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ABSTRACT

Anticipating human motion is an essential requirement for au-
tonomous vehicles and robots in order to primary guarantee
people’s safety. In urban scenarios, they interact with humans,
the surrounding environment, and other vehicles relying on
several cues to forecast crossing or not crossing intentions.
For these reasons, this challenging task is often tackled using
both visual and non-visual features to anticipate future actions
from 2 s to 1 s earlier the event. Our work primarily aims to
revise this standard evaluation protocol to forecast crossing
events as early as possible. To this end, we conceive a solu-
tion upon an extensively used model for egocentric action an-
ticipation (RU-LSTM), proposing to envision future features,
or modalities, that can better infer human intentions using a
properly attention-based fusion mechanism. We validate our
model against JAAD and PIE datasets and demonstrate that
an intent prediction model can benefit from these additional
clues for anticipating pedestrians crossing events.

Index Terms— Pedestrian Intent Prediction, Action An-
ticipation, LSTM.

1. INTRODUCTION

Self-driving cars and autonomous robots have recently demon-
strated to be capable of performing multiple tasks (e.g., plan-
ning, control, manipulation, perception). Nevertheless, in
crowded scenarios, such as streets, parks or airports, they
must face critical decisions to avoid accidents and perform a
smooth navigation. For example, assistive or delivery robots
need to anticipate human motion to better plan their motion
and be social compliant. In this regard, urban contexts rep-
resent relevant scenarios where predicting human intentions
relies on both fast and correct scene perception. Furthermore,
predicting future intentions as early as possible helps in bet-
ter plan their interaction with the environment. Multiple cues
are typically involved in this process, e.g., relative speed,
pedestrian pose and road signs [IL, 12 [3} 14].

In our work, we primary focus on predicting pedestrians
intentions to cross roads as early as possible given a fixed his-
tory of frames. To this end, we build on top of an action an-
ticipation model an architecture that takes multiple input fea-
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Fig. 1. Our model detects crossing events in two stages: an
encoding stage (R-LSTM), processing the initial part of the
sequence (0.5 s), and a decoding stage (U-LSTM), predicting
the event at multiple anticipation times. We estimate future
visual and non visual features, with an attention-based (goal)
module, that are provided to the decoding stage. We consider
a set of 4 anticipation times: 4.0, 3.0, 2.0, and 1.0 seconds.

tures and provides the probability that each monitored pedes-
trian is either crossing or not in the future. Using past mo-
tion along with the surrounding context is extremely useful
when a pedestrian is walking on a sidewalk prior to crossing
or standing due to low visibility in rainy or foggy days, for
example. To improve our prediction accuracy, we conceive
a goal module, whose aim is to predict future features to be
fused to motion history (see Fig. [I)).

Previous works have mainly addressed human action an-
ticipation tasks in both third-person [} |6, [7, 18, |9] and first-
person videos [10} [11} 12} [13] [14]]. In this regard, predicting
if a pedestrian will cross or not is still a challenging prob-
lem. Prior works on intent crossing prediction only focus on
a time window of 0.3-0.5 s before the event to extract con-
text features and classify the event [[1]. More recent works
extend this anticipation time to different values with different
observation lengths, in addition to developing more advanced
models with multiple input features [2, 3, 4]. In [15], an
evaluation benchmark is proposed to tackle this problem, also
adopted in [16, 17, 18 [19]. This benchmark focuses on pre-
dicting future intentions between 1.0 to 2.0 s earlier the event
and uses overlapping windows of 0.5 s as motion history. An
averaging operation is then employed to obtain the final pre-
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diction. By contrast, our work aims to extend this anticipation
time from 1.0 s to 4.0 s and use an adaptive observation win-
dow. To extract predictions at fixed anticipation times, we do
not employ an averaging operator yet use pedestrian records
as single samples. We mainly focus on two largely adopted
benchmarks, namely Joint Attention for Autonomous Driving
(JAAD) [1]] and Pedestrian Intention Estimation (PIE) [20]],
which include a large set of annotations.

Our contributions can be summarized as follows: (1) We
extend the standard evaluation protocol to predict pedestrian
crossing intentions as early as possible. (2) We build on top
of a state-of-the-art action anticipation model by introducing
a goal module to envision future motion in multiple feature
spaces. We fuse these features with the motion history using
an attention-based mechanism to predict crossing events. (3)
We demonstrate, experimenting on multiple benchmarks, that
pedestrian intents can be foreseen several seconds in advance,
thus improving human safety and social awareness.

