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Abstract—An autonomous service robot should be able to in-
teract with its environment safely and robustly without requiring
human assistance. Unstructured environments are challenging for
robots since the exact prediction of outcomes is not always possi-
ble. Even when the robot behaviors are well-designed, the unpre-
dictable nature of the physical robot-object interaction may lead to
failures in object manipulation. In this letter, we focus on detecting
and classifying both manipulation and post-manipulation phase
failures using the same exteroception setup. We cover a diverse
set of failure types for primary tabletop manipulation actions. In
order to detect these failures, we propose FINO-Net (Inceoglu etal.,
2021), a deep multimodal sensor fusion-based classifier network
architecture. FINO-Net accurately detects and classifies failures
from raw sensory data without any additional information on task
description and scene state. In this work, we use our extended
FAILURE dataset (Inceoglu et al., 2021) with 99 new multimodal
manipulation recordings and annotate them with their correspond-
ing failure types. FINO-Net achieves 0.87 failure detection and
0.80 failure classification F1 scores. Experimental results show that
FINO-Net is also appropriate for real-time use.

Index Terms—Deep learning methods, data sets for robot
learning, failure detection and recovery, sensor fusion.

I. INTRODUCTION

URRENTLY, robots are not robust enough to safely handle

all house chores on their own, especially while executing
manipulation tasks in unstructured environments where they
continuously interact with humans and everyday objects [2]. It
is hard to predict the actual outcomes of actions in these settings,
where unintended or harmful consequences may arise. This is
due to the fact that the estimations on manipulation/interaction
parameters leading to success may be wrong due to incomplete
or incorrect internal representation of the world. Furthermore,
environmental factors (e.g., external events) may also prevent
proper action performance, leading to undesirable outcomes. In
such circumstances, ensuring the reliability and safety of the
robot manipulations is crucial [3].
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Fig. 1. Manipulation failures can be categorized along two dimensions: (i) one
for the collision time: either at the manipulation phase or at the post-manipulation
phase; and (ii) one for the object types that are in collision: either end-effector-
primary object collisions or primary-secondary object collisions. Failure types
on a set of primary manipulation actions (e.g., pick, push, stack, put-in-container,
pour) that we focus on in this study are categorized along these dimensions.

In industrial settings, safety measures are taken by external
safeguarding devices, and certain regulations and standards are
applied by operators [4], [5]. However, for autonomous oper-
ations in human workspaces, the robot itself is responsible for
the safety of its own actions. Situation awareness is, therefore,
required to make robots able to effectively operate in unstruc-
tured environments without assistance [6], [7], [8]. In this study,
we focus on these onboard situation awareness capabilities for
service robots.

If the robot can detect and classify a failure effectively,
it can react appropriately when confronted with it [9]. This
can be achieved through real-time monitoring of the robot
workspace during manipulation. In this letter, we present Failure
Is Not an Option (FINO)-Net to sense the presence of fail-
ures by multimodal exteroceptive sensors without integrating
any domain/task-specific knowledge. Previously, failure detec-
tion [10], [11] and failure type identification [ 12] were addressed
at the symbolic level [13]. In the context of scene analysis,
egocentric vision and audition were separately processed in
various relevant works, [14], [15]. Our works differ in that we
present FINO-Net as a data-driven framework for monitoring,
while we further integrate egocentric vision with audition to
complement each other.
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Our main interest is in failures that may occur during
real-time execution of primitive object manipulation actions,
where the robot end-effector is in close contact (i.e., with-
out tools) with objects on the tabletop. Failure types that we
consider involve collisions with objects (either manipulated or
secondary objects), missing objects being manipulated, over-
flowing or spilling the contents of a container, and overturn-
ing of objects (see Fig. 1). The causes of these failures are
as follows:

e improper alignment of the robot arm with respect to the
manipulated object due to unspecified or misidentified
parameters (e.g., grasping or pushing from a misaligned
orientation, pouring from high, etc.) based on the internal
representations of the world,

® incorrect estimations or perceptual errors on objects (e.g.,
underestimating the contents of a container),

® wrong assumptions about the skills of the self.

