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ABSTRACT

Activity classification plays a crucial role in various real-life scenar-
ios involving both humans and animals. There is an increasing need
for precise activity classification focused on avian-solar interactions,
as the usage of solar energy facilities, such as photovoltaic array
power stations, has been observed to impact bird species richness,
behavior, and activity. However, there has been no work to develop
an automated system to monitor and classify these avian-solar in-
teractions. All current methods rely on human observers, which
is time and human resources costly and subject to errors related
to searcher efficiency. With the recent success of Deep Learning
models in activity classification problems, this paper develops a
recurrent neural network-based model to automatically classify
six avian activities around solar energy facilities. Our proposed
model integrates critical feature engineering metadata with video
frame data, enabling improved learning and more accurate activity
classification. Furthermore, we address the challenge of data im-
balance during training and demonstrate the efficacy of our model
in detecting and classifying different activities within video tracks.
Additionally, we analyze the saliency/backpropagation map of the
trained proposed model and validate its decision-making rationale.
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1 INTRODUCTION

With the success of deep learning (DL) methods for various tasks
in the computer vision field, using them for video-based activity
classification has been a promising application in recent years, both
for human and animal activities [3, 4, 6, 9, 12, 15, 22, 24]. Among
them, only a small portion is for animal activity classification. It
is a more challenging task due to the unique challenges such as
unpredictable behaviors exhibited by different animals and the
scarcity of available datasets. Many state-of-the-art video-based
animal activity classification DL models proposed in the literature
use a dual-stream-based model, i.e., they use RGB raw frames and
their corresponding optical flow as the two input sources. For exam-
ple, [5] and [7] used a convolutional neural network (CNN) model
to extract deep features from the RGB raw video frames and their
corresponding optical flow, and then fuse these two streams in
the later part of the model to predict cattle or mouse behaviors.
Schindler et al. [16] followed a similar strategy to classify a broader
range of wild animal activities. Considering the nature of video
data, it is reasonable to adopt recurrent neural networks (RNNs),
as in [10]. After fusing the two streams, the authors utilized a Long
Short-Term Memory (LSTM) classification network to predict the
salmon’s feeding activity. In this paper, we focus on the video-based
animal activity classification task, particularly avian/bird activity.
We propose a DL-based method to solve this task, in particular, we
design a Bidirectional LSTM (Bi-LSTM) -based model to classify
avian/bird activities.

It is well known that solar energy is an important green energy
source, and solar panels have been placed in numerous open areas.
However, these solar energy facilities can impact bird communi-
ties from different aspects, e.g., bird species richness, migrations,
and activities [11, 20, 23]. Therefore, it is crucial to gain a precise
understanding of the interactions between birds and solar energy
infrastructure to ensure the continued deployment of utility-scale
solar energy facilities. Currently, monitoring avian-solar interac-
tions and classifying avian activities rely on human observers. How-
ever, training and repeated deployment of human observers are
costly and time-consuming, and subject to errors associated with
search efficiency. It also generates potential safety concerns for
observers working outdoors. Therefore, our objective in this study
is to develop a DL model capable of automatically classifying the
interaction activities between birds and solar panels.

Few works have used DL methods to study bird behavior via
video data in the current literature. The existing DL-based bird
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Figure 1: Video track example.

activity classification works mainly utilize acoustic signals [2, 8, 21].
Since March 2020, researchers at Argonne National Laboratory
(Argonne) have collected over 6,000 hours of daytime video at five
operational solar energy facilities using high-definition true-color
video cameras. By processing these videos, Argonne has generated
and labeled bird-centered video tracks of avian activities around
the solar energy facilities, such as fly over above, fly-through, and
perching. In this paper, we train our proposed model based on
this avian activity video dataset. Several challenges need to be
overcome along the way, such as the heavy imbalance between
activities categories, which is also a common issue in many activity
classification tasks [13, 14]. In addition, compared to the state-of-
the-art video-based animal activity classification works, our avian
activity classification is a more challenging task. The video-based
animal activity data used in the previous works have no camera
movement and a relatively still background [5, 7, 10, 16], but in this
avian activity video dataset, video tracks are bird-centered and the
birds usually fly at a fast speed, which causes a rapidly changing
background in the video tracks. Furthermore, the bird objects can
be tiny when they fly far away from the camera. To address these
challenges, we incorporate not only the video track frames but
also critical engineering features (metadata) provided by Argonne
along with each video track into our proposed model, resulting in
improved predictions.

