing cause latency between data gathering and ecological inference 
(i.e. creating derived ecological metrics, testing ecological hypotheses 
-m7�t�-m|b=�bm]�;1oѴo]b1-Ѵ�1_-m];őķ�vol;|bl;v� bm�|_;�ou7;u�o=��;-uv�
ou�lou;ĺ�
ou�;�-lrѴ;ķ�c. 40% of respondents from an international 
survey of camera trap users regarded data analysis and cataloguing 
bl-];v�-v�-m�blrou|-m|�ou�;�|u;l;Ѵ��blrou|-m|�l;|_o7oѴo]b1-Ѵ�0-uub;u�
Ő�Ѵo�;uŊ��-r=;u�;|�-Ѵĺķ�ƑƏƐƖőĺ���;u1olbm]�|_;v;�1_-ѴѴ;m];v�1o�Ѵ7�or;m�
the gateway to ecological ‘forecasting’, where directional changes 
in ecological processes are detected in real time and near- term, fu-
ture change is predicted effectively using an iterative data gathering, 
lo7;Ѵ��r7-|bm]�-m7�lo7;Ѵ�ru;7b1|bom�-rruo-1_�Ő	b;|�;�;|�-Ѵĺķ�ƑƏƐѶőĺ

Digital camera traps or wildlife ‘trail cams’ have revolution-
b�;7��bѴ7Ѵb=;�lomb|oubm]� -m7� -u;� mo�� |_;� ļ]oѴ7� v|-m7-u7Ľ� =ou�lom-
b|oubm]� l-m��l;7b�l� |o� Ѵ-u];� |;uu;v|ub-Ѵ� l-ll-Ѵv� Ő�Ѵo�;uŊ��-r=;u�
;|� -Ѵĺķ� ƑƏƐƖőĺ� �mbl-Ѵv� -m7� |_;bu� 0;_-�bo�u� -u;� b7;m|b=b;7� bm� bl-];v�
;b|_;u�0��l-m�-Ѵ�Ѵ-0;ѴѴbm]ķ��vbm]�1b|b�;m�v1b;m1;�rѴ-|=oulv�Ő"�-mvom�
;|� -Ѵĺķ� ƑƏƐƔő� ouķ� lou;� u;1;m|Ѵ�ķ� 0�� �vbm]�l-1_bm;� Ѵ;-umbm]�lo7;Ѵv�
Ő�ouo���-7;_�;|�-Ѵĺķ�ƑƏƐѶĸ�"1_m;b7;u�;|�-Ѵĺķ�ƑƏƐѶĸ�$-0-h�;|�-Ѵĺķ�ƑƏƐƖĸ�
)bѴѴb�;|�-Ѵĺķ�ƑƏƐƖőĺ��-1_bm;� Ѵ;-umbm]�lo7;Ѵv�1-m�-|�lbmbl�l�v;r--
u-|;�|u�;�-mbl-Ѵ�7;|;1|bomv�=uol�momŊ�7;|;1|bomv� Ő);b�;|�-Ѵĺķ�ƑƏƑƏő�
ou�bm�lou;�vor_bv|b1-|;7�;�-lrѴ;v�b7;m|b=��vr;1b;vķ�1o�m|�bm7b�b7�-Ѵv�
-m7�7;v1ub0;�0;_-�bo�u�Ő�ouo���-7;_�;|�-Ѵĺķ�ƑƏƐѶőĺ�$_;v;�-7�-m1;v�
in machine learning have increased the speed at which camera trap 
data are labelled and analysed but, in all cases we are aware of, the 
o�|r�|v�Ő;ĺ]ĺ�vr;1b;v�Ѵ-0;Ѵvő�-u;�mo|��v;7�|o�l-h;�;1oѴo]b1-Ѵ�bm=;u;m1;�

directly. Instead, machine learning models are typically used as a ‘first 
pass’ to identify and group images belonging to individual species for 
full or partial manual validation at a later stage, or to cross- validate 
Ѵ-0;Ѵv�=uol�1b|b�;m�v1b;m1;�rѴ-|=oulv�Ő)bѴѴb�;|�-Ѵĺķ�ƑƏƐƖőĺ�$_;v;�=�ѴѴ��
or partially validated labels are then used for ecological analyses. 
Thus, although machine learning models are reducing manual label-
ling times, ecologists are not yet comfortable using the outputs (e.g. 
vr;1b;v� Ѵ-0;Ѵvő� -v� r-u|� o=� -� 1olrѴ;|;Ѵ�� -�|ol-|;7��ouh=Ѵo�ķ� =uol�
labelling to analyses. This is despite the development of advanced 
machine learning models that classify species in camera trap images 
�b|_�-11�u-1��|_-|� Ő�b|_�vol;� Ѵblb|-|bomvő�l-|1_;v�ou�;�1;;7v�_�-
l-mv�Ő"1_m;b7;u�;|�-Ѵĺķ�ƑƏƐƖĸ�$-0-h�;|�-Ѵĺķ�ƑƏƐƖĸ�)bѴѴb�;|�-Ѵĺķ�ƑƏƐƖőĺ

One significant challenge limiting the application of machine 
learning models to camera trap data is that models rarely general-
b�;��;ѴѴ�|o�1olrѴ;|;Ѵ��o�|Ŋ�o=Ŋ�v-lrѴ;�7-|-�Őbĺ;ĺ�7-|-�=uol�m;�ķ�vr--
tially and temporally independent studies), particularly when used 
|o� 1Ѵ-vvb=�� -mbl-Ѵv� |o� vr;1b;v� Ѵ;�;Ѵ� Ő�;;u�� ;|� -Ѵĺķ� ƑƏƐѶĸ� "1_m;b7;u�
;|�-Ѵĺķ�ƑƏƑƏőĺ��o7;Ѵv�1-m�t�b1hѴ��Ѵ;-um�|_;�=;-|�u;v�o=�vr;1b=b1�1-l-
era ‘stations’ (the spatial replicate in camera trap studies) such as 
|_;�];m;u-Ѵ�0-1h]uo�m7�bmv|;-7�o=� Ѵ;-umbm]�=;-|�u;v�o=�|_;�-mbl-Ѵ�
itself. This problem is further amplified by the fact that rare spe-
cies in the training data might only ever appear at a limited number 
of camera stations, so training and validation data are rarely inde-
pendent. Various approaches can be used to reduce these biases, 
such as carefully ensuring that training and validation data are in-
dependent (e.g. by using data from multiple studies), by using data 
augmentation such as adding noise to training data in the form of 
bl-];� |u-mv=oul-|bomvķ� =o1�vbm]�lo7;Ѵ� or|blb�-|bom� om� u-u;� vr;-
1b;v�1Ѵ-vv;v�-m7�0���vbm]�vr-|b-Ѵ�hŊ�=oѴ7�1uovvŊ��-Ѵb7-|bom� Ő"1_m;b7;u�
;|�-Ѵĺķ�ƑƏƑƏőĺ�&m|bѴ�|_;�ruo0Ѵ;l�o=�];m;u-Ѵb�-|bom�1-m�0;�o�;u1ol;ķ�
machine learning models for classifying camera trap images will 
remain an important tool for reducing manual labelling effort, but 
they will not achieve their full potential for creating fully automated 
pipelines for data analysis.

(n = 4 species tested) and occupancy (n = 4 species tested) derived from machine 
Ѵ;-umbm]�Ѵ-0;Ѵv��b|_�|_;�v-l;�;v|bl-|;v�7;ub�;7�=uol�;�r;u|�Ѵ-0;Ѵvĺ

ƒĺ� !;v�Ѵ|v�v_o��|_-|�=�ѴѴ��-�|ol-|;7�vr;1b;v�Ѵ-0;Ѵv�1-m�0;�;t�b�-Ѵ;m|�|o�;�r;u|�Ѵ-0;Ѵv�
when calculating species richness, activity patterns (n = 4 species tested) and esti-
mating occupancy (n = 3 of 4 species tested) in a large, completely out- of- sample 
|;v|�7-|-v;|ĺ�"blrѴ;�|_u;v_oѴ7bm]��vbm]�|_;�"o=|l-���-Ѵ�;v�Őbĺ;ĺ�;�1Ѵ�7bm]�ļ�m1;u-
tain’ labels) improved the model's performance when calculating activity patterns 
and estimating occupancy but did not improve estimates of species richness.

Ɠĺ� );�1om1Ѵ�7;�|_-|ķ��b|_�-7;t�-|;�|;v|bm]�-m7�;�-Ѵ�-|bom�bm�-m�;1oѴo]b1-Ѵ�1om|;�|ķ�-�l--
chine learning model can generate labels for direct use in ecological analyses without 
|_;�m;;7�=ou�l-m�-Ѵ��-Ѵb7-|bomĺ�);�ruo�b7;�|_;��v;uŊ�1oll�mb|���b|_�-�l�Ѵ|bŊ�rѴ-|=oulķ�
multi- language graphical user interface that can be used to run our model offline.

K E Y W O R D S
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Machine learning models also have the potential to be deployed 
inside camera trap hardware in the field at the ‘edge’ (i.e. on micro- 
computers installed inside hardware that collects data), with sum-
l-ub�;7� u;v�Ѵ|v� Ő;ĺ]ĺ� vr;1b;v� Ѵ-0;Ѵvő� |u-mvlb||;7� bm� u;-ѴŊ�|bl;� �b-� -�
�Ѵo0-Ѵ�"�v|;l�=ou��o0bѴ;��oll�mb1-|bomv�m;|�ouhv�ou��b-�v-|;ѴѴb|;�
Ő�Ѵo�;uŊ��-r=;u�;|�-Ѵĺķ�ƑƏƐƖőĺ��m�];o]u-r_b1-ѴѴ��u;lo|;�-u;-v�ou�|bl;Ŋ�
sensitive situations (e.g. law enforcement) this would greatly reduce 
the latency between data capture and interpretation, and reduce 
|_;�;�r;mv;� -m7�;==ou|� u;t�bu;7� |o� 1oѴѴ;1|� 7-|-� bm� u;lo|;� u;]bomv�
by removing the need to transfer data- heavy images across wireless 
m;|�ouhvĺ��o�;�;uķ� 0;=ou;� ļvl-u|Ľ� 1-l;u-v�0;1ol;�-� u;-Ѵb|�ķ� b|� bv�
essential that users understand how uncertainty in machine learn-
ing model predictions might impact derived ecological metrics and 
analyses, which are often sensitive to biases (e.g. false positives in 
o11�r-m1��lo7;Ѵvĸ�!o�Ѵ;�ş��bmhķ�ƑƏƏѵőĺ�$o�-1_b;�;�|_bvķ� |_;u;� bv�-�
m;;7� |o�7;�;Ѵor��ouh=Ѵo�v� |_-|� |;v|� |_;�r;u=oul-m1;�o=�l-1_bm;�
Ѵ;-umbm]�lo7;Ѵv�bm�-m�;1oѴo]b1-Ѵ�lo7;ѴѴbm]�1om|;�|�|_-|�]o;v�0;�om7�
simple measures of precision and accuracy.