There is a large body of research addressing collision detec-
tion both in physical human-robot interaction and manipulation
tasks; most of them are, however, referring to collision detection
using only proprioceptive sensors [16], [14], [17], [15], [18].
For instance, torque/force sensors, microphones, and inertial
measurement units are used to detect physical collisions with
objects in manipulation settings [17]. Joint/end-effector and
object/human collisions are of particular interest in these works.
On the contrary, we focus on classifying both contact phase
and post-manipulation phase failures [19] affecting either the
primary objects being manipulated or the secondary objects that
are not in direct contact with the end-effector (Fig. 1).

In our earlier work [10], we presented a preliminary analysis
on contributions of different modalities, specifically propriocep-
tion, audition, and vision in the detection of manipulation fail-
ures. Our analysis reveals that proprioceptive sensors constitute
the primary source of information for detecting failures during
the manipulation phase, such as those encountered during grasp
and push actions. Nevertheless, proprioceptive sensing does
not yield valuable insights when addressing post-manipulation
phases (i.e. when the contact between the end-effector and
manipulated object ends). Effective post-manipulation failure
detection requires environmental monitoring and the use of ex-
teroceptive sensors since post-impact phase failures are further
expected. We, therefore, particularly address how to detect and
identify a robot manipulation failure by using exteroception
and provide an analysis of how exteroception enhances the
capabilities of proprioception.

When it comes to sensory data, which has a crucial role in
detecting and identifying failures, multisensory integration is
more desirable to take advantage of each sensor’s perceptual
contribution [1]. Recently, there have been great efforts to collect
large-scale multimodal robot manipulation data [20], [21], [22],
[23], [24]. These efforts, however, center around manipulation
skill learning tasks and ignore failures emerging during manip-
ulation executions. To the best of our knowledge, there are no
publicly available multimodal datasets on robot manipulation
failures.

In this context, the FAILURE [1] dataset is a collection of
the failed attempts of various robot manipulation actions (e.g.,
push, pour, pick&place, etc.) coming with multimodal sensor
readings such as RGB images, depth data, and audio waves.
Note that manipulation actions in our dataset are defined based
on the ontology introduced in [25]. At least one manipulation
type from each goal-oriented manipulation category is selected

from this ontology. FAILURE covers a variety of manipulation
failures that emerge from different affected objects or at different
manipulation phases. Fig. 1 depicts a categorization of failure
types. A failure can occur either during the manipulation phase
or in the post-manipulation phase. On the other hand, the end-
effector may get involved in a collision with the primary object,
or even the primary and secondary objects may collide with each
other. In this work, we address all these interactions during the
manipulation and post-manipulation phases.

To address the above-mentioned failures, we present FINO-
Net [1], a deep sensor fusion-based multimodal classifier net-
work for detecting and identifying manipulation failures. FINO-
Net can accurately detect manipulation failures by incorporating
visual (RGB and depth) and auditory modalities. In addition,
our network employs early fusion to combine RGB and depth
frames, while late fusion is further integrated to merge vision
and audio data. To represent spatio-temporal features in sensory
observations, modalities are processed separately with a series
of convolutional and convolutional-LSTM layers, and the latent
space representations are finally combined to detect potential
failures. In this work, we extend FINO-Net to further classify
manipulation failure types. Furthermore, we deeply analyze real-
time on-demand failure detection and classification capabilities
of FINO-Net on the extended FAILURE dataset.

Contributions of this letter are as follows: i) We introduce
the multimodal sensor fusion-based FINO-Net architecture.
ii) We analyze the FINO-Net performance for real-time on-
demand failure detection and classification. iii) We release the
extended FAILURE dataset as a multimodal (RGB, depth, and
audio) real-world dataset involving, in total, 324 manipulation
scenarios from 5 different manipulation types. This dataset also
contains annotations of failure types.

We here note that existing execution monitoring and failure
detection studies cover only a single manipulation action (e.g.,
grasping), where the main focus is on robot-primary object inter-
actions. In comparison, we cover a set of primary manipulation
actions (Fig. 1). Furthermore, we also address failures involving
both primary (i.e., manipulated main object) and secondary
objects (i.e., other objects with which the robot is not in direct
contact) in the workspace.

II. RELATED WORK

There is a large body of literature on failure detection and
execution monitoring. In some of these works, failure, fault or
anomaly keywords are used interchangeably. The work in [26]
summarizes deep learning-based anomaly detection for various
application domains. From the robotics perspective, there are
model-based and model-free approaches proposed for execution
monitoring [27]. The former approach compares the already
known models with observations, whereas the latter uses sensory
observation to make predictions [28], [29] [30].