Additionally, few DL video-based activity classification works
analyze their model’s sanity, which determines whether the trained
models make reasonable decisions. When the model makes the
decision, we expect it to mainly look at the areas where the activity
is being observed, for example, the areas around the object whose
activity is being classified throughout the video. These analyses
are common and important in the state-of-the-art DL image-based
classification approaches [1, 18, 19]. In summary, the main con-
tributions of our work are: 1) We propose a novel DL method for
video-based avian activity classification. Our proposed Video-Meta
Fusion Bi-LSTM model has been designed to classify six bird ac-
tivities leveraging both the video data and additional engineered
features (meta-data). 2) We effectively address the challenge of an
imbalanced dataset for training the model. 3) After our model is
trained, we verify that our model looks at the right areas to clas-
sify the corresponding activities by computing and examining its
saliency/backpropagation maps of the input video frames. 4) To
the best of our knowledge, this study is the first to utilize RNNs
for video-based avian activity classification while also analyzing
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Figure 2: Number of samples in each activity.

the decision-making rationale of the proposed DL model in animal
activity classification.

2 METHODOLOGY

2.1 Avian activity dataset

Argonne has provided us with an avian activity dataset that consists
of video "tracks" and their corresponding feature engineering fea-
tures (metadata). Each track is a bird-centered sequence of frames
for a single bird. An example can be found in Figure 1. The meta-
data, containing the bird’s trajectory (x/y coordinate information)
and its moving speed, is pre-computed by Argonne researchers and
directly provided within the dataset for each track.

Based on the activities of birds around the solar energy facilities,
the dataset is categorized into six activities:

(1) Fly over above (foa): a bird flying high above solar panels.
(2) Fly over reflection (for): a bird’s reflection flying over panels.
(3) Fly through (ft): a bird flying near solar panels.

(4) Perch on panel (pop): a bird flying into the frame lands on
any part of the panel structure, or a bird on the panel flies
away.

(5) Land on the ground (log): a bird flew in and landed on the
ground, a bird on the ground flew away, or a bird is moving
on the ground.

(6) Perch in background (pib): a bird flying into the frame lands
on objects other than panels, or a bird on a non-panel object
flies away.

Figure 2 shows the number of samples for each activity category.
We can clearly see a heavy imbalance in the dataset. There are two
major activities - the foa and ft, and four minor activities.

2.2 Model description

Before proposing the final fusion model, we first introduce two
sub-models that utilize either the metadata sequence input (Meta
Bi-LSTM) or the video sequence input (Video Bi-LSTM).

2.2.1 Video Bi-LSTM & Meta Bi-LSTM. The Video Bi-LSTM ar-
chitecture takes the video frame sequence as input and predicts
the probability for each activity category. As shown in Figure 3(b),
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Figure 3: Meta Bi-LSTM, Video Bi-LSTM, Video-Meta Fusion Bi-LSTM models’ architecture.

to efficiently extract hierarchical features from input frames, af-
ter the video frame sequence is inputted into the model, we first
use convolutional, normalization and pooling layers to extract the
deep features from them. Then, to incorporate both forward and
backward context into the model’s understanding of the sequence,
these features are then flattened into vectors and passed through
a Bi-LSTM block (composed of two stacked bidirectional LSTM
layers, as shown in Figure 3(d)), followed by fully-connected dense
layers. Finally, the output layer utilizes a softmax function to pro-
vide the predicted probability for each activity category. The Video
Bi-LSTM model can be described as:

P = foideo(V), (1)
where v denotes the input video frame sequence, p is the output
vector of the predicted probabilities for C activity categories, and
frideo () denotes the Video Bi-LSTM model.

In the dataset, some bird video tracks can be very long and last for
numerous frames, and we would like our model to get information
from both past and future frames during training. Therefore, we
employ bidirectional LSTM layers rather than pure LSTM layers
when building the models [17].