Ideally, if machine learning models had 100% precision and accu-
racy (e.g. for species identification), camera trap data could be col-
lected, labelled automatically using the model and the results used 
to directly calculate ecological metrics or as variables in ecological 
lo7;Ѵvĺ��o�;�;uķ�|_;�u;-Ѵb|��bv�|_-|�l-1_bm;�Ѵ;-umbm]�lo7;Ѵv�-u;�bl-
perfect (Schneider et al., 2019). It is therefore uncertain what levels 
o=�ru;1bvbom�-m7�-11�u-1��-u;�m;;7;7�|o�l;;|�|_;�u;t�bu;l;m|v�o=�
ecological analyses. This is particularly the case for the spatial and 
temporal analyses of animal distributions in camera trap data, which 
u;t�bu;� vr;1b-Ѵb�;7�;1oѴo]b1-Ѵ�lo7;Ѵv� Ő;ĺ]ĺ�o11�r-m1��lo7;Ѵvő� |_-|�
-11o�m|�=ou�blr;u=;1|�7;|;1|bom�Ő�-1�;m�b;�;|�-Ѵĺķ�ƑƏƏƒőĺ

In this paper, we describe the approach used to build a machine 
Ѵ;-umbm]�lo7;Ѵ�|_-|�b7;m|b=b;v�vr;1b;v�bm�1-l;u-�|u-r�bl-];v�ŐƑѵ�vr;-
1b;vņ]uo�rv�o=��;m|u-Ѵ��=ub1-m�=ou;v|�l-ll-Ѵv�-m7�0bu7vő�-m7��_b1_�
];m;u-Ѵb�;v�|o�vr-|b-ѴѴ��bm7;r;m7;m|�7-|-ĺ�$o�;�-Ѵ�-|;�_o���;ѴѴ�|_;�
machine learning model labelling precision and accuracy performs 
bm�-m�;1oѴo]b1-Ѵ�lo7;ѴѴbm]�1om|;�|ķ��;� Ő-ő�;�-Ѵ�-|;�_o���m1;u|-bm-
ties in the precision and accuracy of machine learning labels affect 
ecological inference (derived metrics of species richness, activity 
patterns and occupancy) compared to the same metrics calculated 
�vbm]�;�r;u|ķ�l-m�-ѴѴ��];m;u-|;7�Ѵ-0;Ѵv�-m7�Ő0ő�7;lomv|u-|;�-��ouh-
flow to ‘ground truth’ the performance of machine learning models 

=ou�1-l;u-�|u-r�7-|-�bm�-m�;1oѴo]b1-Ѵ�lo7;ѴѴbm]�1om|;�|ĺ�);�7bv1�vv�
|_;�blrѴb1-|bomv�o=�|_;v;�u;v�Ѵ|v�=ou�l-hbm]�=�ѴѴ��-�|ol-|;7�;1oѴo]-
ical inference from camera trap data using the outputs of machine 
Ѵ;-umbm]�lo7;Ѵvĺ�);�-Ѵvo�ruo�b7;�|_;��v;u�1oll�mb|���b|_�-m�;-vbѴ��
installed, open- source graphical user interface that needs no under-
standing of machine learning to run the model offline on both cam-
era trap images and videos.

ƑՊ |Պ��$�!���"���	���$��	"

ƑĺƐՊ|Պ	-|-�ru;r-u-|bom

�v�-�1-v;�v|�7�ķ�|_;�lo7;Ѵ��-v�7;�;Ѵor;7�=ou�1Ѵ-vvb=�bm]�|;uu;v|ub-Ѵ�
=ou;v|�l-ll-Ѵv�-m7�0bu7v�bm��;m|u-Ѵ��=ub1-�Őv;;�$-0Ѵ;�"Ɛ�=ou�=�u|_;u�
details on species and groups), where camera traps are now fre-
t�;m|Ѵ��7;rѴo�;7�o�;u� Ѵ-u];�vr-|b-Ѵ�v1-Ѵ;v�|o�v�u�;��v;1u;|b�;�0bu7v�
-m7�l-ll-Ѵv�bm�u;lo|;�-m7�bm-11;vvb0Ѵ;�Ѵ-m7v1-r;v�Ő�-_--Ŋ�;ѴŊ�7bm�ş�
��v-1hķ�ƑƏƐѶĸ��;vvom;�;|�-Ѵĺķ�ƑƏƑƏĸ��Ľ�ub;m�;|�-Ѵĺķ�ƑƏƑƏőĺ�$u-bmbm]�7-|-�
were obtained from multiple countries and sources (cĺ�Ɛĺѵ�lbѴѴbom�bl-
ages; reduced to n =�ƒƓƕķƐƑƏ�bl-];v�-=|;u�7-|-�ruo1;vvbm]ĸ�$-0Ѵ;�Ɛőĺ�
�-1_�vo�u1;��v;7�7b==;u;m|�1-l;u-�|u-r�lo7;Ѵv�Ő!;1om��ķ���v_m;ѴѴķ�
��77;0-1hķ��-m|_;u-��-lvő�-m7�bl-];v��;u;�7b�;uv;�bm�u;voѴ�|bomķ�
t�-Ѵb|��Ő;ĺ]ĺ�v_-urm;vvķ�bѴѴ�lbm-|bomő�-m7�1oѴo�uĺ��m7b�b7�-Ѵ�v|�7b;v�-Ѵvo�
used different field protocols for camera deployment but all were fo-
cused on detecting terrestrial forest mammals, with cameras installed 
om�|u;;v�-rruo�bl-|;Ѵ��ƒƏŋ�ƓƏ�1l�-0o�;�]uo�m7�Ѵ;�;Ѵĺ�$_;�;�1;r|bom�
|o� |_bv��-v�7-|-� =uol� Ő�-u7ovo�;|�-Ѵĺķ�ƑƏƑƏő��_o� bmv|-ѴѴ;7�1-l;u-v�
-|�-�_;b]_|�o=�-rruo�bl-|;Ѵ��Ɛ�l�=ou�|_;�r�urov;�o=�7;|;1|bm]�=ou;v|�
elephants Loxodonta cyclotisĺ��-l;u-�|u-r�1om=b]�u-|bom��-v�v;|�|o�0;�
highly sensitive in some cases and images were often captured in a 
v;ub;v�o=�u-rb7ķ�v_ou|�0�uv|v�Ő;ĺ]ĺ�|-hbm]�ƐƏ�bl-];v�1omv;1�|b�;Ѵ�őĺ�$_bv�
u;v�Ѵ|;7�bm�Ѵom]�v;t�;m1;v�o=��;u��vblbѴ-u�bl-];vķ�=ou�;�-lrѴ;�v_o�-
bm]�-m�-mbl-Ѵ��-Ѵhbm]�bm�=uom|�o=�|_;�1-l;u-�Ő
b]�u;�"Ɛőĺ

�|��-v�blrou|-m|�|o�-11o�m|�=ou�bl-];�v;t�;m1;v��_;m�v;Ѵ;1|bm]�
a validation set during the model training phase, since there was a 
ubvh�o=�_b]_Ѵ��vblbѴ-u� bl-];v�0;bm]�ru;v;m|� bm�0o|_�|_;�|u-bmbm]�-m7�
validation sets. To address this issue, the training and validation split 
was performed based on image metadata (timing of images and image 
vo�u1;ő� |o� b7;m|b=���mbt�;� ļ;�;m|vĽ�-m7�1-l;u-� Ѵo1-|bomv�|_-|��;u;�

Source Country Reference n images

n unique 
camera 
locations

�m-0;ѴѴ;��-u7ovo �-0om �-u7ovo�;|�-Ѵĺ�ŐƑƏƑƏő 102,418 40

�;ѴѴ���o;h;; �-l;uoom — ƐƑƒķƖƔƓ ѵƏ

�bvt�;|��b;0o��
Opepa

!;r�0Ѵb1�o=��om]o — ѵƏķƒƖƒ ѵƓ

�o;ub�,�;u|v �-l;uoom — ƒѵķƏƑƕ 30

�-bѴ-��-_--Ŋ�;ѴŊ�	bm �-0om �-_--Ŋ�;ѴŊ�7bm�;|�-Ѵĺ�
(2013)

ƐѵķƔƔѶ 40

"|;r_-mb;��ub||-bm �-l;uoom — ƕķƕƕƏ 32

$���� �ƐՊSources of training data used 
to train the machine learning model for 
classifying species in camera trap images, 
sorted by number of images provided. 
The final subset of data used to train the 
model was n =�ƒƓƕķƐƑƏ�bl-];v�Őv;;�Ѵ-|;uő
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mo|�u;rѴb1-|;7�-1uovv�|_;�|u-bmbm]�-m7��-Ѵb7-|bom�vrѴb|�Ő�ouo���-7;_�
et al., 2019). This approach posed a challenge for maintaining class 
0-Ѵ-m1;v�bm�|_;�|u-bmbm]�-m7��-Ѵb7-|bom�v;|vķ�0�|�b|�u;7�1;7�|_;�ubvh�o=�
momŊ�bm7;r;m7;m|�|u-bmbm]�-m7��-Ѵb7-|bom�v;|vĺ���|o|-Ѵ�o=�Ƒƕ�1Ѵ-vv;v�
were used to train the model, which were mostly mammals or mam-
mal groups (n = 21), birds (n = 4), humans (n = Ɛő�-m7�ļ0Ѵ-mhĽ�bl-];v�
Őbĺ;ĺ�mo�l-ll-Ѵķ�0bu7�ou�_�l-mőĺ�	;|-bѴv�o=�|-�omol��-m7�f�v|b=b1--
tion for species groups are in Table S1.

