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and management. To non-experts, the methods can be abstruse and the results mystifying. Here, in
the context of applying cutting edge methods to classify wildlife species from camera-trap data, we
shed light on the methods themselves and types of features these methods extract to make efficient
identifications and reliable classifications. The current state of the art is to employ convolutional neural
networks (CNN) encoded within deep-learning algorithms. We outline these methods and present
results obtained in training a CNN to classify 20 African wildlife species with an overall accuracy of
87.5% from a dataset containing 111,467 images. We demonstrate the application of a gradient-
weighted class-activation-mapping (Grad-CAM) procedure to extract the most salient pixels in the final
convolution layer. We show that these pixels highlight features in particularimages that in some cases
are similar to those used to train humans to identify these species. Further, we used mutual information
methods to identify the neurons in the final convolution layer that consistently respond most strongly
across a set of images of one particular species. We then interpret the features in the image where the
strongest responses occur, and present dataset biases that were revealed by these extracted features.
We also used hierarchical clustering of feature vectors (i.e., the state of the final fully-connected layer
in the CNN) associated with each image to produce a visual similarity dendrogram of identified species.
Finally, we evaluated the relative unfamiliarity of images that were not part of the training set when
these images were one of the 20 species “*known” to our CNN in contrast to images of the species that
were “unknown” to our CNN.

Collecting animal imagery data with motion sensitive cameras is a minimally invasive approach to obtaining
relative densities and estimating population trends in animals over time"?. It enables researchers to study their
subjects remotely by counting animals from the collected images®. However, due to their complexity, images are
not readily analyzable in their raw form and relevant information must be visually extracted. Therefore, human
labor is currently the primary means to recognize and count animals in images. This bottleneck impedes the
progress of ecological studies that involve image processing. For example, in the Snapshot Serengeti camera-trap
project, it took years for experts and citizen scientists to manually label millions of images*.

Deep-learning methods® have revolutionized our ability to train digital computers to recognize all kinds of
objects from imagery data including faces®” and wildlife species*®® (see Appendix 1 for more background infor-
mation). It may significantly increase the efficiency of associated ecological studies*!°. In our quest to demys-
tify the method and increase the capabilities of machines to communicate with humans, it would be useful to
have machines articulate the features they employ to identify objects!'2. This articulation would not only allow
machines to converse more intelligently with humans, but may also allow machines to reveal weakness of the
methods, dataset biases, and cues that humans are currently not using for object identification, which could then
make humans more effective at such identification tasks. Before we can do this, however, we must identify the
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human-coherent, visual features used by machines to classify objects. To the best of our knowledge, none of the
few existing studies that use deep learning for animal classification concentrate on this issue. As such, they lack
the necessary transparency for effective implementation and reproducibility of deep learning methods in wildlife
ecology and conservation biology.

To identify such features in the context of classification of wildlife from camera trap data, we trained a
Convolutional Neural Network (CNN)*!* using a deep learning algorithm (VGG-16, as described elsewhere'
and in Appendix 4) on a fully annotated dataset from Gorongosa National Park, Mozambique (Appendix 2) that
has not previously been subjected to machine learning. For purposes of comparison, we repeated the training
using a ResNet-50 CNN architecture, as discussed in Appendix 5. After training, we interrogated our network
to better understand the features it used to make identifications by deconstructing the features on the following
three aspects of our implementation: (1) localized visual feature, (2) common intraspecific visual features, and (3)
interspecific visual similarities (Fig. 3 in Appendix 4).