2. METHOD

Pedestrian intent prediction relies on past motion to detect
whether a pedestrian will cross or not the street, and it can
be treated as a binary classification task at different anticipa-
tion times. More specifically, let r be a set of RGB frames of
a pedestrian starting from t, to the crossing event at time 7',
and let T'—t, be the anticipation time, where ¢, represents the
remaining time from the current observation until the event.
Our task is to observe r from t( until 7" — ¢, and predict the
crossing/not crossing action at 7. We aim to predict cross-
ing intentions at different anticipation times, from very early
(ta T) to very close the event (¢, |).

RU-LSTM. As backbone, we consider RU-LSTM [11],
which processes the observed video frames in two stages:
an encoding stage of S, steps and an anticipation stage of
Sant steps, with « as time interval between subsequent time
steps. This model uses an LSTM-based encoder-decoder, re-
ferred as to rolling-LSTM (R-LSTM) and unrolling-LSTM
(U-LSTM), respectively. During the decoding stage, it simul-
taneously produces predictions at various anticipation times.
RU-LSTM uses multi-modal features, where different modal-
ities are fused using an attention-based mechanisn(MATT).

Goal Estimation. Since RU-LSTM cannot use any infor-
mation after 7' — ¢, during the evaluation phase, it repeats the
observed frame at T' — ¢, for each step in the unrolling stage.
Nevertheless, this model may benefit from having a glimpse
into the future. For this reason, we define a goal module that
predicts features that might be extracted at 7" and fuse this in-
formation with the features at ' — ¢, to enhance its unrolling
capability. Let ¢ be the index of the frame at time T — ¢,;

'We refer the reader to [I1]] for a full description of this model.

then, for each modality m, we use both encoding sequence
(f ) and frame features (f;") to predict future features at 7',
as follows:

G;n = ;:L)al(LST !;zal( eT?Lc)@on)’ (D

where @ denotes the concatenation operation, LSTMgp ,
represents the encoding process related to the goal prediction

of modality m, and D¢t , is a feed-forward neural network.

Goal Fusion. Using an MLP-based network, we define
an attention mechanism (see Fig. [J) to predict weights to be
assigned to goal features at each unrolling stage, denoted by
W™ in Eq. [2| W™ inherits its length [; from the correspond-
ing unrolling stage, where [; = %ﬂ is equal to the number of
time steps in t, seconds, with an interval of « seconds; for
example, in Fig. lop = 5,13 = 4, and the length keeps
decreasing reaching the event, where I, = 1 att, = « and
t =T — a. Concretely,

Wim = Softmax(DgLATT(th @ C:n)) (2)

where D@, is a feed-forward neural network represent-
ing our goal attention mechanism (GATT) which uses hidden
(h7") and cell (c¢]*) vectors of R-LSTM at time ¢,. Our new
input to the U-LSTM is then a weighted average of G} and
I, defined as I7* = W™ x GI* + (1 — W) x f™.

Finally, predictions from each modality are combined
with the modality attention (MATT) mechanism, as proposed
in [11]], to provide the final prediction.

3. EXPERIMENTS

We rely on two popular datasets for our evaluation, namely
JAAD and PIE. JAAD dataset contains 2786 pedestrian sam-
ples, annotated with bounding boxes and is split into two sub-
sets (JAADy,;, and JAAD,,;;). PIE dataset contains 1842 an-
notated pedestrian samples with bounding boxes and behav-
ioral tags, in addition to speed, GPS coordinates, and heading
direction of the ego-vehicle.

Features. Three main modalities for both datasets are
employed: bounding box coordinates, pose features and vi-
sual local context features.The PIE dataset also includes ego-
vehicle speed as an additional modality.

Baselines. To evaluate the performance of the proposed
method for early predictions, we develop an LSTM-based
model using RU-LSTM without the unrolling stage (R-
LSTM). Furthermore, we compare our model, at different
anticipation times, against PCPA [15] which uses fixed and
overlapped observations of 0.5 s in the range [2 — 1] s earlier
the event. For our purposes, this model is modified to output
earlier predictions in the range [4 — 1] s. We also consider
CAPformer [17] and TrouSPI-Net [19] models.