ƑĺƑՊ|Պ�vv�;v�b7;m|b=b;7�bm�|_;�|u-bmbm]�7-|-

Our ‘real- life’ training data had not been pre- processed or profes-
sionally curated for the purposes of training machine learning mod-
els and naturally contained errors that arise from hardware faults, 
human error and different approaches to manual species labelling by 
;�r;u|vĺ�);�b7;m|b=b;7�|_u;;�rubl-u��vo�u1;v�o=�;uuouĺ�$_;�=buv|��-v�
o�;uŊ�;�rov;7�bl-];v�Ő-�_-u7�-u;�=-�Ѵ|ő��_;u;�|_;�bl-];�=ou;]uo�m7�
�-v� ļ=Ѵoo7;7Ľ� 0�� |_;� =Ѵ-v_� Ő�v�-ѴѴ�� -|� mb]_|őķ�l-hbm]� |_;� bl-];� -r-
r;-u�lov|Ѵ���_b|;ĺ��mbl-Ѵv�bm�|_;v;�bl-];v��;u;�vol;|bl;v�r-u|b-ѴѴ��
�bvb0Ѵ;�-m7�1o�Ѵ7�0;�1Ѵ-vvb=b;7�0��-�vhbѴѴ;7�_�l-m�o0v;u�;uķ�7;vrb|;�
|_;� Ѵovv� o=� 1oѴo�u� bm=oul-|bomķ� |;�|�u;� -m7� o|_;u� 7;|-bѴĺ� �o�;�;uķ�
o�;uŊ�;�rov;7�bl-];v�ru;v;m|;7�-�1_-ѴѴ;m];�=ou�|_;�l-1_bm;�Ѵ;-umbm]�
model because white dominated the image regardless of the species.

$_;�v;1om7�l-bm�vo�u1;�o=�;uuou��-v�1-�v;7�0���m7;uŊ�;�rov;7�
images. This error was revealed after inspecting model outputs 
7�ubm]�|_;�|u-bmbm]�r_-v;ķ�-m7�v_o�;7�|_-|�_b]_Ѵ���m7;uŊ�;�rov;7�bl-
-];v�-rr;-u;7�-Ѵlov|�;m|bu;Ѵ��ou�;m|bu;Ѵ��0Ѵ-1h�|o�-�_�l-m�o0v;u�;uķ�
but the machine learning model was capable of using information 
in the image to detect and correctly classify the species (Figure 1).

The final source of error in the training data was mislabelled im-
-];v�Ő;ĺ]ĺ�1om=�vbm]�vblbѴ-u�vr;1b;vķ�v�1_�-v�1_blr-m�;;�Pan troglodytes 
and gorilla Gorilla gorilla) and using different approaches to labelling, 
=ou� ;�-lrѴ;� om;� 7-|-� vo�u1;� 1ol0bm;7� -ѴѴ� rubl-|;v� bm|o� ļlomh;�Ľķ�
whereas other data sources separated apes from other primates.

);� �v;7� -m� b|;u-|b�;� -rruo-1_� |o� -77u;vv� |_;v;� bvv�;v� |_-|�
consisted of model training, validation, error correction (correct-
ing mislabelled images in the training data) and model updating. In 

particular, we carefully inspected images that appeared to be incor-
rectly labelled by the model, but which were labelled with high con-
fidence. This approach revealed hidden problems in the data, such 
-v�|_;�ru;v;m1;�o=�-mbl-Ѵv�bm��m7;uŊ�;�rov;7�bl-];v�|_-|��o�Ѵ7�_-�;�
otherwise led us to underestimate the model's performance.

ƑĺƒՊ|Պ�-1_bm;�Ѵ;-umbm]�lo7;Ѵ

Our primary objectives were to demonstrate and test how the out-
puts of a machine learning model can be evaluated in an ecological 
1om|;�|�-m7��v;7�7bu;1|Ѵ��bm�;1oѴo]b1-Ѵ�-m-Ѵ�v;v��b|_o�|�l-m�-Ѵ��-Ѵb-
7-|bomĺ�);�|_;u;=ou;�v�ll-ub�;�o�u�-rruo-1_�|o�0�bѴ7bm]�|_;�l--
chine learning model here. Full details of the machine learning training 
scheme and implementation can be found in Supporting Information 
-m7�-|�o�u��b|��0�u;rovb|ou��Őࡆ�b;৵;�vhb�ş�)_�|o1hķ�ƑƏƑƐķ�ƑƏƑƐőĺ

�m�v�ll-u�ķ��;��v;7�|_;�;v|-0Ѵbv_;7�!;v�;|ƔƏ�-u1_b|;1|�u;�|o�
0�bѴ7�|_;�lo7;Ѵ�Ő�;�;|�-Ѵĺķ�ƑƏƐѵő�-m7�|u-mv=;u�Ѵ;-umbm]��-v��v;7�|o�
speed up training with weights pre- trained on the ImageNet dataset. 
);� b7;m|b=b;7� vr;1b;v� �vbm]� |_;� ;m|bu;� bl-];� =u-l;��b|_o�|� �vbm]�
0o�m7bm]�0o�;v�-m7��v;7�0-vb1� -�]l;m|-|bom� Ő_oub�om|-Ѵ� =Ѵbrvķ� uo-
|-|bomvķ��oolķ�Ѵb]_|bm]�-m7�1om|u-v|�-7f�v|l;m|vķ�-m7��-urvő�7�ubm]�
|u-bmbm]ķ� 0�|� mo|� 7�ubm]�lo7;Ѵ� �-Ѵb7-|bomĺ�);��v;7�om;Ŋ�1�1Ѵ;� roѴ-
b1�� |u-bmbm]� Ő"lb|_ķ�ƑƏƐѶő�-m7� |u-bm;7��vbm]�ruo]u;vvb�;� u;vb�bm]� bm�
two stages. These approaches were implemented using the Fastai 
��|_om�Ѵb0u-u��Ő�o�-u7�ş���]];uķ�ƑƏƑƏőĺ

ƑĺƓՊ|Պ��|Ŋ�o=Ŋ�v-lrѴ;�|;v|�7-|-

One of the major limitations to model performance for camera 
|u-r� bl-];v� bv� |_;� -0bѴb|�� |o� ];m;u-Ѵb�;� ru;7b1|bomv� |o� m;�ķ� bm7;-
r;m7;m|� 1-l;u-� v|-|bomvķ� |_-|� bvķ� �mbt�;� Ѵo1-|bomv��b|_� 7b==;u;m|�
0-1h]uo�m7v� mo|� v;;m� 7�ubm]� lo7;Ѵ� |u-bmbm]� Ő�;;u�� ;|� -Ѵĺķ� ƑƏƐѶĸ�
Schneider et al., 2020). Since we aimed to create a model that could 
];m;u-Ѵb�;��;ѴѴ�|o�m;��1-l;u-�Ѵo1-|bomvķ��;�|;v|;7�|_;�=bm-Ѵ�lo7;Ѵŝv�
performance using a new out- of- sample dataset that was com-
pletely spatially and temporally independent from the data used to 


 ��&!� �ƐՊ Ő�;=|ő�!-��bl-];�=uol�|_;�7-|-v;|ķ�Ѵ-0;ѴѴ;7�0��;�r;u|v�-v�ļ0Ѵ-mhĽķ�0�|�1Ѵ-vvb=b;7�0��|_;�l-1_bm;�Ѵ;-umbm]�lo7;Ѵ��b|_�_b]_�
1;u|-bm|��-v�-�u;7�7�bh;uĺ�Ő!b]_|ő�$_;�v-l;�bl-];�0�|�l-m�-ѴѴ��0ub]_|;m;7�0��m-uuo�bm]�|_;�7bvrѴ-�;7�1oѴo�u�vr;1|u�lķ�u;�;-Ѵv�-�u;7�7�bh;u�bv�
present and the model was correct
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train and validate the model. These out- of- sample data consisted of 
ƑƒķѶѵѶ�bl-];v�=uol�ƑƑƕ��mbt�;�1-l;u-�Ѵo1-|bomv�v�u�;�;7�0;|�;;m�
Ɛѵ��-m�-u��ƑƏƐѶ�-m7�Ɠ��1|o0;u�ƑƏƐƖ�bm��-0om�=uol�|_u;;�7bv|bm1|�
v|�7��-u;-v�|o|-ѴѴbm]�ƒķƕƏƐ�hl2�o=�=ou;v|�Ő�u0;ѴѴ�ş�)_�|o1hķ�ƑƏƑƐőĺ�
�-l;u-v� -Ѵvo� 7b==;u;7� =uol� |_;�lo7;Ѵv� �v;7� bm� |_;� |u-bmbm]� 7-|-�
Ő�-m|_;u-� �-lv�(Ɠ� -m7�(Ɣőķ� 0�|� =b;Ѵ7� ruo|o1oѴv��;u;� vblbѴ-u� -m7�
1-l;u-v��;u;�rѴ-1;7�-rruo�bl-|;Ѵ��ƒƏ�1l�-0o�;�|_;�]uo�m7�om�-�
tree at a distance of cĺ�ƒŋ�Ɣ�l�r;ur;m7b1�Ѵ-u�|o�|_;�1;m|u;�o=�-mbl-Ѵ�
trails. Single- frame images were captured using medium sensitivity 
settings, and images were separated by a minimum of 1 s. The aim 
of the study was to survey the small- to- large mammal community, 
with a particular focus on great apes (Pan troglodytes, Gorilla gorilla), 
forest elephants Loxodonta cyclotis, leopard Panthera pardus and 
�=ub1-m�]oѴ7;m�1-|�Caracal aurata. These data (n =�ƑƑƕ�1-l;u-�v|--
tions, n =�ƑƒķѶѵѶ�bl-];vķ�l;7b-m�ƕƔķ�u-m];�Ɛŋ�ƔƓƔ�bl-];v�r;u�v|--
|bomő��;u;�l-m�-ѴѴ��Ѵ-0;ѴѴ;7�0��-m�;�r;u|�Ő1oŊ�-�|_ou���őĺ