We used Guided Grad-CAM (GG-CAM) methods-a combination of Guided Back-propagation (GBP)"*
and gradient-weighted class activation mapping (Grad-CAM)'¢)-on the last convolutional layer of our trained
network to extract localized visual features of single images. By inspecting the results, we could obtain indi-
rect reasons of the CNN classifications. Next, we used the Mutual Information (MI) method'”!® to generalize
within-species features as an extension of the localized visual feature of single images. These generalized features
revealed inner biases of the dataset. Then, we used hierarchical clustering19 on the CNN feature vectors to further
inspect the visual similarities between animals species learned by the CNN. We found that the relative visual sim-
ilarities emerged during training process were similar to human knowledge. We also measured the relative famil-
iarity of both “known” and “unknown” animals species to the CNN. The results implied that visual similarities
could be used to identify visually distinct “unknown” animal species. Finally we conducted a relatively informal
experiment that compared extracted features with visual descriptors used by human classifiers to identify species
in our image sets of corresponding animal species. We found that, to some extent, the features used by the CNN
to identify animals were similar to those used by the human. In the Discussion section, we provide a brief exam-
ple of how interpretations of CNNs can help to understand the causes of misclassification and to make potential
improvements of the method.

Methods and Results

Model training and localized feature visualization. Before interpreting a CNN, we firstly trained a
VGG-16'" and later a ResNet-50?° (Appendix 5) on a fully annotated dataset from Gorongosa National Park,
Mozambique (Appendix 2). To increase the convergence fidelity of our learning algorithm in extracting spe-
cies-specific visual features, we confined our training images to only the 20 most abundant species (ranging from
473 images of hartebeest to 28,008 images of baboons, Fig. 1 in Appendix 2). Adding some of the rarer species
would have degraded the overall performance of the network because the network has fewer images to use in
generalizing species-specific visual features? (see Appendix 3 for more details).

Under this somewhat ad-hoc constraint on the number of species, after pruning out all images not containing
the 20 most abundant species, we split the remaining 111,467 images at random into training (85% of images),
validation (5% of images; for tuning hyperparameters listed in Table 1 in Appendix 3), and testing (10% of images;
for evaluating accuracy) subsets. We used a deep learning algorithm (VGG-16)'* (see Appendix 3 for implemen-
tation details), which we then evaluated for accuracy once trained (Fig. 2 in Appendix 3; overall accuracy was
87.5%, and average accuracy across the 20 species was 83.0%, ranging from a high of 95.2% for civet to 54.3% for
Reedbuck).

Then, we used GG-CAM methods, which combines the output from GBP'® and Grad-CAM'®, on the last
convolutional layer of our trained network, where feature localization occurs (see Appendix 4). We note that
Grad-CAM captures the most discriminative image patch, GPB captures visual features both within and outside
of the focal Grad-CAM patch, and GG-CAM captures the features most salient to the actual discrimination
process (Fig. 1). When making correct classification, the CNN could extract species-specific features from the
input images, such as the white spots and the white stripes of the Nyala in Fig. 1. We then inspected the GG-CAM
images produced by our CNN relative to the original images in order to assess what sort of localized visual dis-
criminative features were being extracted from the original images (Fig. 5); in this manner, we obtained informa-
tion on the inner mechanism of deep learning classification?>%,

Common within-species features. Next, we used the Mutual Information (MI) method'”'® to extend the
features of single images to within-species features of each animal species. We calculated the MI scores for each
of the neurons in the last convolutional layer of our CNN to indicate their importance to all images of one of the
selected species (Appendix 4). In short, for each of these neurons, we obtained 20 species-specific MI scores from
6000 randomly selected training images (300 images of each species). For each species, we identified the five neu-
rons in the last convolutional layer that produced the five highest scores. We then identified the top nine “hottest”
60 x 60 pixel patch (within-species features) to which each of these top five neurons responded in each image (e.g,
Fig. 2 in Appendix 5). These features generalize across all images within the same species, as illustrated in Fig. 9
in Appendix 5. Most results are associated with distinguishable visual features of the animals, for example, black
spots on civets, an elephant trunk, quills on porcupines, and white stripes on nyala.