Among recent works, [31] extends planning with a vision-
based execution monitoring system, [32] analyzes different
preprocessing techniques for introspective data to detect gear-
box failures. Non-parametric Bayesian models [33] and Non-
parametric Hidden Markov Models (HMMs) [34] are investi-
gated to detect and classify anomalies.

A multimodal execution monitoring system for assistive feed-
ing tasks is proposed in [35], [36], where the authors adopt
LSTM-based variational autoencoders to process multimodal
input from a sensor set including a camera, a microphone, a
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joint encoder, and a force sensor. In another work [37], multi-
modal cues are used to detect book manipulation failures on
shelves. The work in [38] fuses visuo-tactile cues for grasp
failure detection. Furthermore, [12] extracts predicates from
multimodal inputs, which are then combined for anomaly-cause
identification. In a later work [39], end-to-end approaches are
also investigated.

Our work differs from these studies in that it addresses the
problem of detecting and identifying manipulation failures,
which are mainly caused by uncertainties in perception and
execution. Unlike the works in [35], [36], where the focus is
on the failures emerging during human-robot interaction, our
work investigates the robot-object interaction failures observed
over the course of object manipulation.

Instead of hand-crafted features such as gripper status, audio
events, and object displacements used in [10], [40] or sound
energy, spoon position, and mouth position employed in [35],
[36], our proposed perception framework learns feature repre-
sentations directly from the raw multimodal sensory data in an
end-to-end fashion.

III. REAL-TIME DETECTION AND CLASSIFICATION OF
MANIPULATION FAILURES

In the following subsections, the problem description, data,
and network details are presented.

A. Problem Description

Manipulation failures are inevitable in unstructured envi-
ronments due to limitations in perception, estimation, and the
physical capabilities of the robot. For safety reasons, robots need
to be situationally aware of their actions’ outcomes. Situation
awareness can be formally defined as the spatio-temporal per-
ception of the elements in the environment, their interpretation,
and the projection of their state in the near future [41].

In order to build situationally aware robots, their execution
should be continuously monitored, as an unexpected event may
occur in any phase of the execution. An execution monitoring
system should, therefore, incorporate both spatial and temporal
information obtained from the sensors to interpret changes in
the scene during manipulation. Furthermore, monitoring the
execution with multiple sensors is helpful, as each sensing
modality provides complementary information [1], [10], [40].

In this work, we focus on real-time and on-board detection
and classification of tabletop manipulation failures caused by the
robot itself (i.e., egocentric perception with sensors mounted on
the robot). We define manipulation failure detection as the pro-
cess of detecting unexpected outcomes during robot execution,
whereas failure classification refers to explaining the types of
failures.

For addressing the aforementioned problems, failure de-
tection and failure classification problems are modeled as
classification tasks, where the inputs are multisensory ob-
servation sequences and the targets are y € {success, fail}
for detection, and y € {success, collision, miss, over flow,
spill, overturn} for classification.

Let M = J,,(m € {RGB, Depth, Audio, etc.}) be the set
of sensing modalities. z}" is a complete observation sequence
obtained from modality m (e.g., all RGB images of a pouring
action), and ¢ is the manipulation recording index of the multi-
modal observation sequence. x; ‘™ represents an observation
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TABLE I
DISTRIBUTION OF THE MANIPULATION DATA
#Successes #Failures Total
Manipulation | Existing New  Total Success | Existing New Total Failure
Push 12 18 30 19 12 31 61
Pick&place 13 2 15 30 2 32 47
Pour 25 24 49 42 4 46 95
Put-in-container 23 21 44 31 9 40 84
Stack-a-tower 9 4 13 21 3 24 37
\ Towl | 82 69 151 [ 143 30 173 [ 324 |

(e.g., a single RGB frame) at time step ¢,, where t,, is the
sampled time index for modality m. We construct a dataset D
(|D] = N) containing multimodal observation sequences as:

D= {{(x]", . al )y (1)

The goal is to learn a function ®(+) that classifies multimodal
sensory data to a label y as:

_‘I)((bl(xllw"a 111)7" a(bm( 7"

B. Data

In our previous work, we introduced the FAILURE dataset [1].
To the best of our knowledge, there currently exist no public
datasets with multimodal robot execution traces for both suc-
cessful and failed cases, covering a diverse set of manipulation
actions.