ƑĺƔՊ|Պ"�ll-u��o=�lo7;Ѵŝv�];m;u-Ѵ�r;u=oul-m1;

To allow general comparison of our model's performance with 
o|_;u� vblbѴ-u�lo7;Ѵv� bm� |_;� Ѵb|;u-|�u;� Ő�ouo���-7;_�;|� -Ѵĺķ� ƑƏƐѶĸ�
"1_m;b7;u� ;|� -Ѵĺķ� ƑƏƐѶĸ� $-0-h� ;|� -Ѵĺķ� ƑƏƐƖĸ�)bѴѴb� ;|� -Ѵĺķ� ƑƏƐƖő��;�
calculated top one and top five accuracies using the out- of- sample 
data (n =�ƑƑƕ�1-l;u-�v|-|bomvőĺ�$or�om;�-11�u-1�� bv� |_;�r;u1;m|�
o=� ;�r;u|� Ѵ-0;Ѵv� |_-|� l-|1_� |_;� |orŊ�u-mhbm]� Ѵ-0;Ѵ� ];m;u-|;7� 0��
the machine learning model. Top five accuracy calculates the per-
1;m|�o=�;�r;u|� Ѵ-0;Ѵv� |_-|�l-|1_�-m��o=� |_;� |or� =b�;� u-mhbm]�l--
chine learning generated labels. Top one accuracy for the overall 
l-1_bm;� Ѵ;-umbm]�lo7;Ѵ� �-v� ƕƕĺѵƒѷ� -m7� |or� =b�;� -11�u-1���-v�
ƖƓĺƑƓѷ�Ő$-0Ѵ;�"Ƒĸ�
b]�u;v�"Ƒķ�"ƒ�-m7�"Ɠőĺ��=|;u�-]]u;]-|bm]�Ѵ-0;Ѵv�
o=�vblbѴ-u�vr;1b;v�|_-|��;u;�=u;t�;m|Ѵ��lbvŊ�1Ѵ-vvb=b;7�0��|_;�lo7;Ѵ�
into a reduced set of 11 classes, top one and top five accuracies 
bm1u;-v;7�|o�ƕƖĺƖƑѷ�-m7�ƖƔĺƖƖѷķ�u;vr;1|b�;Ѵ��Ő
b]�u;v�"Ɣ�-m7�"ѵőĺ�
The model can classify around 4,000 images (cĺ� ƏĺƔ���� bm� vb�;ő�
per hour using an Intel®��ou;Ť� bƕŊ�ѶѵѵƔ&���&�Š�ƐĺƖƏ�����× 8. 

ou�1olr-ubvomķ�0-v;7�om�o�u�;�r;ub;m1;ķ�l-m�-Ѵ�Ѵ-0;ѴѴbm]�1-m�0;�
7om;�-|�vr;;7v�u-m]bm]�=uol�ƐƑƔ�|o�ƔƏƏ�bl-];v�r;u�_o�u�7;r;m7-
bm]�om�|_;�t�-Ѵb|��o=�|_;�bl-];v�-m7�b=�bl-];v�-u;�1-r|�u;7�bm�v;-
t�;m1;v�Ő�_b1_�1-m�0;�=-v|;u�|o�Ѵ-0;Ѵ�l-m�-ѴѴ�őĺ

);�-Ѵvo�1olr-u;7�|_;�ru;1bvbom�-m7�u;1-ѴѴ�=ou�;-1_�vr;1b;v�=uol�o�u�
optimal model with the precision and recall for the same species reported 
=ou�|_;�lo7;Ѵ��v;7�0��|_;�)bѴ7Ѵb=;�mvb]_|v��;0Ŋ�rѴ-|=oul�Ő���ĺ�bѴ7Ѵ�b=;bm�
vb]_|vĺou]ĸ��_�l-7-�;|�-Ѵĺķ�ƑƏƑƏőĺ�$_bv�]Ѵo0-Ѵ�ruof;1|��v;v�-�7;;r�1om-
�oѴ�|bom-Ѵ�m;�u-Ѵ�m;|�ouh�|u-bm;7��vbm]��oo]Ѵ;ŝv�$;mvou=Ѵo��=u-l;�ouh�
-m7�-�|u-bmbm]�7-|-v;|�o=�Ѷĺƕ���bl-];vķ�1olrubvbm]�ѵƐƓ�vr;1b;vĺ

ƑĺѵՊ|Պ�olr-ubm]�7;ub�;7�;1oѴo]b1-Ѵ�l;|ub1v��vbm]�
machine learning labels and expert labels

);� 1-Ѵ1�Ѵ-|;7� |_u;;� 1ollom� ;1oѴo]b1-Ѵ� l;|ub1v� =ou� |_;� o�|Ŋ�o=Ŋ�
sample data (raw species richness at individual camera stations, 

activity patterns for four focal species, and occupancy for four 
=o1-Ѵ�vr;1b;vő�v;r-u-|;Ѵ���vbm]�|_;�l-m�-ѴѴ��];m;u-|;7ķ�;�r;u|�Ѵ--
bels and the machine learning generated labels. Species richness 
(the number of species in a discrete unit of space and time) can 
0;��v;7�|o�t�-m|b=��|;lrou-Ѵ�-m7�vr-|b-Ѵ�1_-m];v�bm�0bo7b�;uvb|�ĺ�
�Ѵ|_o�]_�o|_;u�l;-v�u;v�o=�vr;1b;v�7b�;uvb|��;�bv|ķ��;�1_ov;�|_bv�
simple metric because it is widely used in the ecology literature 
7;vrb|;�b|v�Ѵblb|-|bomvĺ��1|b�b|��r-||;umv�7;v1ub0;�|_;�7b;Ѵ�-1|b�b|��
patterns of focal species (Rowcliffe et al., 2014) and are typically 
calculated using camera trap data to understand fundamental life 
history traits and behaviour such as temporal niche partitioning. 
Occupancy models are hierarchical models commonly fitted to 
camera trap data because they can account for imperfect detec-
|bom� Ő�_b1_�u-u;Ѵ��;t�-Ѵv�Ɛő� |o�;v|bl-|;�|_;�1om7b|bom-Ѵ�ruo0-0bѴ-
ity that a site is ‘occupied’ by a species given it was not detected 
Ő�-1�;m�b;� ;|� -Ѵĺķ� ƑƏƏƑķ� ƑƏƏƒőĺ� �o�-ub-|;v� v�1_� -v�l;-v�u;v� o=�
vegetation cover can be included in both the detection and oc-
1�r-m1��1olrom;m|�lo7;Ѵvĺ�$_;v;�lo7;Ѵv�-u;�u;Ѵ-|b�;Ѵ��1olrѴ;�ķ�
and small changes in detection histories (presence or absence of 
a species during a discrete time interval), false positives or false 
m;]-|b�;v�1-m�7u-l-|b1-ѴѴ��-==;1|�u;v�Ѵ|v�Ő!o�Ѵ;�ş��bmhķ�ƑƏƏѵőĺ�);�
therefore predicted that occupancy estimates obtained using ma-
chine learning generated labels would compare poorly with esti-
l-|;v��vbm]�;�r;u|ķ�l-m�-ѴѴ��];m;u-|;7� Ѵ-0;Ѵvĺ��|_;u�1ollomѴ��
�v;7�l;|ub1v�v�1_�-v�vr-|b-ѴѴ��;�rѴb1b|�1-r|�u;�u;1-r|�u;�l;|_o7v�
Ő�ou1_;uv�ş��==ou7ķ�ƑƏƏѶő�-m7�|_;�u-m7ol�;m1o�m|;u�lo7;Ѵ�Ő��1-v�
;|�-Ѵĺķ�ƑƏƐƔő��;u;�mo|�;�-Ѵ�-|;7�0;1-�v;�|_;��;b|_;u�u;t�bu;7�-m�
additional layer of analysis (e.g. individual identification and re- 
identification), or because the sampling design of our test data was 
unsuitable (e.g. non- random camera placement).

The four focal species used for calculating activity patterns 
-m7�o11�r-m1���;u;��=ub1-m� ]oѴ7;m� 1-|ķ� 1_blr-m�;;ķ� Ѵ;or-u7� -m7�
�=ub1-m� =ou;v|� ;Ѵ;r_-m|ĺ� $_;v;� vr;1b;v��;u;� 1_ov;m�0;1-�v;� |_;��
were the focus of the camera trap survey that generated the out- of- 
sample test data and because they are conservation priority species 
bm��;m|u-Ѵ��=ub1-ĺ�);�-Ѵvo�bmb|b-ѴѴ��bm1Ѵ�7;7��;v|;um�Ѵo�Ѵ-m7�]oubѴѴ-ķ�
0�|��;�_-7�|oo�=;���mbt�;�1-r|�u;v�o=�|_bv�vr;1b;v� ŐomѴ��v;�;m�o=�
ƑƑƕ�o�|Ŋ�o=Ŋ�v-lrѴ;�v|-|bomv�_-�bm]�>Ɣ�1-r|�u;vő�|o�=b|�;b|_;u�-1|b�b|��
pattern models or occupancy models.