As explained in Section 1, incorporating engineered features
can be beneficial for our task. The current video tracks are bird-
centered, which loses the general bird trajectory information in the
larger camera field of view. Since the x/y coordinate information
represents the trajectory of the bird’s movement, and the speed of
the bird can differ for different activities along the trajectories, we
choose to include the x and y coordinates and the bird’s speed as
the critical metadata. Figure 3(a) shows the Meta Bi-LSTM model,
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which solely uses the metadata sequence as input. That is, the input
of this model is a sequence of 3-dimensional vectors (x-coordinate,
y-coordinate, speed). Unlike the Video Bi-LSTM which takes the
high-dimensional image sequence as input, we do not need to use
the convolution layers in the beginning to extract the hierarchical
features, cause the input now is very low-dimensional. We directly
use the Bi-LSTM block followed by fully-connected dense layers.
Similarly, the output layer utilizes a softmax function to provide the
predicted probability for each activity category. The Meta Bi-LSTM
model can be described as:

P = fmeta(m), (2

where m denotes the input metadata sequence, p represents the
output vector containing the predicted probabilities for C activity
categories, and fiuerq(-) denotes the Meta Bi-LSTM model.

2.2.2  Video-Meta Fusion Bi-LSTM. The final proposed model,
Video-Meta Fusion Bi-LSTM (VM Bi-LSTM), is shown in Figure
3(c). It incorporates two input streams: the video sequence and the
metadata sequence. It fuses these two streams after the Bi-LSTM
blocks, where two feature representations are captured and learned
from the metadata and video frames along the temporal dimension.
The addition of these two deep feature vectors is then input into the
following dense layers. The Fusion Bi-LSTM model can be described
as:

p= ffusion(vJ m), 3)
where the VM Bi-LSTM model, denoted as ffion (), takes both the

video frame sequence v and its corresponding metadata sequence
m as inputs. p is the output vector of the predicted probability for
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C activity categories. The proposed VM Bi-LSTM model can then
learn to classify the activity by combining the information from
engineered features and raw video sources. In section 4, we show
that the proposed fusion model can achieve better results than the
two sub-models.

2.3 Training objective

We use the categorical cross-entropy loss as the loss function for
training the Video Bi-LSTM, Meta Bi-LSTM, and VM Bi-LSTM
models:

L=- yclog(pe), (4)

C
c=1

where [y1, Y2, ....yc] is the one-hot ground-truth activity label vec-
tor with C activity categories, and p, is the predicted probability

for the cth activity category.

2.4 Data augmentation in metadata and video
data

Our models are trained with a heavily unbalanced dataset, and this
causes severe issues if we directly use it to train our models. There-
fore, we need to balance the dataset. In general, we use up-sampling
methods for the four minor activities: we apply image augmenta-
tion on each frame in the video tracks, like changes in brightness,
saturation, or contrast. Since we are augmenting the video tracks
instead of the single images, we use the same augmentation process
on all frames within each video track to maintain temporal con-
sistency along these frames. The augmentation process can differ
from track to track. Besides, we keep the same metadata values for
those augmented tracks as the tracks they are upsampled from.

3 EXPERIMENTS AND ANALYSIS

This section presents the experimental results and comparisons
among the Video Bi-LSTM, Meta Bi-LSTM, and VM Bi-LSTM mod-
els on the avian activity dataset. We use the saliency map to analyze
our model and validate the rationality of its predictions. Lastly, we
assess the performance of our model.

3.1 Experimental setup

Dataset. The avian activity dataset provided to us by Argonne is not
publicly available. It consists of a total of 17,059 bird-centered video
tracks, with the two major activities (foa and ft) accounting for
over half of the dataset. The metadata information is pre-computed
by Argonne researchers and provided to us directly within the
dataset for each track. When utilizing this dataset, We separate
the dataset into training (80%), validation (10%), and testing (10%)
sets. As described in section 2.4, during training the Video Bi-LSTM
and Meta Bi-LSTM models, we perform data augmentation to up-
sample the four minor activities (for, pop, log, and pib) to 2000 tracks
each and randomly down-sample the two major activities to 2000
tracks each. In the case of the VM Bi-LSTM model, which is larger
than the two sub-models and has more trainable parameters, we
slightly increase the up-sampling and down-sampling numbers to
2500 tracks each category. The video track frames have dimensions
of 200 x 200 pixels. During training, validating, and testing, we
center-crop the frames to 100 X 100 pixels.
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Figure 4: The confusion matrices of Meta Bi-LSTM model
trained with unbalanced (left) or balanced (right) datasets.