Our FAILURE dataset is constructed by using a Baxter hu-
manoid robot equipped with the following equipment: a parallel
gripper, an Asus Xtion Pro RGB-D camera mounted on the
head, and a PSEye microphone mounted on the lower torso
(See Fig. 2). During the data collection, the robot is tasked
to execute a manipulation action, and all synchronized sensor
readings (i.e., RGB/RGB-D image streams and audio waves)
are then simultaneously recorded.

In this work, we extend the dataset with 99 new manipulation
execution recordings. Table I presents the distribution of the
existing and newly collected data.

Furthermore, we have annotated failure cases in each record-
ing in the FAILURE dataset. The resulting execution status types
are as follows:

® Success: Execution is completed as expected. Minor devi-

ations from the expected target location or orientation are
tolerated.

® Collision: A collision failure occurs during all action exe-

cutions except pour. In this failure type, both the manipu-
lated object and secondary objects are affected.

La™m)) . (2)
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Fig. 3. FINO-Net Architecture.
TABLE II

DISTRIBUTION OF FAILURE TYPES BY MANIPULATION ACTION

Type \Action

put-in-container

pour

push

place

stack-a-tower

Total

Success
Collision
Miss
Overflow
Spill
Overturn

i
33
7

50

25
20

30
2
6

23

15
23
7

13
19
2

152
71
22
25
20
28

\ Total | 84 9% 6l 47 [ 324 |

Miss: A miss failure occurs during all action executions
except pour. The robot either completely fails to interact
with the object or fails to grasp it due to alignment errors.
This failure type emerges when the location or size of the
target object is miscalculated.

Overflow: An overflow failure is particularly obtained dur-
ing the execution of a pouring action. The poured content
completely fills the target container and keeps on overflow-
ing onto the table.

Spill: A spill failure occurs during a pouring action. The
poured content is spilled onto the table due to alignment
errors, the pouring velocity, the size mismatch between
source and target containers, etc. In comparison to overflow
failure, in this failure type, the target container is not full
at the end of the execution.

Overturn: An overturn failure occurs during either pushing,
placing, or stacking-a-tower action. In this failure type,
only the manipulated object is affected and overturned
during the manipulation phase.

During failure annotation, we grouped the interactions be-
tween the robot, the target object, and the other objects in the
workspace. Table II presents the distribution of failure types over
manipulation actions. Note that the presented failure classes
are challenging, as i) a single failure type can occur during
the execution of different actions. For instance, an overturn
failure can be observed during either a put-in-container, place,
or stack-a-tower action; ii) a manipulation action can result in
different types of failures. For instance, during the execution of
the pour action, overflow or spill failures can be observed.

C. FINO-Net

We present FINO-Net, a deep sensor fusion-based multimodal
classifier network to detect manipulation failures using onboard

sensory data in real-time. An earlier version has appeared in [1].
This work extends FINO-Net to further classify manipulation
failure types. We further present a detailed analysis of failure
detection with the extended dataset.

The inputs of the network are composed of RGB () and
depth () frames captured from the head camera and audio
waves (z) recorded over the course of a robot manipulation
action. FINO-Net adopts early fusion (z! = 2 U 2”) to com-
bine RGB and depth frames, while applying late fusion (®) to
combine visual (¢ ;) and auditory (¢ 4 ) features. The architecture
processes visual and auditory inputs individually with a series
of convolutional and convolutional-LSTM (convLSTM) layers.
Finally, in the fusion step, the latent space representations are
concatenated into a feature vector, and fed to the fully connected
layers. The overall FINO-Net architecture is depicted in Fig. 3.
In the following subsections, we elaborate more on the network
architecture.

1) Vision (¢5): In the preprocessing step, 8 RGB and depth
image pairs are sampled, representing the complete execution
sequence. Prior to the sampling step, self-occluded frames are
eliminated with a depth-based thresholding approach. The re-
maining samples are roughly segmented into approach, manip-
ulate, and retreat phases. Then, from each approach and retreat
phase, 4 frames are sampled.

To process spatio-temporal features in RGB and depth frames,
convLSTM cells are employed. A typical LSTM cell is im-
plemented using fully connected layers, while a convLSTM
replaces these with convolution operators.

