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Abstract: Analyzing camera trap images is a challenging task due to complex scene structures at
different locations, heavy occlusions, and varying sizes of animals. One particular problem is the large
fraction of images only showing background scenes, which are recorded when a motion detector gets
triggered by signals other than animal movements. To identify these background images automatically,
an active learning approach is used to train binary classifiers with small amounts of labeled data,
keeping the annotation effort of humans minimal. By training classifiers for single sites or small sets of
camera traps, we follow a region-based approach and particularly focus on distinct models for daytime
and nighttime images. Our approach is evaluated on camera trap images from the Bavarian Forest
National Park. Comparable or even superior performances to publicly available detectors trained with
millions of labeled images are achieved while requiring significantly smaller amounts of annotated
training images.
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1 Introduction

The world experiences an accelerated loss of biodiversity that is unprecedented in the history
of life [Ce15]. The major drivers of this development are habitat loss, direct persecution,
climatic change, and invasive species. Therefore, the monitoring of animal populations
is crucial as an early warning system and for evaluating the success of conservation
measures [Se19]. Thus, national parks have installed networks of camera traps to observe
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animals like deer, roe deer, and wild boars but also smaller ones like hares and squirrels
to document their appearance. This leads to thousands of images already taken in a short
period, which are currently often analyzed and annotated by experts manually. Thus, an
automatic species classification system would greatly enhance subsequent studies on varying
animal appearances.

Furthermore, many images from camera traps do not even contain an animal but only show
the background scene instead. This is often due to rapidly changing lighting or weather
conditions, as well as moving plants like grasses or branches of trees caused by wind.
Hence, it is not only a tedious task for humans to perform the species identification but
also cumbersome to identify and filter out those background images. Our work, therefore,
focuses on the automatic separation of images with and without animals to spare experts
to go through uninformative data. In addition, this binary classification task serves as
preprocessing step for an automatic species classification that can be applied afterwards,
since the classifier does not have to recognize images showing background only anymore
and can focus on the details to distinguish different animals.

To keep the manual labeling effort minimal, the task of automatically identifying background
images from camera traps is tackled with an active learning approach. Starting the learning
process with an initial model only trained with a small labeled training dataset, an active
learning strategy automatically selects additional images that shall improve the recognition
performance when annotated and incorporated in the learning process of the classifier.
The aim is that only the most informative examples are chosen such that few additional
annotations lead to the most significant performance gains compared to the initial model. In
this work, we use the EMOC approach [FRD14] as a selection criterion in the active learning
process because it has already proven to be effective in related monitoring tasks [Kä16a].

For evaluation, our approach is applied to image data from the Bavarian Forest National Park
in Germany11. Our experiments reveal that region-specific classification models learned with
only a few annotated images have the potential to outperform existing models for detecting
wildlife in camera trap images, which are trained with millions of annotated images, such as
the MegaDetector [BMY19] or the approach of Tabak et al. [Ta19]. Furthermore, we argue
that learning separate classifiers for daytime and nighttime images is beneficial because
individual models can then focus on the actual classification task compared to a single
model handling both scenarios internally.

2 Related Work

Many approaches are used to automatically analyze images from camera traps, mostly
adopting deep learning models for tasks like species identification and counting [VSV17,
No18, Sc20, SMF20, Ta19]. Some work specifically focuses on the effect of varying sizes

11 https://www.nationalpark-bayerischer-wald.bayern.de/english/index.htm
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of the training dataset on the final species identification accuracy and showed that there is a
logarithmic relationship between the number of training samples and the performance of the
classifier [SMF20, Ta19]. Furthermore, the problem of class imbalance in the training data
is specifically investigated with very deep network architectures [VSV17], and solutions
based on transfer learning have been proposed [Wi19]. Interestingly, the authors of [Wi19]
also applied their model in a live online citizen science project.

An important aspect of species identification systems is their generalization to new locations.
Several studies found that most common approaches struggle when applied in previously
unseen environments leading to poor performance due to the domain shift [BVHP18, Sc20].
This supports the idea of learning new, region-specific models for detection, thereby only
requesting a few annotations with an active learning strategy.

As mentioned previously, we focus on the distinction between images with and without
animals. This task has been tackled by [No18] with a binary classifier as well, using
thousands of annotated example images. Only recently, filtering background images from
camera traps in embedded systems has been proposed [Cu21]. In their study, the authors
found that the performance largely depends on the number of available images for training
and that neural network models with higher input resolution perform better. In contrast, our
approach keeps the annotation effort minimal and uses as few labeled data as possible.

