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Siamese Network for assembly step recognition and quality assessment
for Human-Robot Collaboration

Martina Pelosi12, Letizia Repizzi1, Andrea Maria Zanchettin1, Paolo Rocco1

Abstract— Interest in Human-Robot Collaboration is contin-
uously growing in the industrial field, leveraging human cogni-
tive capabilities with the consistent repeatability and reliability
of robots to enable flexible production while enhancing working
conditions. Within this context, the goal of this paper is to
recognize assembly steps by presenting a Siamese Network-
based approach adaptable to different assembly scenarios.
The Siamese Network compares images captured during the
process with a previously acquired reference dataset to identify
the last executed assembly step and evaluate its correctness.
The model’s effectiveness was proved offline by comparing its
performance with pre-existing OpenCV feature-matching tools.
Additional online experiments were performed on three assem-
bly cases exploiting a hand-tracking algorithm to communicate
the operation’s completion. The results highlight the versatility
and reliability of the proposed methodology, which offers a
straightforward solution for recognizing assembly steps without
the need for extensive training or complicated setups.

I. INTRODUCTION

With the advance of Industry 4.0, manufacturing is mov-
ing towards flexible and customized production. Interest in
Human-Robot Collaboration is steadily growing due to its
promising advantages: unlike traditional automated setups,
collaborative systems can leverage exceptional human cogni-
tive abilities alongside the high robot repeatability, precision,
and fatigue resistance. This enables the required flexibility
while also relieving humans from physically or mentally
demanding tasks [1],[2]. Nevertheless, several challenges
must be addressed to maximize the technology’s potential,
fostering effective and efficient collaboration. In collabora-
tive assembly scenarios, human actions play a crucial role.
Thus, the primary goal is to enable robots to quickly per-
ceive and comprehend human behavior, facilitating efficient
intervention and accurate action execution [3]. Consequently,
developing intuitive communication systems between the
two, without the need for complex interfaces, is essential
[4]. Furthermore, human involvement is a potential source
of errors, leading to imperfections in the final assembly
[5]. Therefore, human error detection methods employed
during assembly execution are fundamental to mitigate error
propagation.
This paper employs a vision-based comparative approach
to recognize the assembly step carried out by the hu-
man operator, simultaneously evaluating its correctness and
highlighting possible execution errors. A Siamese Neural
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Informazione e Bioingegneria (DEIB), Piazza Leonardo da Vinci 32, 20133,
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Network (SNN) was properly trained to highlight chromatic
and geometric differences between two images of the same
product at different assembly steps. Specifically, an online
acquired image is compared with a reference set for the
assembly steps to detect the last executed operation and
possible human errors. The main contributions of the method
are listed below.

• No model re-training is needed for new products enter-
ing the production line. Capturing new reference images
is only required, as the assembly steps are identified by
comparing the current instance with a reference dataset
representing specific assembly actions, and the training
dataset includes various assembly types, collecting all
visual features typical of most industrial products.

• The model recognizes assembly operations, simultane-
ously detecting human errors and inconsistencies during
the process.

• The training dataset composition allows the network to
be robust to the shadow variations of the assembled part
and different light exposure.

In Section II, the previous works about human error
detection and assembly operation recognition are collected.
Section III describes the Siamese Network structure, the
composition of the training dataset, and the training results.
In Section IV, the SNN performances are tested offline and
compared to pre-existing OpenCV feature detectors. Section
V contains the experimental validation of the method. In
Section VI, some concluding remarks are exposed.

II. RELATED WORKS

Several works in scientific literature study human error
detection and activity recognition, often treating these tasks
separately [6],[7]. Traditional automated inspection occurs
at the end of the assembly line, resulting in delayed er-
ror detection and significant reworking costs. Consequently,
there is a growing interest in Computer Vision algorithms
to identify non-conformities during the assembly process,
aiming to mitigate errors and ensure the required quality
level [8]. For instance, Automated Optical Inspection (AOI)
is crucial for complex defect detection in the Printed Circuit
Boards (PCBs) field. Bhardwaj et al. [9] employed classic
image processing techniques, such as image subtraction,
template matching, and histogram matching, to detect and
locate defects and missing components in Surface Mounted
Devices used in PCBs. Unlike our approach, this method
requires uniform light intensity to remove component shad-
ows interfering with detection. Using Machine Learning
or Deep Learning classifiers could solve this problem. For



