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Abstract. We present Partition-wise Recurrent Neural Networks (pRNNs)
for point-based trajectory classification to detect fishing activities in the
ocean. This method partitions each feature and uses region-specific pa-
rameters for distinct partitions, which can greatly improve the expressive
power of deep recurrent neural networks on low-dimensional yet hetero-
geneous trajectory data. We show that our approach outperforms the
state-of-the-art systems.

1 Introduction

Modern computing tools and data analysis algorithms have spawned strong in-
terest in the analysis of different kinds of mobility data. Most common repre-
sentation of mobility is in the form of trajectories of moving objects. A tra-
jectory is a sequence of points, representing positions of a moving object—a
runner, a car, or a ship—over time. Automatic Identification System (AIS)—a
vessel identification system that monitors the GPS trajectories of ships world-
wide, broadcasting information such as longitude, latitude, and speed —is an
extremely valuable data asset for applied mobility research. Understanding the
AIS data will enable, for the first time, scientific understanding of the effects of
human marine activities on the world’s oceans. Different approaches have been
proposed for fishing activity detection, including Mixtured Gaussian [1], Hidden
Markov Models [2], Lavielle’s algorithm [2], Autoencoders [3], and Conditional
Random Field (CRF) [4], among which CRF performed the best.

As deep learning has produced significant results in a wide range of appli-
cations, applying deep learning to the analysis of sequential mobility data in
general, and AIS data in particular, is a logical research direction. Deep Re-
current Neural Networks (RNN), especially Long Short-Term Memory (LSTM)
[5], Gated Recurrent Units (GRU) [6], and bidirectional RNN [7], have been
proven highly effective when modeling sequential data. However, AIS records
are low-dimensional and heterogeneous. It is difficult to develop deep models
with them. This paper aims to overcome this problem so as to improve point-
based trajectory classification systems for identifying fishing activities from AIS
data.

To overcome the challenges posed by AIS data, we propose Partition-wise Re-
current Neural Networks (pRNNs) which partition the feature space and model
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them jointly in a hierarchical/multilayer structure. pRNNs partition the candi-
date values of each feature into different regions and use region-specific param-
eters to model complex nonlinear input-output mappings. Our experimental
results demonstrate substantial improvements over the state-of-the-art systems.

2 Partition-wise Recurrent Neural Networks

Motivation. The ability to learn high-dimensional and homogeneous data with
hierarchical feature representations is the primary contributing factor in the suc-
cess of deep learning [8, 9]. For instance, images are high-dimensional and dis-
tributed in the sense that each image has many pixels and can be modeled by a
set of local filters collectively; they are homogeneous in the sense that the atomic
components, pixels, represent the same kind of feature. This representation is
highly redundant because distorting or corrupting some pixels can still preserve
the semantics of an image. However, point-based trajectory data, such as AIS,
are low-dimensional and have a dense representation of heterogeneous sensory
inputs. Bengio and Xavier pointed out that, “a dense representation is highly
entangled because almost any change in the input modifies most of the entries
in the representation vector” [10], resulting in difficulties to “disentangle factors
of variations in the data” [11]. This low-dimensional feature space also leads to
a limited number of feature compositions which makes it hard to develop deep
models. To overcome these challenges, we adopt the idea of feature-level parti-
tioning [12, 13] which partitions each feature and associates different parameters
with distinct regions of each feature to learn meaningful representations of the
input data. Similar to piece-wise linear activations [14, 10, 15], the proposed
method uses piece-wise learnable parameters to represent the activation func-
tions of the input features, which is more expressive than traditional activation
functions—such as sigmoid and hyperbolic tangent—in learning complex hy-
potheses. This method not only learns the activations of hidden units but also
learns feature compositions between the hidden units in a hierarchical structure.
Partition-wise Activation. For notations, we denote X as a vector of input
variables, x as an observation of X where x takes outcomes from a set of can-
didate values V', X; as the i-th feature of X and takes outcomes from a set of
candidate values V;. 1 {ziev!} denotes an indicator function of x; which takes

value 1 when z; € V/ and 0 otherwise. V;/ € P, where P, is a finite partition of V;
that has cardinality of C. More intuitively, the feature space of X; is partitioned
into C' non-overlapping subsets and is further parameterized using different pa-
rameters with the use of feature functions. We define feature function that takes

the form:
c

fim) = Ly evs ik (1)

k=1,V/, €P;

which transforms the feature z; to another space using parameters \;; depending
on which partition z; belongs to. Here V}, denotes the k-th subset of partition
P;. We obtain the feature function f;(x;) by summing over each disjoint subset
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VY. of the partition P; parameterized by Aix. The feature function fi(z;) can
approximate a wide variety of functions—including sigmoid, hyperbolic tangent
and ReLU—when given appropriate parameters. The partition-wise activation

is given by:
activation = o <Z fl(acz)> . (2)

?