Active learning for animal detection has been previously applied [Ke19], but for drone
images rather than camera trap images. However, they also propose a web-based annotation
tool called AIDE that requests feedback from experts following the human-in-the-loop
concept to improve a species classifier over time [KTM20]. While they use active learning
for species identification in drone images, we use active learning to improve the detection
of animals in camera trap images with various backgrounds and conditions.

A popular approach for analyzing camera trap images is the MegaDetector [BMY19] that
has been trained on millions of example images from camera traps in North America and
East Africa using the standard Faster R-CNN [Re15] as a deep object detection model. This
generic detector is trained for three scenarios, i.e., it can localize animals, humans, and
vehicles. Background images can be identified when even the highest detection scores for an
image are below a certain threshold. Typically, a species classifier is applied for the detected
animals afterwards. The MegaDetector [BMY19] is used as a baseline in our experiments.

Another detection approach that also allows for identifying background images has been
proposed by Tabak et al. [Ta19]. They also provide a software package called Machine
Learning for Wildlife Image Classification (MLWIC) which is used for comparison to our
methods.
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3 Methods

The aim of this work is to train models that separate background images from images
showing an animal with only a few annotated images, which can be realized using the concept
of active learning. Within the detection task, it needs to be addressed that background
images and images showing an animal are very similar for a single camera trap, while the
numerous backgrounds of all camera traps vary a lot, but they all belong to one common
background class. That is why the task of separating images with and without animals is
tackled by training region-specific models focussing on particular environments containing
only a few backgrounds and perspectives.

In this work, models are trained from scratch using similar data of the region where the
detector will be applied later on. Therefore, Gaussian processes are used instead of deep
classifiers, since Gaussian processes already achieve good performance on very small labeled
datasets, while deep classifiers require large annotated datasets. Furthermore, closed-form
solutions exist for model updates of Gaussian process classifiers that are beneficial when
updating the model during active learning. To also exploit recent advances in deep learning
for creating meaningful image representations, the fixed CNN Inception-v3 [Sz16] with
pre-trained weights from ImageNet [De09] is used as a black box feature extractor.

The Gaussian process framework and the basic idea of active learning are summarized in the
following sections. Also, the sample selection strategy used for active learning is explained,
namely the expected model output change (EMOC) of the Gaussian process classifier.

3.1 Gaussian Processes

The Gaussian process framework offers a probabilistic formulation for both regression
and classification tasks [RW06]. The advantage is that one can directly infer uncertainties
associated with the estimations of the model. These uncertainties have already been proven
to be useful for active learning [Fr12, Ro17] but we will use the EMOC principle together
with Gaussian processes as explained in Sect. 3.3.

The advantage of closed-form solutions for Gaussian process inference can be exploited
when using label regression for classification, a common choice for visual recognition
tasks [Ro17]. In this case, binary classification is achieved by taking the sign of the regression
estimate when using labels H ∈ {−1, 1} for the training data. Typically, labels of # training
samples are collected in a vector y. For the features x of the training images, one computes
pairwise similarities using a kernel function ^ to obtain a kernel matrix Q of size #×# . A
common choice for two feature vectors x and x′ is the Gaussian kernel with hyperparameter
f:

^(x, x′) = exp
(
− ‖x − x

′‖2
2f2

)
(1)
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such that small distances in the feature space lead to high similarity values. For predicting
the class of a test sample x∗, it is necessary to obtain the similarities to the # training
samples with the kernel function in a vector k∗ of length # . This vector is then used to
compute the regression estimate H∗ for x∗ via:

H∗ = :T
∗ (Q − f2= O)−1y (2)

with a regularization term f2= O that adds a small constant f2= to the main diagonal of the
kernel matrix Q. Due to this closed-form solution, efficient updates of the model are possible
with only a few algebraic operations when additional data need to be incorporated.

3.2 Active Learning

Active learning (AL) aims at improving an initial classification model trained with few data
by iteratively updating the model with additional images, which are chosen using a certain
strategy. In every iteration, one image is selected out of a pool of unlabeled images first.
Then, it gets labeled by an expert to afterwards update the model with the additional image.
This process continues until either every image is labeled, or the budget for annotation is
reached. In many applications such as the analysis of camera trap images, a large amount of
unlabeled data exists to choose from. The goal is to only query and annotate the meaningful
images that lead to the most significant improvements of the classifier, which is guided by
the above-mentioned AL strategy.