Train & test process. During training, we set the total epochs
to 40. We use the validation loss to monitor the training process
and apply early stopping with patience 10. Adam is used as the
optimizer with the learning rate equal to 0.001. The batch size is
chosen to be one as the length of video tracks in the dataset varies
alot.

3.2 Results and comparisons

To demonstrate the limitations of training models with an unbal-
anced dataset, we present a comparison of confusion matrices in
Figure 4 between the Meta Bi-LSTM models trained on the original
unbalanced dataset and the balanced dataset. When trained with
the unbalanced dataset, we can see that the model can only learn to
classify the two major activities (foa, ft), while considering all the
other minor activities as foa or ft, as shown in Figure 4. After using
the balanced dataset, the model now makes predictions across six
activities, i.e., it successfully recognizes that there are six classes
rather than just two.

Using the balanced dataset, we train and compare the perfor-
mance of Video Bi-LSTM, Metadata Bi-LSTM, and Video-Meta Fu-
sion Bi-LSTM models. Table 1 presents the comparison of test ac-
curacy. We can see that the fusion model performs the best, it can
reach 76.9%, 89.9%, and 95.2% accuracy in Top1, Top2, and Top3
test accuracy, respectively. This comparison confirms our intuition
that fusing the critical metadata with the raw video input enables
DL models to leverage more information, enhance their learning
process, and improve their ability to distinguish between different
activities.

Table 1: Test accuracy of Meta Bi-LSTM, Video Bi-LSTM, and
Video-Meta Fusion Bi-LSTM models. If the top 2 or top 3
predicted activities contain the given ground-truth activity,
then we count it as a correct classification within the Top2
or Top3 test accuracy correspondingly.

Topl Top2 Top3

Meta Bi-LSTM 553% 78.2%  89.9%

Video Bi-LSTM 72.5%  86.4%  94.0%
Video-Meta Fusion Bi-LSTM  76.9% 89.9% 95.2%
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(a) A perching on panel (pop) test video track clip (top row). The corresponding saliency heat maps overlayed onto the original video frames (bottom row).
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(b) A fly over above (foa) test video track clip (top row). The corresponding saliency heat maps overlayed onto the original video frames (bottom row).

Figure 5: Saliency maps of the test video tracks.

3.3 Model analysis

We use the saliency/backpropagation maps [19] to validate that our
trained model reasonably classifies each activity. The saliency maps
indicate the areas of the frames that the model focuses on when
making decisions. For an input video sequence with N contiguous
frames, denoted as F; (i = 1,2, ..., N), its saliency map W; for each
frame is calculated according to

IS¢
JF;

i=1-= ®)
where s is the scalar score of class ¢ - the model’s output before
the final SoftMax layer for the cth class. The derivative in the
equation calculates the gradient of s. at (each pixel of) F;, therefore,
the computed saliency maps indicate the areas/pixels in the video
frames which affect the c class score the most. Higher values signify
a stronger impact of the corresponding areas/pixels in the frame on
the classification decision made by our model regarding activity c.

In Figure 5, we show the saliency maps of a pop test video track
and a foa test video track which are correctly classified by the
trained VM Bi-LSTM model’s top-1 predicted activity. We can see
that the trained model primarily directs its attention towards the
bird object in most frames. Moreover, for the pop video track, the
model also focuses on the areas of the bird reflected on the solar
panels, and this is undoubtedly reasonable. As in a lot of the pop
tracks, the bird perches and stays on the panels, and the reflection
on the panel is an important factor in determining if the bird is
staying/perching on the panels.

4 CONCLUSIONS

In this paper, we proposed the Video-Meta Fusion Bi-LSTM model
to solve the avian activity classification problem. We fuse the in-
formation from raw video RGB frames and the feature engineering
metadata when building the model. This fusion strategy is able
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to gain improved test accuracy results over the Video Bi-LSTM
and Meta Bi-LSTM models. Additionally, we employ a consistent
data augmentation method to up-sample the video and metadata
to solve the dataset’s imbalance issue. By looking into the saliency
heatmaps, we observe that the proposed model makes its decisions
in a rational manner.
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