Fig. 1: Siamese Neural Network architecture: two parallel Convolutional Neural Networks with four convolutional layers with kernel ki, stride Sti and
channel number Chi, four max-pooling layers with kernel kPi

and stride StPi
and 3 fully connected layers with FC-units FCUi

example, Ojer et al. [10] developed a real-time monitoring
system based on classifiers trained with synthetic images
representing the board with and without the part mounted
to separately verify the presence of each PCB component.
Nevertheless, new training is necessary whenever a new
assembly component is introduced. Chen et al. [8] explored
solutions for assembly action recognition and missing com-
ponents detection. They trained a 3D CNN with different
image sequences to recognize ongoing operations. Despite
achieving high accuracy, the training dataset is limited to
only 9 common assembly actions, requiring extension and
model re-training for new operations. In addition, they used
a Fully Convolutional Network to segment and recognize the
presence of parts in the assembled product, using images
rendered from the assembly CAD model as training data.
However, the method relies on the CAD model of the
analyzed product, showing a possible limitation.
Regarding human operation recognition, several studies ex-
ploit human-object interaction to infer ongoing actions. For
instance, Eversberg et al. [11] trained a Deep Neural Net-
work to classify assembly steps based on the poses of the
worker’s hands and head and relevant tools and objects
for operations. Although only a few assembly recordings
are enough to train the model, this approach requires re-
training for each new assembly process and was validated
only on a non-industrial use case. Lucci et al. [12] overcame
the training-related issue with neural networks by using a
library of predicates to detect objects in hand and occupied
working volumes, enabling both action recognition and hu-
man error monitoring. While offering seamless human-robot
collaboration, the approach requires reflective stripes on the
object surfaces to locate them, not allowing for actual object
recognition.
In addition, few-shot learning techniques offer good prospec-
tives in making Deep Learning algorithms more easily adapt-
able to different applications. In particular, Siamese Neural
Networks (SNN) learn similarity metrics between inputs and
work as zero-shot learning methods by comparing the current

instance with a reference set [13]. Several SNN applications
can be found in facial and handwriting recognition, but
their use has extended to defect detection and human action
recognition. For example, Kurek et al. [14] applied an SNN
to verify drill wear states by comparing images of drilled
holes. Concerning the action recognition problem, vision-
based SNNs have been employed in sports to classify table
tennis strokes [15] or to assign the score comparing the
athlete’s performance with reference sequences [16]. In ad-
dition, SNN models were explored to classify generic human
actions using human movement data, exploiting, for example,
accelerometer data [17] or 3D human skeletal joint sequences
[18]. Nevertheless, complex dataset collections and wearable
devices are typically required in these applications. To the
best of the authors’ knowledge, our approach represents the
first application of SNN for assembly operation recognition,
requiring just one online image acquisition per assembly step
instead of time sequence data and exploiting a hand-tracking
algorithm for easy communication.

III. THE SIAMESE NEURAL NETWORK

A. Network’s architecture

The Siamese Neural Network (SNN) is the key component
of the method, as it allows the recognition of assembly
steps without the need for repetitive retraining to learn new
operations. Only new reference images are required, as it
detects the current assembly step by comparing an image
taken during the process with a small reference dataset. It
comprises two Convolution Neural Networks (CNNs), shar-
ing identical weights and structural parameters, as depicted
in Figure 1. The input of each CNN is a squared RGB
image with a resolution of 400x400 pixels. This value was
chosen as a trade-off between computational cost and the
possibility of discerning small details. The decision to use
RGB images aims to enable the network to learn both geo-
metrical and chromatic features of objects. The input image
is processed through four convolutional layers, interspersed
by the Rectified Linear Unit (ReLU) activation function and



Fig. 2: Training data examples. Above, 0-labeled pairs of identical assembly stages or industrial tools; below, 1-labeled pairs of various assembly stages
of the same product, objects with varied colors, and completely different objects

a max-pooling layer to enhance computational efficiency
by reducing convolutional output dimensions. Additionally,
three Fully Connected layers complete the architecture of
both CNNs, allowing the final transformation of the input
images into feature vectors. To learn dissimilarities between
feature vectors, the SNN architecture employs an Euclidean
Distance (D) - based Contrastive Loss Function (CL):

CL = (1− Y )
1

2
(D)2 + (Y )

1

2
max(0,m−D)

2 (1)

D = ∥Fout1 − Fout2∥

with Fouti the output feature vector of the i-th CNN, Y =
(0, 1) the input image pairs label (0 for identical images, 1
for different ones), and m = 2 the margin.