However, for experimental evaluations, a completely annotated dataset is typically used
to simulate the AL pipeline in a fully automatic manner. Hence, for each image that is
treated as unlabeled, the existing label will not be considered unless the image is selected
by the AL strategy. Then the image label is revealed by an oracle that plays the role of the
human annotator such that the labeled query image can be used to update the model. For the
incorporation of additional labeled samples, we adapt a framework proposed by [Kä16b].

3.3 EMOC for Active Learning

Several strategies exist to choose an unlabeled image for additional annotation that is then
used to update the model. However, this work focuses on the expected model output change
(EMOC) which was already successfully applied for wildlife detection in camera trap
images [Kä16a]. EMOC calculates a score for every image that tells us how much the model
predictions would change if this additional image is used for extending the model.

Given an image represented by its feature vector x′ and a model 5 , the change of the model
output Δ 5 (x′) after updating it with x′ can be calculated with the following formula:

Δ 5 (x′) =
∑
H′∈Y

(
1

|L ∪ U|
∑

x∈L∪U
L( 5 (x), 5 ′(x))

)
?(H′ | 5 (x′)) (3)
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Here, 5 ′ refers to the updated model and the data consist of labeled images L as well as
unlabeled images U. Furthermore, L is a loss function measuring the difference in model
outputs 5 (x) and 5 ′(x) before and after the model update for each image x ∈ L ∪ U. Since
we do not know the label of the selected image x′, we calculate the average loss (term inside
large parentheses) for each possible annotation H′ ∈ Y of x′ and average the results with
weights determined by the likelihood for the label H′ of the image x′.

In each iteration of the model updating process, EMOC needs to be calculated following
Eq. (3) as an AL score for every unlabeled image. The unlabeled sample with the largest
score is then selected for annotation and the model update. In our work, Gaussian process
models are used as explained in Sect. 3.1.

4 Dataset

The methods are applied to camera trap images from the Bavarian Forest National Park,
that were gathered in the years 2018 and 2019 within the project “Neue Wege zu einem
grenzüberschreitenden Rotwildmanagement in Zeiten des Klimawandels”12. The collected
data contains roughly 286,000 images from 100 camera traps, showing forest scenes from
different perspectives day and night. Within the data, 31 native animal species could be
identified by experts. The camera traps were mounted to tree trunks 60 to 70 cm above the
ground and recorded a series of five images each time when motion was detected by its
pyroelectric infrared sensor. However, these are still individual images taken with some
seconds in between, so the camera traps did not provide continuous video clips which would
have allowed for better integration of temporal context. Hence, we focus on processing
the single images independently. Besides animals, there are sometimes also humans in the
images, and sometimes images of one camera trap may show different forest scenes because
of location changes during the operation time period.

Visibility of Animals Occlusions by vegetation, poor lighting conditions, and the distance
between a camera trap and the animal mainly affect the visibility of animals in camera
trap images. Sometimes, only an animal’s head or leg can be seen especially if it enters
the camera’s field of view at the moment the image is taken. Various perspectives and
backgrounds complicate the task of detecting animals in those images additionally. The
animals that shall be detected vary strongly in size, ranging from larger animals like deer to
smaller animals such as hares. Example images are shown in Fig. 1 which also demonstrate,
that the detection can be challenging for humans as well.

Label Noise The dataset was labeled by experts with the intention to count the number of
animals and define their species. As mentioned above, the camera traps took a sequence

12 https://www.nationalpark-bayerischer-wald.bayern.de/forschung/projekte/rotwildprojekt.htm
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Fig. 1: Appearing animals in camera trap images from the Bavarian Forest National Park. Already for
humans, the separation of images with and without animals can be a difficult task in several situations.

of five images in a short time interval when detecting motion. Thus, the same animal(s)
can be seen during a sequence and therefore the sequence needed only one annotation.
Unfortunately, this label cannot be mapped to all five frames, since an animal often does
not appear in the last frames anymore, leading to wrong annotations. Instead, the label
is assigned to the first frame only, which reduces the dataset to about 20% of all images.
Thereby, it is not guaranteed that this assignment is always correct, which explains the label
noise within the data. This is why the following results need to be interpreted with caution.

Note that the following labeling is used: an image without animals is treated as a background
image, including those showing humans only. This may challenge the classifier later on
since all living animals belong to one class but humans need to be explicitly recognized to
combine them in a class with background scene images.

Class Imbalance The ratio between images with and without animals is quite unbalanced
since 68.6% of the images in the dataset do not contain an animal. The imbalance between
the two classes also appears in most of the single camera trap subsets. Therefore, balanced
test sets are used for evaluation, i.e., they contain the same number of testing images for
each class. Of course, the class imbalance is also reflected in the set of images that the AL
approach uses for drawing queries, but a reasonable selection strategy might be able to also
choose selective images from the underrepresented class.