Partition-wise Recurrent Networks. Partition-wise LSTM (pLSTM) is de-

fined by:
it o
0
fi = j (Z folze) + WhH)
/C’Vt tanh g (3)

Cy =1 ®a+ft®CH
ht =0t ©® tanh(Ct),

where independent feature functions f,; are defined for input gate #;, output gate
o, forget gate f; and candidate state /C’vt pGRU can be defined in similar ways
by substituting the input transformation with partition-wise activations.
Gradient Property. The network parameters can be optimized using back-
propagation. As the feature functions are piece-wise constant, we calculate the
local gradient of activation with respect to the parameters A of each partition:

C
O file) _ 0f(ey) _ OLhmrvgen oevy ik @)
I I\jn OAjn {Zjer,h}a

where \;j, represents the parameter for h-th partition of the j-th feature. Note
that the terms ¢ and k are summed over resulting in the activation of input
x, while terms j and h represent the specific parameter within A that we are
optimizing. As a result, the local gradient of feature functions with respect to
the parameter A can only take binary values and the parameters are updated
only when the input feature belongs to a certain partition.

Partition Strategy. If the partition strategy can be defined prior to training,
the feature functions can be equivalently reformulated as a preprocessing step:
discretize and encode. The encoding can be fed directly to a neural network
without any architectural modifications.

3 Experiments

Data. The data consist of 14 longliner vessels with 481,887 data points in total.
The data are labeled by an expert into two classes, fishing and non-fishing with a
ratio of 78% and 22%, respectively. The two classes are our goal for classification.
Point-based features—including difference of longitude and latitude, speed over
ground, course over ground and acceleration—are used to develop the model.
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Fig. 1: Network architecture for point-based trajectory classification.

batch number
Model ;g 4y 5 ¢ 7 s 9 10 11 12 13 14 AV
CRF 79 82 73 7 82 79 69 77 7 7 75 96 92 90 79.8
LSTM®* 75 71 74 8 67 66 72 66 68 70 36 55 85 93 702
pLSTM1P*80 92 81 97 77 8 80 82 82 69 88 96 92 95 855
pLSTM2<" 85 93 88 99 82 87 85 85 84 69 86 97 96 98 88.1
GRUY 78 79 75 80 78 75 73 70 77 68 35 56 90 94 734
pGRUI®* 80 92 83 91 80 90 85 82 81 70 82 98 95 96 86.1
pGRU2™ 94 96 90 96 86 94 88 91 94 98 92 98 97 97 93.7

@ Conventional LSTM. ® pLSTM. ¢ Bidirectional pLSTM with peephole connections.
@ Conventional GRU. ¢ pGRU. / Bidirectional pGRU.
*All recurrent neural networks have the same architecture of two layers with 30 nodes.

Table 1: AUC (%) of ILOBO for fishing activity detection.

Network Architecture. Figure 1 depicts the proposed architecture. It has a
bidirectional pLSTM layer followed by multiple conventional bidirectional LSTM
layers [7] and a Softmax layer on top of it. We used the ADAM optimizer [16]
with mini-batches to optimize the sequence to sequence cross entropy loss. We
used validation-based early stopping with a hold-out set to detect overfitting,
and we used learning rate decay that gradually decreases the learning rate.
Classification results. We use AUC as the evaluation metric because the data
is imbalanced. Table 1 lists the AUC of the fishing activity detection problem
using Iterative-Leave-One-Batch-Out (ILOBO): in each iteration, a different tra-
jectory is selected as testing data and the rest for training and validation. Table
2 shows the p-values between the pRNNs and conventional methods.
Comparison with RNN. Table 2 shows that pRNNs (pLSTM1, pLSTM2,
pGRU1 and pGRU2) are significantly better than RNNs (LSTM and GRU) on
the 95% confidence level. The reason is that trajectory features are heteroge-
neous and low-dimensional which can take advantage of the expressive power
introduced by partition-wise activations. Table 1 shows that, for batch 11 and
12, in particular, pRNNs achieve about 40% improvement in AUC over RNNs.
Comparison with CRF. We find pLSTM and pGRU can both outperform
CRF - the p-values are shown in Table 2 - among which the bidirectional pGRU
performs the best. This demonstrates that pLSTM and pGRU can model more
complex input-output relationships compared with CRF that uses feature engi-
neering and discretization on the same set of features.

Effect of depth. Figure 2 shows the effect of depth on bidirectional pLSTM
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Table 2: p-values of paired
samples t-test between pRNNs
and conventional methods.

LSTM GRU CRF 08
pLSTM1 0.002 0.013 0.013
pLSTM2  0.000 0.002  0.001 T s a4 s 6 7 8 8 10
pGRU1  0.001  0.006 0.002 number of ayers
pGRU2 0.000  0.000 0.000

Fig. 2: AUC with 95% confidence in-
terval on various bidirectional pRNNs.
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Fig. 3: (Best viewed in color) Probability distribution and learned activations.

and pGRU evaluated on the first batch. pGRU generally performs better and
more stable under the same depth because the representation is more compact.
Visualizing learned activation functions. Figure 3 shows three selected
nodes for the calculation of candidate states of feature speed. While tradi-
tional activation functions (in green) are monotonic, the learned partition-wise
activations (in bar plots) encompass more flexibility and learn the conditional
probability distribution from data: the parameters have opposite signs when
different classes dominate certain speed intervals (partition-wise activations at
speed 37 and 11-13 have different signs). This demonstrates that the prior
probability distributions are implicitly incorporated into the learned activation
functions, which in part provides performance improvement to the model.

4 Conclusions

This paper proposes pRNNs that use partition-wise activations to improve point-
based trajectory classification systems on detecting fishing activities from AIS
data—by learning the activation functions and feature compositions in a hier-
archical structure. Experimental results demonstrate substantial improvements
over the state-of-the-art systems. More recent experiments suggest the proposed
method can be extended to other applications—GPS trajectory classification.
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