B. Training dataset

The training dataset was composed to enable the network
to detect small variations between images, facilitating the
distinction between different steps in the same assembly
process. With this purpose, it comprises images of assembled
parts captured at different stages of various kinds of assem-
bly. Some industrial tools and objects were also included
to expand and diversify the dataset allowing the model to
learn specific features of industrial parts, like the presence of
holes, screws, or sharp edges. Additionally, different colored
objects were introduced to enable the network to recognize
chromatic features. The data collection process produced
120 distinct classes, each containing 20 images of the same
item by color and geometry. These images were captured
by rotating the objects manually on a white surface while
keeping a constant distance between the camera and the
table. This setup enhances the object-background contrast,
helping the network to focus on the item and reducing the
misclassification risk. Moreover, maintaining a fixed camera-
table distance allows the network to learn to recognize
objects of different sizes. Furthermore, assuming a fixed
light source, manual rotation of the object causes its shadow
always to change shape while remaining on the same side
of the object. Under these conditions, including images of a
specific object captured from different angles within the same
class allows training a rotational-invariant model, ensuring

that changes in the shadow’s appearance do not affect the
network’s predictions.
To expand the dataset, original data were digitally aug-
mented, generating additional 60 images per class. First,
20 images were created through horizontal and vertical
translations of the originals, with a maximum shift of 10%
of the size. Subsequently, the resulting 40 images were
further augmented by introducing small random variations in
contrast and brightness to enhance the network’s robustness
to different levels of contrast and light exposure. This process
led to a final dataset of 9600 images, divided into training
and validation sets: 80% of the images were used to train
the model and the remaining 20% to validate the results.
Equal and different images were randomly paired with a
50% probability, labeling with 1 pairs of images belonging
to different classes, while pairs from the same class were
labeled with 0. Some examples of image pairs included in
the dataset are shown in Figure 2, together with their labels.

C. Hyper-parameters tuning and training results
A grid search tuning process was applied to key hyper-

parameters affecting performance, specifically learning rate
(lr) and batch size (bs). The model was trained for 50 epochs
for every possible combination of values from the following
predefined sets: lr = [0.001, 0.0001, 1 · 10−5, 0.0005, 5 ·
10−5, 5 · 10−6], bs = [16, 32, 64, 132]. After analyzing
the loss function and accuracy trends, the optimal values
were determined to be lr = 0.0001 and bs = 132 as a
trade-off between performance and computational efficiency.
Higher lr caused unstable loss trends and decreased accu-
racy, while smaller bs led to more oscillatory loss functions
with higher convergence values. On the other hand, lower
lr and higher bs produced excessively high computational
costs, significantly increasing training times. In addition, the
most influencing architectural-related parameters were tuned
using a random search approach. These parameters include
the number of channels Chi and kernel size ki for each
convolutional layer, as well as the number of units FCUi

for each Fully Connected layer. Table I outlines the final
values derived from the overall tuning processes, which were
then employed for model training. The stride values for both
convolutional and max pooling layers (Sti and StPi

), as well



lr bs Ch1 Ch2 Ch3 Ch4 k1 k2 k3 k4 St1 St2 St3 St4 kP i StP i FCU1
FCU2

FCU3
0.0001 128 64 128 128 256 8 7 4 3 3 1 1 1 2 2 4096 256 2

TABLE I: Network hyper-parameters values after tuning

(a) Loss (b) Accuracy (c) Validation precision, recall, F1-score

Fig. 3: Training and validation curves: descending loss function trend converging to 0.02, increasing accuracy converging to 0.98, and ascending validation
precision, recall, and F1-score converging around 0.99

as the kernel size for max pooling (kPi ), were user-defined,
as they were observed to have less impact compared to the
other parameters.
After tuning, the network was finally trained for 140 epochs.
The resulting training and validation curves are depicted in
Figure 3, showing the trends over epochs of loss, accuracy,
as well as precision, recall, and F1-score for the validation.
Computation of the accuracy involved defining a dissimi-
larity threshold Thdiss, set equal to 1 in this phase. Pairs
of input images leading to dissimilarity below Thdiss are
classified as equal images, while higher dissimilarity indi-
cates differing images. The resulting curves show a positive
model training trend, reflecting a significant improvement
over epochs in the model’s capability to classify instances
correctly. There is no sign of overfitting, as validation curves
closely track training ones.

IV. OFFLINE PERFORMANCE VALIDATION AND
COMPARISON WITH OPENCV FEATURE DETECTORS

An offline testing campaign was performed to verify the
model’s ability to discriminate between different objects. The
SNN’s performance was compared with two OpenCV fea-
ture detectors: Scale-Invariant Feature Transform (SIFT) and
Oriented FAST and rotated BRIEF (ORB). These tools are
specifically designed to identify and match similar features
across two input images, even when rotations or translations
are involved. A testing dataset was created following the
same procedure outlined in Section III for composing the
training dataset but choosing assembled parts and tools
not used for training. The final testing dataset includes 25
classes, each containing 80 images. To thoroughly analyze
the trained model’s capability to distinguish between similar
and dissimilar objects, three types of experiments, involving
5 tests each, were conducted. First, pairs from the same
and different classes were randomly selected with a 50%
probability. The second experiment was performed by pairing
images only from the same class. Lastly, only pairs of

different images were involved. The network’s performance
was assessed against the OpenCV feature detectors for each
experiment by computing four KPIs: accuracy, precision,
recall, and F1-score. Table II presents the average results
for each test type. The outcomes show that the Siamese
Neural Network consistently outperforms the pre-existing
feature matching tools, demonstrating robust performance in
all experiments. Although SIFT and ORB appear a bit more
accurate than the SNN in recognizing different images, their
effectiveness collapses dramatically in matching features in
similar images. The different appearance of shadows in the
images, produced by the manual object rotation, probably
interferes with the prediction of these models since, unlike
the SNN, they have not been trained to avoid it.