5 Experiments

For the task of separating images with and without animals, the performance of general
detectors is compared with the performance of our models, which use active learning (AL)
to minimize human annotation efforts. The main idea is to train one detector for a single
camera trap or for a small subset of camera traps following a region-specific approach,
which focuses on the corresponding scene conditions. Thereby, the number of different
backgrounds is heavily reduced for a single subset, such that a model does not need to
handle many backgrounds and can therefore focus on the small differences between images
with and without animals. Nevertheless, the appearance of a camera trap’s background still
varies regarding weather and lighting conditions, as well as for different seasons.
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In Sect. 5.3, experiments show that active learning with EMOC leads to competitive
performance on the given task and dataset. Afterwards, those models are compared to the
MegaDetector [BMY19] and the MLWIC package [Ta19] in Sect. 5.3. In Sect. 5.4 the
focus lies on camera trap stations, for which these existing tools perform poorly, and it is
shown that the AL approach can achieve better separations for these special cases due to
well-calibrated models with a very small amount of image annotations. The dataset split
for evaluating the different methods is outlined in Sect. 5.1, and the experimental setup is
described in Sect. 5.1.

5.1 Dataset Preparation for Performance Comparisons

All experiments are conducted on the dataset from the Bavarian Forest National Park. As
mentioned before regarding the region-specific approach, the dataset is split into small
subsets, as described in Sect. 5.1.1. It also needs to be considered that each camera trap
recorded a different number of images, and different ratios of class imbalance exist among
the different stations, which is described in Sect. 4. In order to allow for an unbiased
comparison of different approaches with respect to the class imbalance, balanced test sets
of a certain size are defined in Sect. 5.1.2. Finally, camera traps that took only very few
images have to be treated differently (see Sect. 5.1.3).

5.1.1 Separating Day and Night

First, the dataset is split into 100 subsets, each belonging to a single camera trap, since this
work focuses on the region-specific approach. In addition, each of the subsets is separated
into colored images taken during the day and grayscale images mostly taken at night, where
flash is used to illuminate the scenes. The automatic separation of colored and grayscale
images is easy since the corresponding color channels have characteristic values. Thus,
one daytime subset and one nighttime subset are obtained for each camera trap, containing
images that are illuminated either naturally or artificially by the flash. To now observe the
effect of this separation on the model performance, the results for two approaches will
be compared: one approach treats the daytime and nighttime subsets of a camera trap
independently and two separate models are trained (dt-model and nt-model), while the other
approach ignores the split and one model is trained for both daytime and nighttime images
(d&nt-model). Given this distinction, a comparable setup with respect to the test sets needs
to be created for the three scenarios (dt, nt, d&nt).

5.1.2 Uniform Data Splits for Balanced Test Sets

To define a uniform and consistent rule for choosing test and training data for each of the three
scenarios (dt, nt, and d&nt), the variety within the numerous stations needs to be considered.
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Therefore, a balanced test set for each subset is created, i.e., every test set contains the same
number of images with and without animals to avoid a class imbalance in the test set. This
prevents misleading accuracy values that are based on a good accuracy for the prevalent
class in the data set but rather neglect the performance for the less representative one.

dt- and nt-Models After splitting the data for each camera trap into subsets for day and
night, the size of the subsets ranges from only 7 images up to 3,428. Especially the class
imbalance, i.e., the ratio of the two classes, differs between 97:4 to 44:42 and 6:2,291.
To find general solutions for a balanced test set in each experiment, the focus is on the
underrepresented class with 1 images. Per class, = = 5 ;>>A (1/3) images are randomly
chosen for testing, but at least five if available. For the initial training, only three images are
randomly chosen per class. All remaining data serve as a pool for the AL query process.

d&nt-Models To ensure the comparability between a d&nt-model and its associated dt-
and nt-model, the test set of the two models are merged for each station. Since their test sets
are class-balanced, the test set for each d&nt-model also contains as many images with as
without animals. The same is done with images that were chosen for the initial training and
therefore six images per class images are used for the initial model for d&nt-models.

In general, it is also important to consider whether enough images are available to allow
for a proper learning setup. Especially stations with only a few images either during day
or night are problematic. Therefore, image subsets are merged, if they do not provide a
reasonable amount of images, as described in the following section.