However, visual similarities of animal species are not the only information our CNN uses to identify spe-
cies. CNNs also use information such as the presence of trees in the background to identify species frequenting
woodlands, especially when most of the images are from similar environments or the same camera-trap locals
(e.g., image patches of the top1 neurons of wildebeest and porcupine in Fig. 9 in Appendix 5). These information
reflects the inner bias of the dataset. For example, when most of the images of a class were taken from simi-
lar camera locals (i.e. backgrounds of the images could be similar), CNNs do not have to learn species-specific
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Figure 1. Comparison between Grad-CAM, GBP, and GG-CAM. Once trained, any image (leftmost panel) can
be overlaid with its Grad-CAM heat map (left center panel) to identify the region of ‘most interest’ to the CNN
(see Appendix 4). Similarly, the corresponding feature map (center right panel), produced using Guided Back-
propagation (GBP), (which, as described in Appendix 4, identifies the most important visual features to our
CNN) can be weighted by the Grad-CAM heat map to produce the guided Grad-CAM (GG-CAM) image seen
in the rightmost panel. Note that in this Nyala image, GBP is less discriminative than GG-CAM: both highlight
the stripes of the Nyala, whereas GPB includes non-species-discriminative tree branches and legs.
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Figure 2. Image patches that respond most strongly to the five neurons with the highest MI scores of porcupine
and reedbuck. The leftmost set of nine 60 x 60-pixel patches are extracted from nine camera-trap images that
include a species of interest and have the highest responses to the corresponding neuron. In each of the nine
cases, the extracted patches are centered around the “hottest” pixel (i.e., highest response) of the neuron (in the
last convolutional layer of our CNN) that have the highest MI score (Appendix 4) for the said species class. The
MI scores are calculated using 6000 randomly selected training images (300 images per class). The remaining
four sets of nine patches are equivalently extracted for the neurons with the next four highest MI scores. These
patches provide a sense of the within-species features to which the neuron in question responds. The higher

the class accuracy, the more closely correlated these image patches are for the species of interest. For example,

in the relatively accurately identified porcupine set (89.2% accuracy), the first neuron (Top 1, of the upper set)
responds to palm plants that appear in most of the training images that also contain porcupines. The second
neuron (Top 2) responds to the quills, while the third neuron (Top 3) responds most strongly to bodies with
faces. On the other hand, in a much less accurately identified reedbuck set, the first neuron (Top 1, of the

lower set) appears to respond to branch-like structures, including tree limbs and horns, but the patterns are

less consistent than for the porcupine. Note that some sets of patches are primarily backgrounds (e.g., Top 1
upper set and Top 4 lower set), from which we can infer that our CNN learns to associate certain backgrounds
with particular species. Such associations, however, only arise because particular cameras produce common
backgrounds for all their images, thereby setting up a potential for a camera-background/species correlation
that can well disappear if additional cameras are used to capture images. Similar sets of images are illustrated for
other species in Fig. 9, Appendix 5.
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Figure 3. Visual similarity tree for our trained CNN. The similarity tree is based on hierarchical clustering of
the response of the last fully-connected layer in our trained CNN to 6000 randomly selected training images

of particular species (i.e., feature vectors of the images). The leaves represent feature vector centroids of 300
training images of each species, and their relative positions in the tree indicate the Euclidean distances between
these centroids in the feature space. In the similarity tree, the more similar the response of this layer to two
species, the more tightly coupled they are in the tree. Green, purple, and brown branches correspond to three
primary clusters that appear to be a small to medium-sized antelope cluster, an animals-with-prominent-tail or
big-ears cluster (though baboons seem to be an outlier in this group), and a relatively large body-to-appendages
group (with waterbuck the outlier in this group). When the feature vectors of unkown animal species are placed
in the tree (e.g., the red branch of lion), sometimes they can differ greatly from those of the known species.

features during training, and the generality of the CNN can be largely degraded®*. Reedbuck in Fig. 2 is another
good example. Image patches of the Top 4 neuron are mostly the same. This is because that a large amount of the
reedbuck images were taken by the same camera, which produced common backgrounds. Enhancing CNN’s abil-
ity to focus more on target objects/animals is a future direction to improve the generality of animal classification.