ƑĺƕՊ|Պ$_u;v_oѴ7bm]�-m7�o�;u-ѴѴ�lo7;Ѵ�r;u=oul-m1;

�ѴѴ� |_u;;� l;|ub1v� 7;ub�;7� =uol� l-1_bm;� Ѵ;-umbm]� Ѵ-0;Ѵv� �;u;� u;Ŋ�
1-Ѵ1�Ѵ-|;7��vbm]�-�|_u;v_oѴ7�-rruo-1_ķ��_;u;�Ѵ-0;Ѵv��;u;�;�1Ѵ�7;7�
b=�|_;�lo7;Ѵŝv�ru;7b1|;7�ļ1om=b7;m1;Ľ�Ővo=|l-��o�|r�|ő��-v�0;Ѵo��-�
]b�;m�|_u;v_oѴ7ĺ�)_bѴ;�|_;v;�vo=|l-���-Ѵ�;v�-u;�mo|�v|ub1|Ѵ��7;v1ub0-
ing the model's ‘confidence’, and they are fallible under malicious 
-||-1h� Ő��o� ;|� -Ѵĺķ� ƑƏƐƕĸ� ��u-hbm� ;|� -Ѵĺķ� ƑƏƐƕőķ� |_;�� 7o� bm� ];m;u-Ѵ�
1ouu;Ѵ-|;��b|_� ru;7b1|bom� -11�u-1�� Ő;ĺ]ĺ� v;;� !;v�Ѵ|vőĺ� 
ou� |_;� v-h;�
of brevity we refer to these values as ‘confidence’ hereafter. The 
thresholds tested ranged from 0 (no threshold) to 90%, increasing 
in 10% intervals. For each of the three ecological metrics, we then 
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re- calculated results using the machine learning labels and com-
r-u;7�|_;v;��b|_�u;v�Ѵ|v�=uol�|_;�=�ѴѴķ�;�r;u|�Ѵ-0;ѴѴ;7�7-|-v;|��vbm]�
various statistical measures (see later). Secondarily, we also made 
the same comparison using the matching subset of machine learn-
bm]�Ѵ-0;Ѵv�-m7�;�r;u|�Ѵ-0;Ѵv�-=|;u�|_u;v_oѴ7bm]ķ�0�|�|_bv��-v�1omvb7-
;u;7�Ѵ;vv�1_-ѴѴ;m]bm]�=ou�|_;�lo7;Ѵĺ�);�-Ѵvo�1-Ѵ1�Ѵ-|;7�|_;�;==;1|�o=�
u;lo�bm]�7-|-�om�v-lrѴ;�vb�;ķ� |or�om;�0-Ѵ-m1;7�-11�u-1��-m7�|or�
five accuracy for the overall model, and on four standard measures 
of model precision and accuracy (precision, recall, F1 score and bal-
-m1;7�-11�u-1��=ou�;-1_�vr;1b;v��vbm]�|_;�1om=�vbom�-|ub��=�m1|bom�
in the caret�!�r-1h-];�Ő��_mķ�ƑƏƑƏőĺ

Estimated species richness from machine learning generated la-
0;Ѵv�-m7�;�r;u|� Ѵ-0;Ѵv��-v�1olr-u;7��vbm]� Ѵbm;-u�u;]u;vvbom�=b||;7�
0�� Ѵ;-v|� vt�-u;vĺ� "r;1b;v� ub1_m;vv� =uol�;�r;u|� Ѵ-0;Ѵv��-v��v;7� -v�
the predictor variable and species richness from machine learning 
labels was used as the response. For each threshold, we evaluated 
how well species richness from machine learning labels correlated 
�b|_�;�r;u|�Ѵ-0;Ѵv�0��1-Ѵ1�Ѵ-|bm]�|_;�vѴor;�1o;==b1b;m|�-m7��-ub-m1;�
;�rѴ-bm;7�ŐR2).

Diel activity patterns (proportion of 24 hr day active) were cal-
1�Ѵ-|;7��vbm]�1bu1�Ѵ-u�h;um;Ѵ�ruo0-0bѴb|��7;mvb|��=�m1|bomv�=ou�-ѴѴ�=o�u�
focal species, fitted using the fitact function (with 200 bootstrap 
replicates) from the activity�!�r-1h-];� Ő!o�1Ѵb==;ķ�ƑƏƐƖĸ�!o�1Ѵb==;�
et al., 2014). For each species and threshold combination, we tested 
b=�|_;u;��-v�-�vb]mb=b1-m|�7b==;u;m1;�Ő)-Ѵ7�|;v|�om�1_bŊ�vt�-u;7�7bv-
tribution with 1 degree of freedom) in diel activity estimated by 
l-1_bm;� Ѵ;-umbm]� Ѵ-0;Ѵv� -m7� ;�r;u|� Ѵ-0;Ѵv� �vbm]� |_;� 1olr-u;�1|�
=�m1|bom� Ő!o�1Ѵb==;ķ�ƑƏƐƖőķ� ;�r;1|bm]�mo�7b==;u;m1;��vbm]�-m�-Ѵr_-�
Ѵ;�;Ѵ�o=�ƏĺƏƔĺ

Single season, single species occupancy models were fitted by 
l-�bl�l� Ѵbh;Ѵb_oo7��vbm]� |_;� o11�� =�m1|bom� =uol� |_;�unmarked R 
r-1h-];� Ő
bvh;� ş� �_-m7Ѵ;uķ� ƑƏƐƐőķ� �_;u;� |_;� o11�r-m1�� v|-|;� Zi 
(1 = occupied, 0 = unoccupied) of a site M (camera station) is mod-
elled as:

and the observation process Y on sampling occasion i at site j as:

	;|;1|bom�_bv|oub;v��;u;�1oѴѴ-rv;7�|o�ƔŊ�7-��v-lrѴbm]�o11-vbomv�-v�-�
compromise between achieving model stability and ensuring an ade-
t�-|;�m�l0;u�o=�u;rѴb1-|;v�=ou�;-1_�vb|;ĺ��m�|_;�7;|;1|bom�Őo0v;u�-|bom�
ruo1;vvő�lo7;Ѵķ��;�bm1Ѵ�7;7�1o�-ub-|;v�Ő�vbm]�-�Ѵo]b|�Ѵbmhő�o=��Ѵ;�-|bom�
Őlőķ�	-|;�Ő=buv|�7-��o=�|_;�ƔŊ�7-��o11-vbom�Ѵ;m]|_ő�-m7�	-|;2 (to allow 
for non- linear, seasonal changes in detection). In the occupancy com-
ponent model, we included covariates of Elevation (m), Distance to 
the Nearest River (m), Distance to the Nearest Road (m) and mean 
distance to the Nearest Village (m) as continuous predictors without 
bm|;u-1|bomvĺ��ѴѴ�1o�-ub-|;v��;u;�l;-mŊ�1;m|u;7�-m7�v1-Ѵ;7�0��Ɛ�SD to 
ru;�;m|�1om�;u];m1;�bvv�;vĺ�);�7b7�mo|�r;u=oul�lo7;Ѵ�v;Ѵ;1|bom�-m7�
ru;7b1|;7�o11�r-m1��=ou�|_;�ƑƑƕ�1-l;u-�v|-|bomv��vbm]�|_;�=�ѴѴ�lo7;Ѵĺ�

);�|_;m�1olr-u;7�o11�r-m1��ru;7b1|bomv�Őn =�ƑƑƕ�1-l;u-�v|-|bomvő�
for no threshold (i.e. using all data), and the nine thresholds using linear 
u;]u;vvbom�=b||;7�0��Ѵ;-v|�vt�-u;v�-v�7;v1ub0;7�ru;�bo�vѴ��=ou�|_;�vr;-
cies richness comparisons.

ƒՊ |Պ!�"&�$"

ƒĺƐՊ|Պ�==;1|�o=�|_u;v_oѴ7bm]�om�o�;u-ѴѴ�lo7;Ѵ�
performance

Regardless of the threshold used, top five accuracy for the overall 
model predictions on the out- of- sample data (n =�ƑƑƕ�bm7;r;m7;m|�
1-l;u-�v|-|bomvő��;u;�1omvbv|;m|Ѵ��1Ѵov;�|o�ou�-0o�;�ƖƔѷ�Ő
b]�u;�Ƒőĺ�
To achieve a top one balanced accuracy of 90% or more for the over-
-ѴѴ�lo7;Ѵķ�-�|_u;v_oѴ7�o=�ƾƕƏѷ�1om=b7;m1;��-v�u;t�bu;7�-m7�>ƑƔѷ�o=�
the data were discarded (Figure 2).

Table 2 shows performance statistics for each class com-
r-u;7� |o� |_;�)bѴ7Ѵb=;�mvb]_|v� lo7;Ѵĺ� �o|;� |_-|� |_bv� 1olr-ubvom�
should be interpreted with caution. Ideally, we would run the 
)bѴ7Ѵb=;�mvb]_|v�lo7;Ѵ� om� o�u� o�|Ŋ�o=Ŋ�v-lrѴ;� |;v|� 7-|-ķ� 0�|� 7-|-�
v_-ubm]�u;v|ub1|bomv�ru;�;m|;7�|_bvĺ�)_;u;�o�u�vr;1b;v�ou�]uo�rv�
1o�Ѵ7�mo|�0;�1olr-u;7��b|_�-m�;t�b�-Ѵ;m|�1Ѵ-vv�om�)bѴ7Ѵb=;�mvb]_|v�
|_bv�bv�bm7b1-|;7�-v�mo�;t�b�-Ѵ;m|�1Ѵ-vv�Ő��őĺ��=�ru;1bvbom�-m7�u;1-ѴѴ�
could not be estimated because of insufficient training and vali-
7-|bom�7-|-� |_bv� bv� bm7b1-|;7�-v� ļm;;7v�lou;�7-|-Ľ� Ő��	őĺ�)b|_�-�
|_u;v_oѴ7�o=�ƕƏѷ�1om=b7;m1;�Őbĺ;ĺ�;�1Ѵ�7bm]�Ѵ-0;ѴѴ;7�bl-];v�0;Ѵo��
ƕƏѷ� 1om=b7;m1;őķ� |or� om;� 0-Ѵ-m1;7� -11�u-1b;v� =ou� Ɛѵ� o=� |_;� Ƒƕ�
classes were >90% and a further five were >ƕƔѷ� Ő$-0Ѵ;� Ƒőĺ� $or�
one balanced accuracies for the remaining seven classes ranged 

Zi ∼ Bernoulli(! ) for i = 1, 2, …, M,

Yij |Zi ∼ Bernoulli(Zip ) for j = 1, 2, …, Ji.