5.1.3 Merging Small Subsets

In the following experiments, the goal is to train a detector with only 156 train images for
each subset. When splitting the subsets into their training set and test set, it turns out that 72
out of 100 dt-subsets, as well as 72 out of 100 nt-subsets, and 43 of 100 d&nt-subsets do
not contain 156 images for training. Within each scenario those subsets having not enough
images are merged, to generate a setup that can be applied to all experiments in Sect. 5.2.
The new subgroups are created by randomly combining too small subsets until their training
set includes at least 156 images.

As a result, 100 dt-subsets are merged to 48 dt-subsets, 100 nt-subsets are merged to 49
nt-subsets and 100 d&nt-subsets are merged to 73 d&nt-models. In each merging process,
also the test sets are merged to a new one, instead of generating a new test set. Hence,
the test sets of all d&nt-models still contain exactly the images of the test sets from the
dt-models and nt-models, since the merging did not affect the test image selection. Note
that models based on merged subsets need to handle more perspectives and are therefore
more general, but training them is also more challenging.
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5.2 Experimental Setup

After generating consistent subsets, the experimental setup can be applied to each subset
within each scenario as described in the following. In every experiment, the model
performance is analyzed regarding the initial accuracy, the random baseline, active learning
with EMOC, and training with all available data. The initial accuracy results by training
the model for the first time with only three images per class for dt- and nt-subsets and six
images per class for d&nt-subsets, respectively. Afterwards, the AL process is simulated
by querying 150 single images from the remaining subset iteratively and updating the
model with the queried images. Choosing these images only randomly leads to a random
baseline. This is compared to our AL strategy with the EMOC sample selection criterion.
All experiments are repeated ten times, changing the images for the initial training randomly
in each run. For comparison, another model does not only use 150 additional images for
training but all data of the corresponding subset except the test set. Its performance reflects
the possible enhancement using more data, and also indicates the influence of label noise
and class imbalance on the training process.

Both the random selection and the selection made by EMOC generate an updated model in
every querying step, which can be evaluated regarding its performance and saved afterwards.
Thus, it may be possible to achieve higher accuracies with a model that was trained with
fewer queried images. The main reason is the limited number of images per class in the
pool of unlabeled images from which EMOC selects the queries. If there are only images
of one class left after a certain amount of queries, then EMOC is also only able to select
further images from the remaining class. This leads to an increasing class imbalance for
the training set of the classification model. In the evaluation, the highest accuracy achieved
during the AL process is therefore also reported in order to demonstrate the capacity of the
approach. Automatically determining an optimal number of queries is an unsolved problem
so far and needs further investigation.

For comparison, the MegaDetector [BMY19] and the MLWIC package [Ta19] are evaluated
on the same test sets as the models of the AL approach. Thus, all results are affected by the
label noise discussed in Sect. 4.

5.3 Overall Performance

The evaluation of the numerous models can be handled by inspecting single models regarding
their overall classification accuracy, i.e., the number of correctly classified images divided
by the number of all images in the test set. However, since every subset has individual
parameters like the number of possible training images for the learning process or the ratio
between the two classes, it is statistically more interesting to observe the performance on
the whole dataset in the first place. This will be done for all models within the scenarios
day, night, and day&night. Since the test sets of d&nt-models consist of the test sets of
dt-models and the test sets of nt-models, the comparability of the accuracies is given.
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Our active learning approach Baselines methods
Highest accuracy Final accuracy MegaDetector MLWIC

InitAcc Random EMOC Random EMOC TrainAll [BMY19] [Ta19]

Only daytime images, 67.32% 84.62% 85.53% 79.62% 81.24% 81.76% 82.61% 67.84%
dt-models ±1.44% ±0.42% ±0.47% ±0.34% ±0.43%
Only nighttime images, 65.25% 81.00% 81.46% 75.94% 77.01% 76.63% 78.15% 61.16%
nt-models ±1.37% ±0.42% ±0.43% ±0.47% ±0.59%

All test images, 66.25% 82.75% 83.43% 77.72% 79.06% 79.11% 80.31% 64.39%
dt-models + nt-models ±0.66% ±0.23% ±0.33% ±0.18% ±0.33%
All test images, 66.95% 80.76% 81.50% 76.03% 77.46% 78.85% 80.31% 64.39%
d&nt-models ±0.83% ±0.51% ±0.36% ±0.66% ±0.38%

Enhancement due to
-0.70% +1.99% +1.93% +1.69% +1.60% +0.26% - -daytime-nighttime

separation

Tab. 1: Per-image accuracies averaged over the test images of all region subsets showing the differences
between the combination of dt- and nt-models, the d&nt-models, and the baseline methods. Accuracies
from the AL experiments are presented as follows: the initial accuracies obtained from a model trained
on a small initial training set (InitAcc), the highest accuracy achieved during the AL process (Highest
accuracy), and the final accuracy after 150 queries (Final accuracy). For comparison, the accuracies
of the models learned with all training images are also reported (TrainAll). As baseline methods, the
MegaDetector [BMY19] and the MLWIC package [Ta19] have been evaluated on the same test data.