Interspecific visual similarities. We generated a visual similarity dendrogram for all species by applying
hierarchical clustering'® to the CNN feature vectors of 6000 randomly selected training images, i.e., the out-
puts of the last fully-connected layer (which is of dimension 4096 in Euclidean space) of our trained CNN (see
Appendix 4). This dendrogram (Fig. 3) is an abstract representation of how images of species are separated in
the feature vector space. It also provides a means for quantifying how visually similar the 20 animal species are
to our trained CNN. Similar animals are measurably closer together than those that are visually distinct (e.g.,
striped versus spotted; long-tailed versus no-tail), irrespective of their phylogenetic distance. Thus, though most
of the antelopes are grouped together (from sable to reedbuck), the large bull-like herbivores (wildebeest and buf-
falo) and pig-like mammals (warthog, porcupine, and bushpig) are also grouped together even though they may
belong to different families or orders (Fig. 3). A well-learned feature vector space can also help identify images
that differ in some way from those on which the CNN has been trained**.

To measure the relative unfamiliarity of both known and unknown species to the CNN, we incorporated the
10 excluded rarer animal species into the testing data, and then implemented a 10-round random selection as
follows. In each round, we randomly selected 20 testing images of the 30 animal species and then calculated the
Euclidean distances of their feature vectors to the 20 feature-space centroids that were used to construct the den-
drogram. The relative unfamiliarity of each class was calculated as the mean distance of the 20 testing images to
their closest species feature-space centroids across the 10-round random selection (Fig. 4, also see Appendix 4).
The intuition is that the more familiar the species were to the network the closer the average distances would be to
one of the 20 feature-space centroids of training data. The known species had relative unfamiliarity values ranging
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Figure 4. Relative unfamiliarity of 30 species (including 10 unknown species) to the CNN. Twenty species
were used to train the CNN (known species-see Fig. 3) and then ten additional species (unknown species) were
tested to see how their average feature vectors (averaged across 20 different exemplar photographs for each
species—see text for details) fell within the feature vector space. Seven of the 10 unknown species had average
feature vectors yielding a relative unfamiliarity value above our nominal“unfamiliarty threshold,” defined as the
known species having the highest relative unfamiliarity value.

from 0.95 to just over 1.1, with elephant being the largest at 1.14. We set this elephant value to be our nominal
unfamiliarity threshold and found that seven of the 10 species fell above it (i.e., were less familiar to our trained
CNN than any of the “known” species; viz., pangolin, honey badger, serval, bushbaby, rodent, ground hornbill,
and lion) while three of the “unknown” species (viz., samango monkey, ardvark, and eland) appear to share fea-
tures with the 20 known species (e.g., monkeyness: samango unknown and vervet known; antelopeness: eland
unknown, hartebeest, wildebeest and sable known)*.

Features most salient to our team and trained observers. We conducted a relatively informal assess-

ment of similarities and differences in the features extracted by GG-CAM to those most salient to some of our

team, as described in Appendix 2 and Table 5 in Appendix 6. We did this by calculating the Dice similarity coef-

ficient (DSC) for each species (see Appendix 4). The similarity mapping was agreed upon by at least two of four

authors (ZM, KMG, ZL and MSN) who scored nine randomly selected images for each species. To some extent,

the trained CNN uses features similar to those used by individuals trained to identify most of the animal species

in our images (as presented in Fig. 8 in Appendix 5, where the mean DSC across species was 0.69 with standard
deviation: 0.13). Figure 5-Baboon shows that our CNN uses faces and tails to identify Baboon images. Both of
the two features have counterparts (similar focusing areas) in Table 5-Baboon in Appendix 6. In Fig. 5-Impala,
besides the black streaks on the back ends, the line separating the colors of the upper body from the white under-
belly and S-shaped horns, the CNN also appears to consider the black spots between the rear legs and bellies of
impala as a discriminative feature. This feature, although not included in the most-used descriptors, is a good
example of a discriminatory feature traditionally overlooked by us but now identified by our CNN as salient for
use in future identifications. A more challenging example of Reedbuck can be found in Appendix 5.