 ��&!� �ƑՊRelationship between threshold level to accept top 
label, % of data discarded and overall top five and top one balanced 
accuracy (±ƖƔѷ���ő�=ou�ru;7b1|bomv�om�o�|Ŋ�o=Ŋ�v-lrѴ;�|;v|�7-|-
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=uol�ƔƏѷ� |o�ƕƏѷ� Ő$-0Ѵ;� Ƒőĺ��ѴѴ� o|_;u�l;-v�u;v� o=� -11�u-1�� -m7�
precision at all thresholds are in Table S3 and Figure 3 shows the 
1om=�vbom�l-|ub��=ou�|_;�o�|Ŋ�o=Ŋ�v-lrѴ;�7-|-�-=|;u�;�1Ѵ�7bm]�Ѵ-0;Ѵv�
0;Ѵo��ƕƏѷ�1om=b7;m1;�Őv;;�
b]�u;�"Ɣ�=ou�|_;�1om=�vbom�l-|ub��o=�
aggregated labels after thresholding).

ƒĺƑՊ|Պ"r;1b;v�ub1_m;vv

"r;1b;v� ub1_m;vv� ;v|bl-|;7� 0��l-1_bm;� Ѵ;-umbm]� Ѵ-0;Ѵv� -m7� ;�r;u|�
labels was strongly correlated at all thresholds used (Figure 4). There 
was a general tendency for species richness to be underestimated 
by machine learning as the threshold increased, and the slope of the 
u;Ѵ-|bomv_br��-v�1Ѵov;� |o�om;��b|_�mo� |_u;v_oѴ7ĺ��� u;r;-|�-m-Ѵ�vbv�
1olr-ubm]�l-1_bm;�Ѵ;-umbm]�Ѵ-0;Ѵv�-m7�l-|1_bm]�v�0v;|v�o=�;�r;u|�
labels for each threshold is shown in Figure S8.

ƒĺƒՊ|Պ�1|b�b|��r-||;umv

�0o�;�-�|_u;v_oѴ7�o=�ƕƏѷ�|_;u;��-v�mo�vb]mb=b1-m|�7b==;u;m1;�0;|�;;m�
7b;Ѵ� -1|b�b|�� r-||;umv� ;v|bl-|;7� 0�� l-1_bm;� Ѵ;-umbm]� Ѵ-0;Ѵv� -m7� ;�-
pert labels for all four focal species in the full out- of- sample test data 
Ő
b]�u;�Ɣĸ�$-0Ѵ;�"Ɠőĺ�$_;�7b==;u;m1;�0;1-l;�momŊ�vb]mb=b1-m|�-|�-�|_u;v_-
oѴ7� o=� ƔƏѷ��_;m� 1olr-ubm]�l-|1_bm]� v�0v;|v� o=� l-1_bm;� Ѵ;-umbm]�
Ѵ-0;ѴѴ;7�7-|-�-m7�l-m�-ѴѴ��Ѵ-0;ѴѴ;7�7-|-�-|�;-1_�|_u;v_oѴ7�Ő$-0Ѵ;�"Ɣőĺ

ƒĺƓՊ|Պ�11�r-m1��lo7;Ѵv

�v� ;�r;1|;7ķ� o11�r-m1�� ;v|bl-|;v� l-7;� �vbm]� l-1_bm;� Ѵ;-umbm]�
Ѵ-0;Ѵv��;u;� vol;|bl;v� bm1omvbv|;m|��b|_� |_ov;�l-7;��vbm]�;�r;u|�
labels, and thresholding had a strongly improved inference in some 
1-v;v� Ő
b]�u;� ѵőĺ� 
ou� ]oѴ7;m� 1-|� -m7� Ѵ;or-u7ķ��_b1_� -u;� ru;7b1|;7�

Species Precision % Recall % F1 Prevalence
�-Ѵ-m1;7�
accuracy

�b�;|ō�=ub1-mō�-Ѵl NMD (NMD) NMD (NMD) �� �� ��

�oubѴѴ- NMD (NMD) NMD (NMD) �� 0.4 ƔƏ

!-bѴō�h�Ѵ;m]� 0.0�ŐƓƕĺƑő 0.0�ŐƓѶĺѵő �� �� ƔƏ

��bm;-=o�Ѵō�u;v|;7aՔ 100 (99.8) 5.3 (91.2) 10 0.1 ƔƑĺѵ

Mandrillus 83.9�ŐƖѵĺƐő 29�ŐƕƑĺƒő 43.1 1.8 ѵƓĺƔ

�Ѵ-mh 98.1 (98.3) 40.3�ŐƕѶĺƕő ƔƕĺƐ ƒĺѵ ƕƏĺƐ

��==-Ѵoō�=ub1-m 97.5 (91.1) 55.7�Őƕƒĺѵő ƕƏĺƖ 1.2 ƕƕĺѶ

�bu7 11.2 (NE) ѵƏĺƏ�Ő��ő 18.9 0.1 ƕƖĺƕ

�_;�uo|-bmō)-|;u 100 (NMD) 67.4 (NMD) ѶƏĺѵ 0.2 Ѷƒĺƕ

��bm;-=o�Ѵō�Ѵ-1h 70.6�ŐƕƖĺѵő 72.7�ŐƕƖĺƔő ƕƐĺѵ 0.2 Ѷѵĺƒ

�-|ō�oѴ7;m 96.0 (NMD) 78.0 (NMD) ѶѵĺƐ 1 89

�-m]oѴbm 94.1 (NMD) 80.0 (NMD) ѶѵĺƔ 0.1 90

	�bh;uō+;ѴѴo�ō�-1h;7 97.5 (88.8) 83.8�ŐƕƑĺƒő 90.2 2.9 91.9

��l-m 78.4 (84.8) 87.4�ŐƕƔĺƑő ѶƑĺѵ 4 93.2

�_blr-m�;; 83.5�ŐѶƕő 88.4�ŐƕƐĺƓő ѶƔĺƖ 2.2 94

�omh;� ƕƏĺƕ�Ő��ő 92.0 (NE) 80 2.9 ƖƔĺƓ

Mongoose 83.5 (NMD) 91.0 (NMD) ѶƕĺƐ 0.4 ƖƔĺƔ

!-|ō�b-m| 68.2�Őƕѵő 93.8�ŐƕƔĺѶő ƕѶĺƖ 0.1 ƖѵĺƖ

	�bh;uō!;7bՔ 95.9�ŐƖƔĺѵő 96.5�ŐƕƖĺѵő ƖѵĺƑ 30.8 Ɩƕĺƒ

	�bh;uō�Ѵ�; 90.04 (98.2) 97.0�ŐѵƔĺƕő Ɩƒĺѵ Ɛƕĺѵ ƖƕĺƓ

�o]ō!;7ō!b�;u 97.0�ŐѶƑĺƕő 95.7�ŐѶƓĺƕő Ɩѵĺƒ ѵĺƔ Ɩƕĺƕ

"t�buu;Ѵ 85.9�ŐƖѶĺѵő 95.8�Őѵƕĺѵő ƖƏĺѵ 0.9 ƖƕĺѶ

�;or-u7ō�=ub1-m 92.8�ŐѶƔĺƑő 96.0�ŐѵƐĺƓő 94.4 2.2 ƖƕĺƖ

�Ѵ;r_-m|ō�=ub1-m 91.9 (94.4) 98.4 (84.2) ƖƔĺƐ 19.3 98.2

�ou1�rbm;ō�u�v_ō
Tailed

93.9 (89.4) 98.9 (42.1) Ɩѵĺƒ ƏĺƔ 99.4

�;m;| 95.3 (89.2) 99.3�ŐѵƔĺѵő ƖƕĺƑ 0.8 ƖƖĺѵ

�om]oov;ō�Ѵ-1hō
Footed

92.9 (NMD) 100 (NMD) Ɩѵĺƒ 0.1 100

aUsed precision and recall for similar Guttera plumifera�=uol�)bѴ7Ѵb=;�mvb]_|vĺ�
b&v;7�ru;1bvbom�-m7�u;1-ѴѴ�=ou��ephalophus callipygus�=uol�)bѴ7Ѵb=;�mvb]_|vĺ�

$���� �ƑՊ�u;1bvbomķ�u;1-ѴѴķ�0-Ѵ-m1;7�
accuracy ((sensitivity + specificity)/2), 
F1 score and prevalence (%s of each 
1Ѵ-vvő�=ou�|_;�Ƒƕ�1Ѵ-vv;v�Ő$-0Ѵ;�"Ɛő�bm�|_;�
out- of- sample test data after removing 
labels with a predicted confidence <ƕƏѷĺ�
The same measures for the full dataset 
without any thresholding are given 
in Table S2. Species are sorted from 
lowest to highest balanced accuracy. For 
comparison, the precision and recall for 
the model used by the wildlifeinsights.
ou]��;0�rѴ-|=oul�-u;�]b�;m�bm�0u-1h;|vĺ�
Orange indicates our model performed 
�ouv;�|_-m�|_;�)bѴ7Ѵb=;�mvb]_|v�lo7;Ѵ�=ou�
a given species, and purple indicates our 
model performed better
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with high accuracy and precision by our machine learning model, oc-
1�r-m1��;v|bl-|;v� =uol�l-1_bm;� Ѵ;-umbm]� Ѵ-0;Ѵv� -m7�;�r;u|� Ѵ-0;Ѵv�
�;u;�_b]_Ѵ��1ouu;Ѵ-|;7�-|�-ѴѴ�|_u;v_oѴ7v�Ő
b]�u;�"Ɩőĺ��=ub1-m�;Ѵ;r_-m|�
occupancy estimates using machine learning labels improved dra-
l-|b1-ѴѴ��-v�|_;�|_u;v_oѴ7�bm1u;-v;7ķ�0�|�1_blr-m�;;�o11�r-m1��;v-
timates from machine learning labels were consistently uncorrelated 
�b|_� |_ov;� ;v|bl-|;7� �vbm]� ;�r;u|� Ѵ-0;Ѵv� Ő
b]�u;� ѵőĺ� �olr-ubvomv�
between matching subsets of machine learning labelled data and 
manually labelled data at each threshold showed much stronger cor-
relations for all groups and thresholds (Figure S10).