Evaluation Methods Two evaluation methods are used to analyze the overall performance.
One method is to treat all test sets in a scenario as a single, huge test set and evaluate
the predicted labels for the corresponding images, which will be referred to as per-image
accuracy. This accuracy reflects how many test images are classified correctly, which equals
the probability that the prediction for a single image is correct. Another method is to evaluate
how well the models perform on average for a specific region, i.e., for a single camera trap
station or a subset of stations obtained from the merging of small stations. The resulting
values are referred to as per-region accuracies in the following and can be interpreted as the
average percentage of regions for which the predictions are correct.

For obtaining the per-region accuracies, every region subset gets the same weight when
computing average values. In contrast, the per-image accuracy reflects a weighted mean
using the sizes of the individual test sets as weights. As defined in Sect. 5.1.2, the size of a
test set indicates the availability of the less represented class. Training a model for a binary
decision with a few exemplary images for this class often leads to biased models with bad
performance. By considering the per-image accuracy, the performance of models that have
been trained with strongly unbalanced data is less significant. Hence, mainly the per-image
accuracies are discussed since the influence of class imbalance is mitigated by considering
all test images as one huge test set for the evaluation.
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Our active learning approach Baselines methods
Highest accuracy Final accuracy MegaDetector MLWIC

InitAcc Random EMOC Random EMOC TrainAll [BMY19] [Ta19]

Only daytime images, 68.08% 83.16% 84.23% 76.90% 78.17% 78.51% 84.74% 67.53%
dt-models ±1.57% ±0.50% ±0.38% ±0.63% ±0.46%
Only nighttime images, 64.98% 80.09% 80.54% 73.93% 75.03% 74.91% 79.67% 59.61%
nt-models ±1.10% ±0.60% ±0.44% ±0.48% ±0.41%
All test images, 66.51% 81.61% 82.37% 75.40% 76.58% 76.69% 82.20% 63.53%
dt-models + nt-models ±0.78% ±0.25% ±0.28% ±0.30% ±0.18%
All test images, 66.94% 79.65% 80.36% 74.05% 75.40% 76.70% 81.71% 63.58%
d&nt-models ±0.96% ±0.43% ±0.32% ±0.54% ±0.44%
Enhancement due to

-0.43% +1.96% +2.01% +1.35% +1.18% -0.01% - -daytime-nighttime
separation

Tab. 2: Per-region accuracies averaged over the different region subsets. Organization is the same as in
Table 1, see corresponding caption explanations of the individual columns.

Separation of Daytime and Nighttime Images First, the impact of learning separate
models for daytime and nighttime images is investigated. The per-image accuracies reported
in Table 1 show that dt-models (first row) perform better than nt-models (second row).
Although the baseline methods do not explicitly distinguish between daytime and nighttime
images, they also perform better on daytime images. Thus, the distinction between images
with and without animals seems to be more challenging for nighttime images. When
evaluating the predictions of the individual dt-models and nt-models across all images of
the test sets (third row), a clear improvement of the accuracies can be seen compared to
training single d&nt-models that are able to handle both daytime and nighttime images
(fourth row). The differences are indicated in the fifth row of Table 1.

It is important to note that the test sets used for the evaluations in the third and fourth
row are identical, which allows for a fair comparison. This is also the reason why the
per-image accuracies of the baseline methods are the same in the third and fourth row since
the same baseline models are evaluated on the same test set in both lines, while for the AL
experiments different models are evaluated. However, the per-region accuracies also differ
for the baseline methods as shown in Table 2, because the average is taken across different
region subsets of varying size but with the same weight. For the per-region accuracies,
similar behavior of the individual dt- and nt-models can be observed as for the per-image
accuracies, although the differences in the fifth row are less pronounced.

Active Learning Results for the AL experiments with the proposed EMOC strategy can
be observed in the left parts of Tables 1 and 2. The corresponding columns are listed in order
of the number of training images that have been used for learning the models. In the first
column (InitAcc), the initial accuracies are reported, which denote the model performances
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(a) EMOC reaches a high accuracy
very fast.