Comparison with ResNet-50. To demonstrate the generalization of our observations, we also conducted
comparison experiments using ResNet-50%, an algorithm with more layers, but fewer parameters than VGG-
16 (see Appendix 5). In general, both of these two algorithms yielded similar results. For example, ResNet-50
extracted similar localized visual features to VGG-16 (e.g., tails and snouts of baboon and black spots and stripes
of impala; Fig. 4, Appendix 5). It also appeared to extract similar within-species features of porcupines (e.g. quills,
palm trees, and porcupine faces; Fig. 5-Porcupine, Appendix 5), although the hierarchical clustering results were
somewhat different when comparing the two methods (Fig. 6, Appendix 5). As with VGG-16, ResNet-50 clus-
tered most of the antelope animals together, but ResNet-50 had slightly better testing accuracy than VGG-16
(Table 4 in Appendix 5) and was more sensitive to edges when extracting localized visual features from individual
images (Fig. 4, Appendix 5). When class accuracy is relatively low (e.g. reedbuck), ResNet-50 tended to extract
more random within-species features (Fig. 5-Reedbuck, Appendix 5).
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1. Tail curving upward at base

2. Long, dark snout

Only human
3. primate body type

Baboon (DSC: 0.80)

Both human and machine
1. Tri-colored body

2. Black streaks on the rear

3. S-shaped horns of males

Only machine

4. black spots between rear leg
and underbelly

Impala (DSC: 0.86)

* Boxes in the figure are indicators of
extracted features.

Figure 5. GG-CAM generated localized discriminative visual features of randomly selected images of baboon
and impala. For classifying baboons, the CNN focuses on faces and tails. For impalas, the CNN uses the contrast
between the white underbelly and dark back, black streaks on the rear, and black spots between the rear legs and
underbelly. Most of the features extracted by the CNN have counterparts (similar focal visual components) in
the human visual descriptors (indicated by the colors and agreed upon by at least 2 of 4 authors). The similarity
is calculated as the DSC between extracted features and corresponding human descriptors (further detail in Fig.
8, Appendix 5).

Discussion

Understanding the mechanisms of deep learning classifications of camera-trap images can help ecologists deter-
mine the possible reasons for misclassification and develop intuitions about deep learning, which is necessary
for method refinement and further implementation. For example, Fig. 2 in Appendix 3 indicates that reedbuck is
the least accurately classified species by the CNN. The confusion matrix?® of testing results (Table 3, Appendix 3)
reveals that many reedbuck images are classified as oribi (8%), impala (12%), and bushbuck (12%). Figure 3 shows
that reedbuck is close to oribi, impala, and bushbuck in the feature vector space learned by the CNN, which partly
explains misclassification. Further, by examining the localized visual features of the misclassified images, we
can gain a clearer sense of the reasons for misclassification. Figure 6 depicts examples of misclassified reedbuck
images. Although the CNN can locate the animals in most of the images, it is challenging for the CNN to classify
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Figure 6. Examples of reedbuck images that are misclassified as oribi, impala, and bushbuck, with
corresponding localized discriminative visual features. Although the CNN can locate animals in most images,
it is hard for the machine to find distinct features from: (1) images with animals that are far away in the scene;
(2) over-exposed images; (3) images that capture only parts of the animal; and (4) images with multiple

animal species. In many of these cases, the other species are indeed present in the scenes, and are often in the
foreground. This problem is an artifact of the current labeling process and remains to be resolved in the future.
For example, the animal in the leftmost image on the second row that is classified as impala is an impala. The
CNN correctly classifies this image based on the animal. However, this image was also labeled as reedbuck
because the extremely small black spots far in the background are reedbuck. When two species appear in the
same scene, the same image is saved twice in the dataset with different labels corresponding to different species
in the scene. This labeling protocol can confuse the CNN and remains a problem that must to be resolved in the
future.

the images correctly when the distinct features of the species are obscured or multiple species are in the same
scenes.