ƓՊ |Պ	�"�&""���

Machine learning models have the potential to fully automate la-
belling of camera trap images without the need for manual valida-
tion. This would allow ecologists to rapidly process data and use 
the outputs (e.g. species labels) directly in ecological analyses, but 
it has been uncertain how this can be achieved. In particular, mod-
els published to date do not evaluate their predictive performance 
bm�-m�;1oѴo]b1-Ѵ�lo7;ѴѴbm]�1om|;�|�Ő�;;u��;|�-Ѵĺķ�ƑƏƐѶĸ��ouo���-7;_�
;|�-Ѵĺķ�ƑƏƐѶĸ�$-0-h�;|�-Ѵĺķ�ƑƏƐƖĸ�)bѴѴb�;|�-Ѵĺķ�ƑƏƐƖőĺ��;u;ķ��;�1olr-u;7�


 ��&!� �ƒՊ�om=�vbom�l-|ub��Őѷ�1ouu;1|�Ѵ-0;Ѵv�=ou�;-1_�vr;1b;vņ]uo�rő�v_o�bm]�lo7;Ѵ�r;u=oul-m1;�om�o�|�o=�v-lrѴ;�|;v|�7-|-�-=|;u�
;�1Ѵ�7bm]�Ѵ-0;Ѵv�0;Ѵo��-�1om=b7;m1;�|_u;v_oѴ7�o=�ƕƏѷ�Ő;-1_�uo��bv�moul-Ѵb�;7�bm7;r;m7;m|Ѵ�őĺ�
b]�u;�"ƕ�v_o�v�|_;�1om=�vbom�l-|ub���b|_�
absolute numbers
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ecological metrics calculated on an out- of- sample test dataset using 
l-1_bm;�Ѵ;-umbm]�Ѵ-0;Ѵv��b|_�|_;�v-l;�l;|ub1v�1-Ѵ1�Ѵ-|;7��vbm]�;�-
pert, manually generated labels. Using our optimal species classifica-
|bom�lo7;Ѵ�|_-|�];m;u-Ѵb�;v�|o�o�|Ŋ�o=Ŋ�v-lrѴ;�7-|-ķ��;�v_o��l-1_bm;�
learning labels have the potential to be used in a fully automated 
�ouh=Ѵo��|_-|�1o�Ѵ7�u;lo�;�|_;�m;;7�=ou�l-m�-Ѵ��-Ѵb7-|bom�rubou�|o�
conducting ecological analyses.

Most of the training approaches and many of the mechanisms 
we used to enhance the training of the machine learning model were 
|-h;m�7bu;1|Ѵ��ou�-Ѵlov|�7bu;1|Ѵ��=uol�|_;�or;m�vo�u1;�=-v|ĺ-b���|_om�
Ѵb0u-u��Ő�o�-u7�ş���]];uķ�ƑƏƑƏőķ�7;lomv|u-|bm]�|_;�v|u;m]|_�o=�|_bv�
=Ѵ;�b0Ѵ;� Ѵb0u-u�� =ou� vr;1b;v� 1Ѵ-vvb=b1-|bom� |-vhvĺ�);� �v;7� -m� ;v|-0-
Ѵbv_;7�-u1_b|;1|�u;�Ő!;v�;|ƔƏő�=ou�|_;�l-1_bm;� Ѵ;-umbm]�lo7;Ѵ�0�|�
other more recent architectures could yield further increases in per-
=oul-m1;�Ő"1_m;b7;u�;|�-Ѵĺķ�ƑƏƑƏőĺ�$_;�!;v�;*|�Ő*b;�;|�-Ѵĺķ�ƑƏƐƕőķ�|_;�
!;v�;"|�Ő,_-m]�;|�-Ѵĺķ�ƑƏƑƏő�-m7�|_;��==b1b;m|�;|�Ő$-m�ş��;ķ�ƑƏƑƏő�
=-lbѴb;v�o=�m;|�ouh�-u1_b|;1|�u;v�-u;�r-u|b1�Ѵ-uѴ���ou|_�;�rѴoubm]�bm�
|_bv�1om|;�|ĺ��mo|_;u�-�;m�;�o=�rovvb0Ѵ;�=�u|_;u�blruo�;l;m|�bv�|o�

�v;�-m�-rruo-1_�0-v;7�om�-�v;t�;m1;�o=�lo7;Ѵvĺ��m;�m-|�u-Ѵ�v|;r�bv�
|o�=buv|�7;|;1|�-�0o�m7bm]�0o��=ou�-m�-mbl-Ѵ��b|_�-�Ѵo1-Ѵb�-|bom�lo7;Ѵ�
Ő�;;u��;|�-Ѵĺķ�ƑƏƐƖő�-m7�Ѵ-|;u�1Ѵ-vvb=��omѴ��|_;�1om|;m|�=o�m7�bm�|_-|�
0o�ĺ��m7;r;m7;m|Ѵ�ķ�-mo|_;u�v|;r�1-m�0;�bm|uo7�1;7��_;u;�-�lo7;Ѵ�
is trained to first identify an aggregated species class (comprised of 
vr;1b;v� |_-|� v_-u;� vblbѴ-u� 1_-u-1|;ubv|b1vĸ� ;ĺ]ĺ� v;;� 
b]�u;� "ѵőķ� -m7�
later dedicated models are trained to identify the individual species 
�b|_bm�|_;v;�-]]u;]-|;7�1Ѵ-vv;vĺ��o�;�;uķ� bm�-|� Ѵ;-v|�om;�;�-lrѴ;�
used to classify invertebrates in images this approach resulted in 
lower performance (Ärje et al., 2019).

);��v;7�-�u;Ѵ-|b�;Ѵ��vl-ѴѴ�|u-bmbm]�v;|�Őc. 300,000 images here 
�vĺ� ƒĺƑ� lbѴѴbom� bm� Ő�ouo���-7;_� ;|� -Ѵĺķ� ƑƏƐѶő� -m7� Ѷĺƕ� �� �v;7� 0��
)bѴ7Ѵb=;�mvb]_|v�Ő�_�l-7-�;|�-Ѵĺķ�ƑƏƑƏő�-m7�-�Ѵ-u];�m�l0;u�o=�bm7b-
vidual classes, yet our model achieved relatively high precision and 
accuracy even when tested on completely out- of- sample data, which 
bv�1omvb7;u;7�-�vb]mb=b1-m|�1_-ѴѴ;m];�=ou�|_;�=b;Ѵ7�Ő�;;u��;|�-Ѵĺķ�ķƑƏƐѶķ�
ƑƏƐƖĸ�"1_m;b7;u�;|�-Ѵĺķ�ƑƏƐƖőĺ�);�0;Ѵb;�;�|_bv�;m1o�u-]bm]�u;v�Ѵ|�1-m�
0;� ;�rѴ-bm;7� 0o|_� 0�� |_;�l-1_bm;� Ѵ;-umbm]� -rruo-1_;v� �v;7� Ő;ĺ]ĺ�


 ��&!� �ƓՊRelationship between species richness at each camera station (n =�ƑƑƕő�ru;7b1|;7�0��|_;�l-1_bm;�Ѵ;-umbm]�lo7;Ѵ�ŐyŊ�-�bvő�-m7�
vr;1b;v�ub1_m;vv�ru;7b1|;7�=uol�;�r;u|�Ѵ-0;Ѵv�ŐxŊ�-�bvő�=ou�mo�|_u;v_oѴ7�-m7�|_;�mbm;�|_u;v_oѴ7v��v;7�-=|;u�ru;7b1|bm]�om�|_;�o�|Ŋ�o=Ŋ�v-lrѴ;�
test data (see Figure S8 for comparison between estimates from machine learning labels and matching subsets of manual data at each 
threshold). The dotted line shows where a 1:1 relationship would fit the data
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|_;� =-v|ĺ-b� =u-l;�ouh� -m7� bl-];� -�]l;m|-|bomőķ� -m7� 0;1-�v;� =ou-
;v|�1-l;u-�|u-rv� bm��;m|u-Ѵ��=ub1-�-u;�o=|;m�7;rѴo�;7� bm��;u��vbl-
ilar settings and using standard protocols (e.g. typically attached 
to trees 30– 40 cm above ground level), with animals captured at a 
predictable distance from the camera (usually on a path) with a gen-
;u-Ѵ�0-1h]uo�m7�o=�]u;;m�-m7�0uo�m��;];|-|bomĺ�$_bv�bv�bm�1om|u-v|�
to camera trap images from more open habitats, where animals are 
o=|;m�7;|;1|;7�-1uovv�-��b7;� u-m];�o=�7bv|-m1;v�-m7�0-1h]uo�m7v�
Ő�;;u��;|�-Ѵĺķ�ƑƏƐѶőĺ��m�|_;�o|_;u�_-m7ķ�bm=oul-|bom-Ѵ�ub1_m;vv�bm�|_;�
0-1h]uo�m7� o=� r_o|ov� |-h;m� bm� =ou;v|� v;||bm]v� rov;v� -� vb]mb=b1-m|�

1_-ѴѴ;m];� |o� l-1_bm;� Ѵ;-umbm]� lo7;Ѵv� -v� �;ѴѴ� -v� _�l-m� ;�r;u|v�
Ő
b]�u;�ƕőĺ