Evaluation Metrics. As classification metrics we use ac-
curacy, AUC and F1 score.
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Fig. 2. Our architecture is composed of six sequential steps: 1) Features Extraction: where a function ®,,, extracts different
types of features from raw images; 2) Encoding stage: encodes the motion history with length Se,,.; 3) Goal Module: takes the
input features of the encoding part, along with the features at the " anticipation step (/) and predicts goal features associated
to the modality m (G"); 4) Goal Fusion: fuses predicted goal features G} and extracted frame features f;", and produces a
new input representation for the next step; 5) Anticipation Stage: takes I;" as input and predicts the crossing probability at
each time step (p]"); 6) Modalities Fusion: represents our final stage taking predictions provided by each modality and applies
an attention-based fusion mechanism to produce the final prediction.

JAADey,
4s | 3s | 2s | s | [2-1] s
Acc  AUC | Acc AUC | Acc  AUC | Acc AUC || Acc AUC FI
PCPA[I5] - - - - - - - - - - - - 058 050 071

PCPA' [15] 0.54 0.51 0.62 | 047 046 0.54 | 049 045 0.61|045 0.52 0.63 056 0.50 0.67
R-LSTM 0.67 0.64 0.74 | 0.70 0.64 0.78 | 066 0.62 0.75 | 0.65 0.60 0.75 | 0.65 0.59 0.74
RU-LSTM  0.72 0.67 0.79 | 0.72 0.64 0.81 | 0.69 0.62 0.78 | 0.70 0.63 0.79 || 0.69 0.62 0.78

JAAD,.;

PCPA [15] - - - - - - - - - - - - 0.85 0.86 0.68
PCPAT[15] 0.75 0.75 0.50 | 0.74 0.76 0.53 | 0.72 0.75 0.52 | 0.76 0.79 0.55 || 0.80 0.79 0.57
R-LSTM 0.83 0.74 05408 073 058|085 0.73 057|087 0.77 0.62 | 086 0.76 0.60
RU-LSTM 084 0.76 0.57 | 0.87 0.78 0.64 | 085 0.76 0.59 | 0.86 0.78 0.62 || 0.86 0.78 0.62

PIE

PCPA [15] - - - - - - - - - - - - 087 0.86 0.77
PCPAT [15] 0.76 0.75 0.62 | 0.77 0.76 0.63 | 0.83 0.84 0.73 | 0.86 0.85 0.77 || 0.86 0.86 0.77
R-LSTM 0.75 0.64 048] 0.75 066 0.50 |0.76 0.66 0.51|0.76 0.67 0.52 | 0.76 0.67 0.52
RU-LSTM 077 0.76 0.63 | 0.80 0.79 0.68 | 0.85 0.82 0.74 | 0.88 085 0.79 || 0.87 0.84 0.77

Table 1. Comparison among multipe intent prediction models for both JAAD and PIE datasets. We consider four anticipation
times and the standard evaluation protocol averaging predictions within the range [2-1] s. PCPA' [15] denotes our retrained
PCPA model (using the original code and configurations provided in the official GitHub repository).

Implementation Details. Our LSTMs have 512 hidden
layers, with S, = 6 and S,,,; = 40. The time interval is 3
frames (o« = 0.1 s), while our models output 40 predictions
from t, = 4 s until ¢, = 0.1 s. For the sake of clarity, we
consider only predictions at t, € {4,3,2,1} s. For each an-

ticipation time (), we discard videos that do not satisfy the
minimum length requirement, i.e., videos whose length is less
than ¢,. Therefore, we consider 4 s as the earliest anticipa-
tion time, where longer predictions would lead to discarding
too many examples (more than 50% of data from the JAAD
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JAADyp,
s | 3s | 2s | 1s | [2-1]s

Bounding Box

Without Goal ~ 0.55 | 0.59 | 0.63 | 0.64 0.58
Interpolation ~ 0.61 | 0.56 | 0.61 | 0.65 0.64
Concatenation  0.61 | 0.64 | 0.63 | 0.63 0.63
Attention 0.61 | 0.63 | 0.65 | 0.65 0.64

Pose

Without Goal ~ 0.51 | 0.60 | 0.65 | 0.65 0.65
Interpolation 0.59 | 0.64 | 0.63 | 0.64 0.63
Concatenation  0.60 | 0.67 | 0.66 | 0.66 0.66
Attention 0.62 | 0.67 | 0.57 | 0.65 0.65

Local Context

Without Goal  0.68 | 0.66 | 0.65 | 0.67 0.66
Interpolation 0.73 | 0.67 | 0.63 | 0.66 0.61
Concatenation  0.65 | 0.70 | 0.68 | 0.68 0.68
Attention 0.69 | 0.67 | 0.66 | 0.69 0.66

Table 2. Ablation study reporting the accuracy metric using
different fusion methods for each modality on JAADy.. Un-
derlined numbers refer to the 2¢ best performing model.