Conclusion

Deep learning has become a core component of data science and fields using big data. Ecology has been no
exception, with its shift towards the machine learning methods in ecoinformatics®~?, including problems in con-
servation biology®!, as well as the merging of data analytics with the scientific method®2. This shift requires that
new methods, including models from machine learning and artificial intelligence, are accessible and usable by
ecologists®. Our paper provides practical steps in model interpretation to help ecologists take advantage of deep
learning as a cutting-edge approach for future research and for overcoming major methodological roadblocks.
The interpretations described in this paper are steps toward a more informed use of deep learning methods.
Future research involving the training of CNNs to identify individuals in ecological studies, whether for purposes
of species classification, conservation biology, sustainability management, or identification of specific individuals
in their own right*** (e.g., in behavioral studies) can follow the methods presented here to identify the sets of fea-
tures being used to classify individuals. This information may then be used in creative ways yet to be imagined to
improve CNN training and, hence, raise the level of performance of CNNs as an aid to analyzing ecological data.

References

1. Lucas, T. C. D., Moorcroft, E. A., Freeman, R., Rowcliffe, J. M. & Jones, K. E. A generalised random encounter model for estimating
animal density with remote sensor data. Methods Ecol. Evol. 6, 500-509, https://doi.org/10.1111/2041-210X.12346 (2015).

2. Rahman, D. A., Gonzalez, G. & Aulagnier, S. Population size, distribution and status of the remote and critically endangered bawean
deer axis kuhlii. Oryx 51, 665-672, https://doi.org/10.1017/S0030605316000429 (2017).

3. Caravaggi, A. et al. A review of camera trapping for conservation behaviour research. Remote. Sens. Ecol. Conserv. 3, 109-122,
https://doi.org/10.1002/rse2.48 (2017).

4. Norouzzadeh, M. S. et al. Automatically identifying, counting, and describing wild animals in camera-trap images with deep learning.
Proc. Natl. Acad. Sci., https://doi.org/10.1073/pnas.1719367115 http://www.pnas.org/content/early/2018/06/04/1719367115.full. pdf
(2018).

5. LeCun, Y., Bengio, Y. & Hinton, G. E. Deep learning. Nature 521, 436-444, https://doi.org/10.1038/nature14539 (2015).

SCIENTIFICREPORTS| (2019) 9:8137 | https://doi.org/10.1038/s41598-019-44565-w 7


https://doi.org/10.1038/s41598-019-44565-w
https://doi.org/10.1111/2041-210X.12346
https://doi.org/10.1017/S0030605316000429
https://doi.org/10.1002/rse2.48
https://doi.org/10.1073/pnas.1719367115
http://www.pnas.org/content/early/2018/06/04/1719367115.full.pdf
https://doi.org/10.1038/nature14539

www.nature.com/scientificreports/

6. Taigman, Y., Yang, M., Ranzato, M. & Wolf, L. DeepFace: Closing the Gap to Human-Level Performance in Face Verification. In 2014
IEEE Conference on Computer Vision and Pattern Recognition, 1701-1708, https://doi.org/10.1109/CVPR.2014.220 (IEEE, 201 4).

7. Liu, Z., Luo, P, Wang, X. & Tang, X. Deep learning face attributes in the wild. In 2015 IEEE International Conference on Computer
Vision, 3730-3738, https://doi.org/10.1109/ICCV.2015.425 (2015).

8. Tabak, M. A. et al. Machine learning to classify animal species in camera trap images: applications in ecology. bioRxiv, https://doi.
org/10.1101/346809 https://www.biorxiv.org/content/early/2018/07/09/346809.full.pdf (2018).

9. Wildchen, J. & Mider, P. Machine learning for image based species identification. Methods Ecol. Evol. 1-10 (2018).

10. Villa, A. G., Salazar, A. & Vargas, F. Towards automatic wild animal monitoring: Identification of animal species in camera-trap
images using very deep convolutional neural networks. Ecol. Informatics 41, 24-32, https://doi.org/10.1016/j.ecoinf.2017.07.004
(2017).

11. Poggio, T. & Anselmi, E. Visual Cortex and Deep Networks: Learning Invariant Representations (MIT Press, 2016).

12. Chattopadhyay, P. et al. Evaluating visual conversational agents via cooperative human-ai games. arXiv:1708.05122 (2017).