The visual branch consists of three main blocks (see the top
branch in Fig. 3). Each block is composed of two convolutional
layers and a convLSTM layer. RGB and depth frames are early
fused by stacking on top of each other before feeding into the
first visual block. Inside each block, the filter numbers remain
the same for all convolutional and convLSTM layers. Each
convolutional layer has 3x3 filters. Before applying convLSTM
layers, max pooling is applied to cut the number of features
by half. Each block also has batch normalization and dropout
layers.

We note that the total number of convolutional-LSTM blocks
in the visual branch is determined empirically. Reducing the
number of these blocks results in lower representation ca-
pacity. Although increasing the number of blocks improves
accuracy slightly, the number of parameters increases drasti-
cally. Thus, having three blocks is the most ideal choice when
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considering the trade-off between accuracy and computational
complexity.

2) Audition (¢ 4): In our earlier works [10], [40] we have
shown that the use of audition data helps in detecting drop and
collision types of failures for which RGB and depth data do
not provide sufficient clues due to occlusions, etc. Therefore,
audition data was used as a complementary modality to the
others. Our earlier work on audition data processing involved
Mel Frequency Cepstral Coefficients (MFCCs) as a representa-
tion for auditory monitoring, where Support Vector Machines
were employed to classify audio features into symbolic states:
drop, collision, idle and ego-noise [10], [40]. In comparison,
FINO-Net directly classifies MFCC features into execution
states: success or failure.

FINO-Net adopts a convolutional network composed of two
convolutional layers followed by a max pooling layer (see the
bottom branch in Fig. 3). There are 64 filters in each layer, with a
filter size of 32. As input, we use single-channel audio recordings
with a 16 kHz sampling rate. The raw audio signal is divided into
32-millisecond windows. For each window, Short Time Fourier
transform is applied to convert the signal into the frequency
domain. A Mel filter bank is then employed, and 20 MFCCs
are obtained. The number of audio windows is fixed by either
applying padding or clipping.

3) Fusion (®): FINO-Net adopts a late fusion approach to
combine visual and auditory modalities. We introduce the fol-
lowing model:

= (pr(xlr, .. i) @ pa(z™, ..., zt)),  (3)

where ¢,,, is a unimodal convolutional neural network that acts
as a feature extractor, € is the concatenation operator, and ¢
is the late fusion-based classifier network. In the fusion step,
vision and audition features, obtained from the final output of
each modality, are concatenated into a single feature vector. The
fusion layer is composed of two fully connected layers as shown
in Fig. 3.

4) Regularization: Batch normalization is applied after each
convolutional layer for regularization. To boost the roles of basic
features (e.g., edges and curves), a central dropout approach is
adopted with a probability rate of 0.4. After each convolutional,
convLSTM, and fully connected layers, a dropout layer is in-
serted except for the first convolutional layer in Block 1 and the
last convLSTM layer in Block 3.

IV. EXPERIMENTS

In this section, we quantitatively assess the prediction perfor-
mance of the FINO-Net architecture on both failure detection
and classification tasks using our extended FAILURE dataset.
Additionally, we explore the real-time monitoring performance
of FINO-Net. For this purpose, we first look at the effect of
sampled frames from a robot execution. Next, we investigate
the prediction accuracy within different temporal segments of
the execution.

A. Quantitative Evaluation

For the quantitative assessment, the extended FAILURE
dataset is split into training (70%), validation (10%), and test sets
(20%). All network weights are initialized randomly and trained
for 250 epochs using the Adam optimizer with a learning rate of
le — 5. An early stopping strategy is adopted to select the best
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TABLE III
QUANTITATIVE EVALUATION

Failure Detection Failure Classification

Pr Re Fl1 Pr Re F1
FINO-Net-RGB 0.7667  0.7567  0.7617 0.6924  0.6216  0.6551
FINO-Net-D 0.6898  0.6756  0.6826 0.7302  0.6486  0.6869
FINO-Net-RGB-D 0.7817  0.7567  0.7690 0.6846  0.6756  0.6801
FINO-Net-A 0.6801  0.6486  0.6640 0.7475  0.6216  0.6788
FINO-Net-RGB-D-A  0.8665 0.8648  0.8656 0.8085 0.7837  0.7959

model based on validation set scores. The test scores obtained
with the selected best models are reported in the following
subsections.
To prevent overfitting, we augment the data by applying color
augmentation and random flipping. For instance, the brightness,
contrast, saturation, and hue values of all images in a sequence
are randomly changed with a probability of 0.2. In a similar fash-
ion, each image sequence is flipped vertically with a probability
of 0.5.
FINO-Net is trained with the following inputs for both detec-
tion and classification tasks:
® FINO-Net-RGB: The network is trained with RGB frames.
® FINO-Net-D: The network is only trained with the depth
(D) frames.