JAADsen | JAAD.u
Acc AUC Fl ‘ Acc AUC Fl
PCPA [15] 0.58 0.50 0.71 ] 0.85 0.86 0.68
CAPformer [17] 0.55 0.76 - 0.82 0.63

TrouSPI-Net [19] 0.64 0.56 0.76 | 0.82 0.77 0.58
RU-LSTM 0.69 0.62 0.78 ‘ 0.86 0.78 0.62

G-RULSTM 072 0.65 0.0 | 0.86 0.80 0.63
Tmp. 3% 3% 2% | - 2% 1%

Table 3. Comparison between our architectures and state-of-
the-art models within the [2 — 1] s range on JAAD dataset.

dataset). For a fair comparison, in the range [2-1] s, we use
the same evaluation protocol proposed in [[15], averaging the
predictions with a step of 0.1 s for JAAD and 0.2 s for PIE.

Results. Firstly, we evaluate our models on different an-
ticipation times and, eventually, measure the impact of the
goal module. Table [T| reports our results for different antic-
ipation times (from 4 s to 1 s). Depending on the dataset,
two main trends emerge when approaching the event. On
JAADy,;, dataset, all metrics remain stable approaching the
event confirming our intuition to forecast features in advance.
This behavior may also be related to the limited samples of
this dataset which is quite unbalanced yet on JAAD,;; this
trend is confirmed since no remarkable drops in performance
can be observed. Among the used models, RU-LSTM per-
forms the best in both cases. By contrast, on PIE dataset our
metrics increase when the anticipation time gets close to the
event. It is worth noting that RU-LSTM systematically im-
proves performance metrics compared to the other considered
models for the different anticipation times. In the [2 — 1]
s range, RU-LSTM outperforms the considered models on
JAADy,, dataset, while is on par with PCPA [15]] on JAAD,;
and PIE datasets. It is also worth mentioning that the stan-
dard protocol used in [[15] increases the number of training

samples considering overlapping windows. By contrast, our
proposed protocol dumps this overlapping technique leading
to a more realistic evaluation of this task yet largely reduc-
ing the number of training samples. This could also explain
the limited performance of RU-LSTM in the [2 — 1] s range,
where PCPA uses overlapping windows, while it outperforms
at fixed anticipation times all the models using the same num-
ber of training samples.

Table 2| reports an ablation study considering three differ-
ent fusion techniques for estimating future features: 1) In-
terpolation, where I;" is obtained as a linear combination
of fI" and G}", based on the time distance d; from the cur-
rent step to the frame corresponding to the event, i.e., I]" =
ﬁfd” x G + ‘li—f x fi"; 2) Concatenation followed by an
MLP layer; 3) Atiention, as defined in Sec. ‘We observe
that our goal module, with any considered fusion technique,
improves prediction metrics over the baseline, for all modal-
ities and anticipation times. Furthermore, depending on the
considered modality, a different fusion techniques could be
considered. For example, for bounding box coordinates, rep-
resenting pedestrian’s motion within the image, a linear re-
lationship over time is reported. By contrast, both pose and
local context features show a different trend. In this case,
concatenation and attention perform better. We select the
attention-based technique for all modalities to adapt to both
their linear and non-linear relationships.

In Table [3] we compare our model to state-of-the-art ar-
chitectures. RU-LSTM does not contain the goal module,
while G-RULSM uses future features estimation. We ob-
serve that G-RULSTM outperforms state-the-art-models for
JAADg.p, in addition to a noticeable improvement over RU-
LSTM. For JAAD,;;, goal-boosted G-RULSTM outperforms
our baseline for AUC and F1 metrics, which are more robust
metrics for unbalanced datasets. Our proposed model suffers
from a hard reduction of training samples, compared to [[15]
which limits its performance on larger datasets, e.g., JAAD,;;.
Nevertheless, our model is on par with CAPformer [[17]] and
outperforms TrouSPI-Net [19] for both subsets.

4. CONCLUSION

In this work, we revise the standard evaluation protocol used
to measure the performance of pedestrian intent prediction
models. We demonstrate that crossing events can be predicted
several seconds in advance with no (or negligible) impact on
the performance. To validate our intuition, we build upon an
action anticipation model a goal module to forecast future
features and improve its prediction metrics. This informa-
tion can increase prediction accuracy up to 3% compared to
models that do not envision future features.
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