Thresholding improved the overall performance of the model 
and its performance for individual species. In our tests we ‘dis-
1-u7;7Ľ� Ѵ-0;Ѵv��b|_� Ѵo�� ļ1om=b7;m1;Ľ�0�|� |_;v;�7-|-� 1o�Ѵ7�;t�-ѴѴ��
0;�1Ѵ-vvb=b;7�l-m�-ѴѴ��b=�v-lrѴ;�vb�;v��;u;�vl-ѴѴĺ��|�bv�blrou|-m|�|o�
note, however, that this additional effort to manually label low con-
=b7;m1;�bl-];v��o�Ѵ7�mo|�_-�;�blruo�;7�bm=;u;m1;�bm�o�u�;�-lrѴ;�
;1oѴo]b1-Ѵ�-m-Ѵ�v;vķ��b|_�|_;�;�1;r|bom�o=�1_blr-m�;;�o11�r-m1��
;v|bl-|;vĺ��_blr-m�;;�bl-];v�_-7�|_;�Ѵo�;v|�l;-v�u;�o=�ru;1bvbom�


 ��&!� �ƔՊEstimated activity patterns 
for the four focal species in the out- of- 
sample test data using machine learning 
labels (orange; n =�ƐѶķƏƕѶ�o0v;u�-|bomv�
-=|;u�;�1Ѵ�7bm]�Ѵ-0;Ѵv�0;Ѵo��ƕƏѷ�
1om=b7;m1;ő�-m7�;�r;u|�Ѵ-0;Ѵv�=uol�|_;�=�ѴѴ�
dataset (blue; n =�ƑƒķѶѵѶ�o0v;u�-|bomvő
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 ��&!� �ѵՊRelationship between estimated occupancy probability for n =�ƑƑƕ�1-l;u-�v|-|bomv�Őrobm|vő�=uol�l-1_bm;�Ѵ;-umbm]�Ő��ő�Ѵ-0;Ѵv�
(yŊ�-�bvő�-m7�;�r;u|�Ѵ-0;Ѵv�ŐxŊ�-�bvő�=ou�|_;�=o�u�=o1-Ѵ�vr;1b;v�-=|;u�7bv1-u7bm]�Ѵ-0;Ѵv�0;Ѵo��-�ƖƏѷ�|_u;v_oѴ7�o=�ru;7b1|;7�1om=b7;m1;ĺ��Ѵo|v�=ou�-ѴѴ�
thresholds tested are shown in Figure S9
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among the four focal species, which suggests that true detection 
;�;m|v��;u;�ruo0-0Ѵ��lbvv;7�=u;t�;m|Ѵ�ķ�u;v�Ѵ|bm]�bm�=-Ѵv;�m;]-|b�;v�
(Figure S2). Species that were classified with the highest precision 
-m7� -11�u-1���;u;� ;b|_;u� u;Ѵ-|b�;Ѵ�� �mbt�;� bm� |_;bu� v_-r;ķ� 1oѴo�u�
-m7�r-||;um� Ő;ĺ]ĺ��=ub1-m� Ѵ;or-u7ķ� |_;� ļ�;m;|Ľ�]uo�rő�ou��;u;��;ѴѴ�
u;ru;v;m|;7�bm�|_;�|u-bmbm]�7-|-ĺ�$o�-ѴѴo���v;uv�bm��;m|u-Ѵ��=ub1-�|o�
use our model, we have created an offline, multi- platform software 
tool that can label large batches of images or videos, and display 
simple maps of species presence/absence and species richness 
Őv;;�7;|-bѴv� bmࡆ��b;৵;�vhb�ş�)_�|o1h�;|�-Ѵĺķ�ƑƏƑƐőĺ�$_;�vo=|�-u;�
also outputs the labels in a format that can be used for calculating 
�-1|b�b|��r-||;umv�ou�=ou��v;�bm�o11�r-m1��lo7;Ѵvĺ�);�7o�mo|�=�ѴѴ��
automate these analyses at present, but we anticipate these fea-
tures will be integrated into future releases.

If machine learning models can fully automate labelling of camera 
|u-r�bl-];vķ�|_;�=buv|�t�;v|bom�Ѵbh;Ѵ��|o�0;�rov;7�0��lov|�;1oѴo]bv|v�
bv�ļ"_o�Ѵ7��;ĵĽĺ��-l;u-�|u-r�bl-];v�1om|-bm�-��;-Ѵ|_�o=�bm=oul-|bom�
beyond species identity that would be missed using our model such 
as behaviour, demography, individual phenotype and body con-
7b|bomĺ��� |u-bm;7�lo7;Ѵ� bv� -Ѵvo� Ѵblb|;7� |o�7;|;1|bm]� -m7� 1Ѵ-vvb=�bm]�
the species in the training dataset, and by definition cannot detect 
new species. Some machine learning models can already classify 
0;_-�bo�u� Ő�ouo���-7;_�;|�-Ѵĺķ�ƑƏƐѶő�-m7�o|_;u�=�|�u;�lo7;Ѵv��bѴѴ�
achieve this and much more. In our opinion, fully automated labels 
can and should be used in ecological analyses, but only after valida-
tion (and re- validation) of the model's performance, and to answer 
1Ѵ;-uѴ��7;=bm;7�t�;v|bomvĺ��-1_��v;Ŋ�1-v;��bѴѴ�-Ѵvo�7b==;u�bm�|_;�0;m;-
=b|v�|_-|�1-m�0;�]-bm;7�=uol�=�ѴѴ��-�|ol-|;7�-m-Ѵ�vbvĺ���1omv;u�-|bom�
manager with tens of thousands of images collected on a rolling basis 
might accept a trade- off between increased speed of data analysis 
and having to discard images with uncertain labels, but a scientist 

testing hypotheses for peer- reviewed publication might prefer to 
�b;�� -ѴѴ� o=� |_;� bl-];v�l-m�-ѴѴ�ĺ�);� u;1oll;m7� |_-|� bm� -ѴѴ� 1-v;v�
model performance should be validated regularly using sub- sampled 
data to detect potentially new or hidden biases. Model accuracy 
could change if field protocols or environmental conditions change 
bm� v;-vom-Ѵ�ou��m;�r;1|;7��-�v� Ő;ĺ]ĺ�_;-��� vmo�=-ѴѴ� bm� |;lr;u-|;�
�om;vőĺ� �o�;�;uķ� 7�ubm]� lo7;Ѵ� ;�-Ѵ�-|bom� �;� =o�m7� |_-|� ;�r;u|� 
labels in the training and validation data were also never ‘perfect’, 
and perhaps high performance machine learning models offer a more 
consistent means of analysing camera trap data than manual label-
Ѵbm]�0;1-�v;�0b-v;v�-u;�ru;7b1|-0Ѵ;�-m7�1-m�0;�t�-m|b=b;7�;�rѴb1b|Ѵ�ĺ

�-l;u-� |u-rv� -u;� 1ollomѴ�� �v;7� �ouѴ7�b7;� 0�� 1omv;u�-|bom�
ru-1|b|bom;uv��_ov;�moul-Ѵ�v1or;�o=��ouh�lb]_|�mo|�-ѴѴo��v�==b1b;m|�
|bl;� =ou� |_;�_-m7Ѵbm]ķ�ruo1;vvbm]�-m7�-m-Ѵ�vbm]�o=� Ѵ-u];�t�-m|b|b;v�
o=�7b]b|-Ѵ�7-|-ĺ�$_;�-�|_ouv�r;uvom-ѴѴ��hmo��o=� v;�;u-Ѵ� Ѵ-u];�1-l-
era trap databases that have not been analysed years after data 
1oѴѴ;1|bom�;m7;7ķ�o=|;m�0;1-�v;�o=�-�Ѵ-1h�o=�u;vo�u1;v�ou�|;1_mb1-Ѵ�
;�r;u|bv;ĺ��;���;0Ŋ�0-v;7�rѴ-|=oulv� =ou�;1oѴo]b1-Ѵ�7-|-�-u;� v;;h-
ing to address this problem by allowing users to upload data to the 
cloud where it is stored and analysed using machine learning models 
Ő�_�l-7-�;|�-Ѵĺķ�ƑƏƑƏĸ��b7;�;|�-Ѵĺķ�ƑƏƐƒő�0�|�-�Ѵ-1h�o=�=-v|�bm|;um;|�-1-
cess can be a barrier to using such platforms and our offline applica-
|bom�1-m�=bѴѴ�|_bv�blrou|-m|�]-rĺ�$_;�m;�|�];m;u-|bom�o=�1-l;u-�|u-rv�
will also have embedded machine learning models. Together, edge 
and cloud computing will open the door to national and international 
real- time ecological forecasting at unprecedented spatial and tem-
rou-Ѵ�v1-Ѵ;vĺ�);�-m|b1br-|;�|_-|�|_;��ouh=Ѵo��ru;v;m|;7�_;u;�1o�Ѵ7�
substantially improve how camera trap data are processed and an-
alysed, and conclude that, with careful testing and evaluation in an 
;1oѴo]b1-Ѵ�1om|;�|ķ�_b]_�r;u=oul-m1;�l-1_bm;�Ѵ;-umbm]�lo7;Ѵv�1-m�
be used for fully automated labelling of camera trap images.

�����)��	�����$"
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�	����
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 ��&!� �ƕՊ�m�bl-];�1ouu;1|Ѵ��1Ѵ-vvb=b;7�-v�mh�Ѵ;m]��u-bѴ�0��o�u�
l-1_bm;�Ѵ;-umbm]�lo7;Ѵ�0�|�l-uh;7�-v�0Ѵ-mh�0��-m�;�r;u|ĺ�$_;�0bu7�
bv��bvb0Ѵ;�vѴb]_|Ѵ��ub]_|�o=�1;m|u;ĺ�$_;�7-uh�0;-h�bv�robm|bm]�Ѵ;=|�-m7�
lov|�o=�|_;�0o7��bv�_b77;m�0;_bm7�0u-m1_;v�-m7�Ѵ;-�;vĺ���v;1|bom�
of its characteristic red legs is visible between the leaves. The 
lo7;Ѵ��v;7�=;-|�u;v�=uol�|_;�0;-h�-m7�_;-7�u;]bom�|o�b7;m|b=��|_;�
bird (see Figure S11)
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