® FINO-Net-A: Only the audio (A) branch is trained. After
the convolutional layers, a single fully connected layer with
64 neurons is appended.

® FINO-Net-RGB-D: The visual branch of FINO-Net is
trained by stacking the RGB and depth frames as input
to the network.

® FINO-Net-RGB-D-A: The entire network is trained with

all the given modalities.

Table IIT presents obtained quantitative results. FINO-Net-
RGB-D-A is able to achieve the highest F1 scores for failure
detection and classification (0.8656 and 0.7959, respectively).
The same trend is observed in precision and recall scores in
both tasks. These results verify that multimodal sensor fusion
yields higher scores as visual and auditory modalities provide
complementary information.

We further investigate two different approaches for the failure-
type classification task. First, a stand-alone approach is con-
ducted to simultaneously detect and classify failures. In this
approach, the network is trained with both successful and failed
executions, thus, there are in total 6 class labels (i.e., success
and failure types). Next, a cascaded approach is considered,
where the failure classification network is only triggered once
a failure is detected. For this purpose, we excluded successful
executions from the dataset and trained the network only with
failed samples.

Fig. 4 presents confusion matrices for stand-alone and cas-
caded approaches, respectively. Looking deeper into the results,
we observe that models confuse classes due to the scene simi-
larities in the post-manipulation phases. For instance, particles
are laid on the table due to overflow or spill failures. Primary
object locations and orientations change whenever a collision or
overturn failure occurs. Even though the sources of the failures
are distinct, and different failure indicators are identified in the
manipulation phase, similar scene states are very likely to be
observed in the post-manipulation phase. All these reasons form
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TABLE IV
EFFECT OF FRAME SAMPLING. AVERAGES OF 50 PREDICTIONS

Failure Detection

Failure Classification

Pr Re F1

Pr Re F1

FINO-Net-RGBD
FINO-Net-RGBDA

0.7331 £ 0.045
0.8201 + 0.044

0.7276 + 0.041
0.8092 £ 0.043

0.7274 £0.041
0.8054 £ 0.045

0.6987 £+ 0.045
0.8154 + 0.039

0.6805 + 0.049
0.7795 + 0.047

0.6820 £ 0.046
0.7884 £ 0.043

FINO-Net-RGB-D-A Classification FINO-Net-RGB-D-A Classification
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Fig. 4. (a) Confusion matrix for stand-alone FINO-Net-RGB-D-A failure
classification. Success class is included. (b) Confusion Matrix for cascaded
FINO-Net-RGB-D-A failure classification. Success class is omitted.

Detection
BN (Classification

20 30 40 50 60 70 80 90 100
Execution Completion Rate (%)

Fig. 5. Analysis on real-time demands for failure detection and classification.
Different rates of the observation sequence of the execution are provided to
FINO-Net-RGB-D-A model.

the main source of misclassifications captured in the confusion
matrices.

FINO-Net can also make predictions on demand. In order to
assess the suitability of FINO-Net for real-time deployment on
the robot, two analyses are conducted. First, each manipulation
is temporarily segmented by execution’s completion rate. Next,
8 RGB and depth frame pairs are sampled from the beginning to
the end of each segment for the detection and identification tasks.
Fig. 5 reports the results of this analysis. Typically, indicators
of failures are observed during the second half of the execution.
Results verify that the model makes more reliable predictions to-
wards the end of manipulations as more descriptive information
becomes available. Note that the models are only trained with
frames sampled from the complete manipulation sequence. Yet,
FINO-Net is still capable of detecting and identifying failures
in the absence of a complete manipulation sequence.

The performance of our FINO-Net model is also affected by
the sampled images, as these frames may not necessarily contain
enough information about the failure phase or may fail to capture
the effects of the failure. In order to measure the effect of the
quality of the sample images, 50 different image sequences are
randomly sampled for each manipulation. Average results are
given in Table I'V.

B. Qualitative Evaluation

We also demonstrate how FINO-Net behaves in a longer
compound scenario where multiple manipulations are chained.
For instance, in the scenario illustrated in Fig. 6, the robot first
executes a successful pouring followed by a successful put-in-
container and a failed pushing action. In this long manipulation
sequence, the scene contains not only task-related objects but
also novel secondary objects, which are not presented in the
training phase.