(b) EMOC and random sampling
perform the same way.

(c) Accuracies did not saturate after
150 queries.

Fig. 2: Visualizations of the active learning process for three example models. Training with a random
sample selection is shown in orange, the learning process with EMOC as active learning strategy is
shown in blue. Each line represents the mean accuracy over ten runs.

when using three training images per class for dt- and nt-models, or six training images
per class for d&nt-images. Accuracies from the AL approach are shown in the following
columns. While the final accuracies belong to models trained with 150 additional images,
the highest accuracies are often achieved with fewer queried samples due to the reasons
mentioned in Sect. 5.2. As can be seen in both tables, the final accuracies of EMOC are
often very similar to the accuracies achieved by models trained with all images except those
of the test set (TrainAll). Hence, it is not necessary to annotate all camera trap images for
training the models in order to achieve good performance, up to 156 labeled images per
region are often sufficient. Incorporating more annotated images might lead to learning
biased models due to class imbalance in the training data.

EMOC vs. Random Sampling The proposed EMOC strategy is compared with a random
sample selection regarding the final accuracy and the highest accuracy reached during the
training process. One observation in Tables 1 and 2 is that active learning with EMOC
leads to training better models in all cases compared to random sampling of images. This
is consistent with the findings of previous work [Kä16a, FRD14] and shows that EMOC
automatically selects meaningful images. The two different selection strategies can also
be compared based on the visualizations for the AL process of three example models in
Fig. 2. The optimal learning process is shown in Fig. 2a, where the pool of images is more
than 20 times larger than the number of queried images. Applying the EMOC criterion
results in a steep ascent in performance since it chooses meaningful images out of that
large pool, in contrast to a random selection. Sometimes, there is no decisive difference
between the two sampling methods like in Fig. 2b. At least, it shows that the performance
for all initial runs using EMOC results in similar final accuracies, while sampling randomly
often leads to more different final accuracies in each run. Some models for merged subsets,
which include images from many perspectives, need more than 150 queries to reach the
saturation of the training process, as demonstrated in Fig. 2c. Nevertheless, models trained
with images selected by EMOC perform better than those using randomly selected images.
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Comparison with MLWIC package One baseline method is provided by Tabak et al. in
the MLWIC package [Ta19]. From the accuracies in Tables 1 and 2, a superior performance
of the AL models can be clearly observed. Interestingly, even the initial models that are
only trained with either three images per class (dt- and nt-models) or six images per class
(d&nt-models) often already achieve higher accuracies, and selecting additional samples via
AL even enlarges this gap. This comparison shows that applying out-of-the-box methods to
an own dataset does not work in general and often leads to poor classification performance,
even if these existing methods are trained with thousands of example images. The reasons
are the different characteristics of the datasets that are used for training and in the application,
with varying challenges and scene conditions. In contrast, better models can already be
obtained using a handful of annotated images from the corresponding application domain
or region, thus requiring only minimal annotation efforts.

Comparison with MegaDetector The MegaDetector [BMY19] performs better than the
method of Tabak et al. [Ta19] in all scenarios regarding both the per-image accuracies
(Table 1) and the per-region accuracies (Table 2). For the latter, images of more regions are
classified correctly by the MegaDetector than by the models trained with our AL approach,
on average. This is not surprising, since the MegaDetector has been trained with millions of
annotated images. In contrast, the AL models only use about 150 to 160 annotated training
images. Given this large difference in the amount of training data, the difference in per-region
performance is rather low. Even more encouraging, the per-image accuracies obtained from
models trained with EMOC are comparable to those of the MegaDetector when individual
daytime and nighttime models are considered for the AL approach (first three rows in
Table 1). Concerning the highest accuracies achieved by one of our models during the
AL process, they almost identical accuracies as the MegaDetector in the aforementioned
scenarios. This shows the potential for minimizing the annotation efforts for humans and
keep high classification performances using an AL strategy with a clever selection of images.

5.4 Investigating Selected Region Subsets

The comparison of the AL approach with the MegaDetector [BMY19] in the previous
section has shown that models trained with AL are able to achieve comparable average
accuracies across all region subsets while requiring significantly less annotation effort.
However, we do not state that our approach is better suited for all possible regions and
camera trap scenes since it would be difficult to compete with an existing model trained on
millions of images in general. In contrast, we argue that existing methods might struggle in
particular regions when encountering certain scene conditions or properties of individual
camera traps. Thus, models trained with AL and a small amount of additionally labeled
images are one possible solution to cope with difficult or unique situations.