13. Lecun, Y, Bottou, L., Bengio, Y. & Haffner, P. Gradient-based learning applied to document recognition. Proc. IEEE 86, 2278-2324,
https://doi.org/10.1109/5.726791 (1998).

14. Simonyan, K. & Zisserman, A. Very deep convolutional networks for large-scale image recognition. arXivpreprint arXiv:1409.1556
(2014).

15. Springenberg, J. T., Dosovitskiy, A., Brox, T. & Riedmiller, M. Striving for simplicity: the all convolutional net. arXivpre print
arXiv:1412.6806 (2014).

16. Selvaraju, R. R. et al. Grad-cam: visual explanations from deep networks via gradient-based localization. 2017 IEEE Int. Conf. on
Comput. Vis. 618-626, https://doi.org/10.1109/ICCV.2017.74 (2017).

17. Battiti, R. Using mutual information for selecting features in supervised neural net learning. IEEE Transactions on Neural Networks
5, 537-550, https://doi.org/10.1109/72.298224 (1994).

18. MacKay, D.J. C. Information Theory, Inference & Learning Algorithms (Cambridge University Press, 2002).

19. Rokach, L. & Maimon, O. Clustering methods. In Data Mining and Knowledge Discovery Handbook, 321-352 (Springer, 2005).

20. He, K., Zhang, X, Ren, S. & Sun, J. Deep residual learning for image recognition. In 2016 IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), 770-778, https://doi.org/10.1109/CVPR.2016.90 (2016).

21. Van Horn, G. & Perona, P. The devil is in the tails: Fine-grained classification in the wild. arXiv preprint arXiv:1709.01450 (2017).

22. Zhou, B., Khosla, A,, Lapedriza, A., Oliva, A. & Torralba, A. Object detectors emerge in deep scene cnns. arXiv preprint
arXiv:1412.6856 (2014).

23. Zhang, Q.-S. & Zhu, S.-C. Visual interpretability for deep learning: a survey. Front. Inf. Technol. & Electron. Eng. 19, 27-39 (2018).

24. Torralba, A. & Efros, A. A. Unbiased look at dataset bias. In CVPR 2011, 1521-1528, https://doi.org/10.1109/CVPR.2011.5995347
(2011).

25. Lake, B. M., Salakhutdinov, R. & Tenenbaum, J. B. Human-level concept learning through probabilistic program induction. Science
350, 1332-1338 (2015).

26. Vinyals, O. et al. Matching networks for one shot learning. In Advances in Neural Information Processing Systems 30, 3630-3638
(2016).

27. Malisiewicz, T. & Efros, A. Beyond categories: The visual memex model for reasoning about object relationships. In Advances in
Neural Information Processing Systems, 1222-1230 (2009).

28. Fawcett, T. An introduction to roc analysis. Pattern Recognit. Lett. 27, 861-874 (2006).

29. Kampichler, C., Wieland, R., Calmé, S., Weissenberger, H. & Arriaga-Weiss, S. Classification in conservation biology: a comparison
of five machine-learning methods. Ecol. Informatics 5, 441-450 (2010).

30. Rangel, T. E & Loyola, R. D. Labeling ecological niche models. Natureza & Conserv. 10, 119-126 (2012).

31. Bland, L. M., Collen, B., Orme, C. D. L. & Bielby, J. Predicting the conservation status of data-deficient species. Conserv. Biol. 29,
250-259 (2015).

32. Kitchin, R. Big data, new epistemologies and paradigm shifts. Big Data & Soc. 1, 1-12 (2014).

33. Crisci, C., Ghattas, B. & Perera, G. A review of supervised machine learning algorithms and their applications to ecological data.
Ecol. Model. 240, 113-122 (2012).

34. Hoque, S., Azhar, M. & Deravi, FE. Zoometrics-biometric identification of wildlife using natural body marks. Int. J. Bio-Science Bio-
Technology 3, 45-53 (2011).