As depicted in Fig. 6, FINO-Net-RGB-D detection and clas-
sification models make correct predictions for all three manip-
ulation actions. For the second manipulation action, FINO-Net-
RGB-D-A detection and classification models make incorrect
predictions as, during the put-in-container phase, a sound event
is observed (i.e., the transparent container collides with the
purple container). For the final manipulation action, all mod-
els except the FINO-Net-RGB-D-A classification model make
correct predictions. Even though the model catches the failure,
it confuses overturn with collision.

The audio modality is challenging to work with since envi-
ronmental background noise and the robot’s ego noise affect
the model’s performance. Furthermore, most of the object in-
teractions generate a sound event regardless of the manipulation
success (e.g., pouring pasta into the pan). Various types of sounds
are generated from object-object interactions [15]. Even though
the FAILURE dataset includes a variety of object materials, the
FINO-Net architecture naturally faces difficulties in discrimi-
nating successful and failed sound events on new unseen object
materials.

C. Generalization Performance on Novel Actions

Supplementary experiments are carried out to assess general-
ization performance of FINO-Net on novel actions. A wiping
scenario is selected as a case study where 11 new out-of-
distribution test samples are collected in the real world. In this
particular scenario, a cooking scene that is more cluttered, as
compared to the training dataset, is arranged featuring novel
objects. There is spilled pasta on the table, and the goal of the
robot is to wipe pasta into a predefined location (i.e., to the
left side of the workspace) (See Fig. 7). Occasionally, a human
participant also intervenes the task execution by placing a new
object on the table, removing or displacing the object from the
table. The manipulation is considered failed if any collisions
occur within the scene.

The obtained F1 scores for the wiping scenario are 0.64 and
0.36 for detection and classification, respectively. Note that we
applied no additional network training. This test setup imposes
quite a few challenges (e.g., novel objects and unseen scene
setup; dynamic intervention of the human, etc.). Despite all
these challenges, we still obtain a relatively high detection score
(0.64). The same performance is indeed not visible when it
comes to the fine-grained classification task, as the network starts
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Fig. 7. Sample images for wipe action execution. (a) The robot wipes the

spilled pasta on the tabe. (b) The robot collides with the pasta box during
manipulation. FINO-Net correctly detects failure and success cases.

getting confused with the causes of failures. This deficiency is
due to the fact that the scene involves many out-of-distribution
objects, such as spilled pasta, frying pan, etc. This naturally
leads to confusion, even though FINO-Net accurately detects
the failure. These findings convey the fact that the scalability
of the proposed network needs to be improved with more data,
particularly for fine-grained identification tasks. Supplementary
results and materials are available at the project page.!

V. CONCLUSION

Previous studies investigated model-based and data-driven
execution monitoring systems. In our previous works [10], [40],
we have also represented auditory and visual inputs as symbolic
predicates. However, data-driven manipulation failure detection
and classification approaches have been underexplored due to
the lack of open-source robot execution datasets. This work
bridges the gap by providing FAILURE, an open-source, mul-
timodal real-robot execution dataset. In this work, we extend
the FAILURE dataset with 99 new multimodal manipulation
executions and annotate each with the corresponding failure

![Online]. Available: https:/air.cs.itu.edu.tr/projects/finonet.html

type. We present the FINO-Net architecture as an end-to-end
framework that directly learns the relationship between inputs
and targets for both failure detection and failure classification
tasks. Quantitative results indicate that FINO-Net is capable of
successfully detecting and classifying failures.

Working with the audio modality is challenging as different
object material types have different sound characteristics. We
have included materials such as letter, plastic, and wooden
objects in our dataset. However, we may expect performance
drops on novel object-object & robot-object interactions, in
particular, when the object is from out-of-distribution. Envi-
ronmental noises (sound events generated outside the robot’s
workspace) are also left as future work. The current version of
the data is recorded in a semi-controlled environment where the
room was near silent, although some recordings still contain
robot fan and air conditioner noise in the background.

Our findings also verify that visual and auditory modalities
are complementary to each other and performance is boosted
via fusion. In future work, we plan to focus on anticipation of
failures even before they occur. Thus, any potential damage can
be minimized and safety can be assured.
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