Therefore, ten difficult region subsets and ten easy region subsets are selected for each
scenario (only daytime images, only nighttime images, both types of images) to compare
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EMOC EMOC MegaDetector
Highest accuracy Final accuracy [BMY19]

Ten difficult region subsets w.r.t.
Only daytime images, 81.67% | 78.71% 80.53% | 76.86% 68.62% | 71.25%
dt-models (564 test images | 16 camera traps)
Only nighttime images, 77.28% | 72.89% 75.41% | 70.75% 59.88% | 54.90%
nt-models (481 test images | 13 camera traps)
Both daytime and nighttime images, 70.76% | 70.32% 69.05% | 67.68% 63.60% | 62.66%
d&nt-models (673 test images | 10 camera traps)

Ten easy region subsets w.r.t.
Only daytime images, 83.19% | 79.98% 81.01% | 76.83% 93.01% | 94.10%
dt-models (386 test images | 17 camera traps)
Only nighttime images, 83.01% | 76.86% 81.09% | 75.00% 92.71% | 92.39%
nt-models (439 test images | 17 camera traps)
Both daytime and nighttime images, 81.33% | 80.19% 79.65% | 77.83% 93.00% | 93.85%
d&nt-models (543 test images | 11 camera traps)

Tab. 3: Per-image accuracies resp. per-region accuracies for selected region subsets. According to the
performance of the MegaDetector [BMY19], ten difficult and ten easy region subsets were chosen.

the performance of the MegaDetector with the performance of the AL approach. Here,
the terms “difficult” and “easy” reference the level of difficulty for the MegaDetector as a
baseline method, and do not indicate the complexity factor of the underlying task itself. The
per-image accuracies and per-region accuracies are shown in Table 3.

As expected, the models trained with only a few annotated images and AL do not reach the
high accuracies of the MegaDetector for the easy subsets, which are the ones where the
MegaDetector performs best. These subsets contain images of situations that can be well
represented by considering large amounts of images to model the still complex distribution
of common scene conditions. While a large amount of training data helps to model the most
likely scene conditions, the derived models such as the MegaDetector cannot capture the
rare special cases in the tails of the overall data distribution, since these are underrepresented
and require special attention. Thus, when looking at the region subsets that are most difficult
for the MegaDetector, it can be obtained that the models trained with AL are beneficial and
lead to better class separations. The reason is that these models are specifically trained for
the special cases of certain region subsets using annotated images of the corresponding
application domain, in contrast to generic tools like the MegaDetector. As a main result, the
experiments show that one can not simply apply existing tools like the MegaDetector to an
individual dataset and expect a satisfying performance for the task at hand. In contrast, it
turns out that spending some effort annotating few example images for an application in a
particular region and training more specific models is beneficial.
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6 Conclusions and Future Work

Out-of-the-box tools for animal detection in camera trap images, like the MegaDetec-
tor [BMY19] or MLWIC [Ta19], do not perform well on images of every camera trap.
One reason is that these models were trained on images from other regions like North
America covering different environments and scene conditions. With active learning, an
efficient method was presented to train specialized models for single camera traps, reaching
competitive average performance compared to general models that have been trained with
millions of images. Only 156 images were needed for training a specialized model with
active learning, and the annotation effort for experts can be kept minimal. The concept
allows to include new situations and sites of a camera trap as well with low annotation effort.

The investigation of single camera trap images showed, that learning region-specific models
leads to improved recognition accuracies especially in regions where existing general
models struggle due to difficult circumstances. Therefore, also the separation of daytime
and nighttime images followed by learning individual models for these scenarios led to clear
enhancements of the model performances. Another observation was that having too few
images of the less represented class in the training set likely leads to low model performance
since the model has only images of one class left for selecting further training data at some
point. To utilize more image data of the less represented class, it is helpful to have one
annotation per image instead of annotation for the whole image sequence. This would also
allow for a more comprehensive analysis and for exploiting more semantic information
given by the additional image labels.

The separation of images with and without animals serves as a pre-processing step for the
following species classification, where empty images do not need to be identified, and the
species classifier can focus mainly on animal features. In further investigations on species
classification, active learning will be applied as well to choose meaningful images for
training. Other investigations on an early stopping strategy for active learning would be
interesting to avoid learning biased models due to class imbalance in the data. It is a direct
consequence of our analyses, where it was shown that the highest model accuracies are
sometimes achieved with less than 150 queried images, which have been used to obtain the
final accuracies in the active learning experiments. This would also reduce the annotation
efforts for humans even more.
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