35. Kiihl, H. S. & Burghardt, T. Animal biometrics: quantifying and detecting phenotypic appearance. Trends Ecol. & Evol. 28, 432-441
(2013).

Acknowledgements

Thanks to T. Gu, A. Ke, H. Rosen, A. Wu, C. Jurgensen, E. Lai, M. Levy, and E. Silverberg for annotating the
images used in this study, and to everyone else involved in this project. Data collection was supported by J.
Brashares and through grants to KMG from the NSF-GRFP, the Rufford Foundation, Idea Wild, the Explorers
Club, and the UC Berkeley Center for African Studies. We are grateful for the support of Gorongosa National
Park, especially M. Stalmans in permitting and facilitating this research. Z.M. was funded in part by NSF EEID
Grant 1617982 to W.M.G., R.C.K.B. and R.N,, and was also supported in part by BSF Grant 2015904 to R.N. and
W.M.G. Thanks to Z. Beba, T. Easter, P. Hammond, Z. Melvin, L. Reiswig, and N. Schramm for participating in
the feature survey.

Author Contributions

This study was conceived by Z.M., JJW,, Z.L., KM.G., A.M. and O.M. Code was written by Z.M. and ].W. and the
computations were undertaken by Z.M. with help from J.W.,, Z.L. and S.X.Y. The main text was drafted by Z.M.
and W.M.G. with contributions, editing and comments from all authors, particularly R.N. and R.C.K.B. The
appendicies were primarily written by Z.M., JW., Z.L. and KM.G. K.M.G. collected all data, oversaw annotation,
and conducted the survey. Z.M. created all figures and tables in consultation with WM.G., Z.L. and S.X.Y.

Additional Information
Supplementary information accompanies this paper at https://doi.org/10.1038/s41598-019-44565-w.

Competing Interests: The authors declare no competing interests.

Publisher’s note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

SCIENTIFICREPORTS| (2019) 9:8137 | https://doi.org/10.1038/s41598-019-44565-w 8


https://doi.org/10.1038/s41598-019-44565-w
https://doi.org/10.1109/CVPR.2014.220
https://doi.org/10.1109/ICCV.2015.425
https://doi.org/10.1101/346809
https://doi.org/10.1101/346809
https://www.biorxiv.org/content/early/2018/07/09/346809.full.pdf
https://doi.org/10.1016/j.ecoinf.2017.07.004
https://doi.org/10.1109/5.726791
https://doi.org/10.1109/ICCV.2017.74
https://doi.org/10.1109/72.298224
https://doi.org/10.1109/CVPR.2016.90
https://doi.org/10.1109/CVPR.2011.5995347
https://doi.org/10.1038/s41598-019-44565-w

www.nature.com/scientificreports/

Open Access This article is licensed under a Creative Commons Attribution 4.0 International
CE | jcense, which permits use, sharing, adaptation, distribution and reproduction in any medium or

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2019

SCIENTIFIC REPORTS |

(2019) 9:8137 | https://doi.org/10.1038/s41598-019-44565-w 9


https://doi.org/10.1038/s41598-019-44565-w
http://creativecommons.org/licenses/by/4.0/

	Insights and approaches using deep learning to classify wildlife

	Methods and Results

	Model training and localized feature visualization. 
	Common within-species features. 
	Interspecific visual similarities. 
	Features most salient to our team and trained observers. 
	Comparison with ResNet-50. 

	Discussion

	Conclusion

	Acknowledgements

	Figure 1 Comparison between Grad-CAM, GBP, and GG-CAM.
	Figure 2 Image patches that respond most strongly to the five neurons with the highest MI scores of porcupine and reedbuck.
	Figure 3 Visual similarity tree for our trained CNN.
	Figure 4 Relative unfamiliarity of 30 species (including 10 unknown species) to the CNN.
	Figure 5 GG-CAM generated localized discriminative visual features of randomly selected images of baboon and impala.
	Figure 6 Examples of reedbuck images that are misclassified as oribi, impala, and bushbuck, with corresponding localized discriminative visual features.