Accuracy Precision Recall F1-score
SNN 0.867 0.817 0.938 0.873

Random selection ORB 0.553 0.532 0.995 0.733
SIFT 0.561 0.536 0.993 0.696
SNN 0.789 0 - -

Equal pairs ORB 0.103 0 - -
SIFT 0.117 0 - -
SNN 0.932 1 0.932 0.971

Different pairs ORB 0.995 1 0.995 0.997
SIFT 0.993 1 0.993 0.996

TABLE II: Offline testing results: performance comparison between SNN
and OpenCV feature detectors, SIFT and ORB

V. EXPERIMENTAL VALIDATION AND USE CASE

The SNN’s ability to recognize assembly operations and
errors was validated online by testing three different use
cases. This Section explains the experimental results, pro-
viding an overview of the setup, the hand-tracking algorithm
for communicating operation completion, and the process for
selecting the dissimilarity threshold to identify human errors.

A. Experimental setup and validation algorithm

The experiments were conducted by exploiting a KinectV2
vision sensor to capture the scene. It was placed 1.25 meters
above the working table to ensure optimal data capture,



obtaining detailed visual information while maintaining an
adequate field of view. Human hands are tracked using the
Mediapipe Hand Landmarker solution [19], providing real-
time information on the location of 21 hand keypoints. When
the Middle Finger Metacarpophalangeal joints (MFM in Fig-
ure 4b) of both hands leave the green reference working area
(Figure 4a) to grab the next assembly component, the current
assembly stage is considered complete. The current image
of the assembled part, corresponding to the red assembly
area, is captured and input to the SNN. The hand-tracking
algorithm enables natural interaction between the robot and
the operator, eliminating the need for explicit human com-
munication or Human-Machine Interfaces (HMIs) to signal
the step completion.

(a) KinectV2 sensor field of view (b) MFM joint

Fig. 4: Hand-tracking algorithm: when the ongoing operation is completed,
i.e. both MFM joints exit the green reference area, an image of the
assembled part is captured, cropping the red assembly area

B. Dissimilarity threshold computation

For operation correctness evaluation, dissimilarity values
output by the Siamese Network are compared with the
threshold Thdiss. During training and offline validation, this
value was manually set to 1, intentionally oversized, since
the testing dataset contains images of completely different
objects characterized by highly distinct features in color
and geometry. However, during online testing, images are
exclusively chosen from the same assembly process. There-
fore, the threshold could not remain the same as offline
validation but was adjusted to suit the assembly case under
analysis. For each assembly case study, 10 reference images
were taken for each step, showing the correctly assembled
part in various positions and orientations. Each image was
individually compared to all others within the same class and
those in different classes, and the resulting dissimilarities
from the network were recorded. An average dissimilarity
was computed for both pairs of equal images (Dequal) and
pairs of different images (Ddiff ) across all assembly steps.
Then, the dissimilarity threshold for online validation was
determined as follows:

Thdiss = Dequal +
Ddiff −Dequal

8
(2)

This formula allows to mitigate the potential risk of mis-
interpreting incorrect operations as correct, setting the value
of Thdiss closer to Dequal than to Ddiff in a conservative
approach. Table III summarizes the resulting values for

Dissimilarity threshold USB case Emergency stop Push-button panel
Dequal 0.520 0.208 0.635
Ddiff 3.854 1.997 2.457

Selected value Thdiss 0.937 0.431 0.863

TABLE III: Customized threshold values for tested assembly scenarios

Dequal, Ddiff , and the final computed threshold Thdiss for
the assembly cases analyzed.

C. Use cases and experimental results

Three use cases were tested to assess the model perfor-
mance: the assembly of a USB flash drive case, an emergency
stop, and a push-button panel 1. Figure 5 shows the correct
assembly sequences for the three scenarios. For each use
case, 15 tests were performed, successfully completing the
entire assembly sequence without error. Based on the hand-
tracking strategy explained in Section V-A, an image is cap-
tured for each completed assembly step and compared with
the 10 reference images collected for each class. The average
dissimilarity score is computed for each reference step to
minimize the influence of individual values, enhancing the
overall accuracy of the result. Based on the dissimilarity
referred to each assembly step, the network can make the
prediction: the class with the lowest value is considered the
assembly operation actually completed by the human, and its
correctness is evaluated by comparing this value with Thdiss

associated with the current assembly. The resulting network’s
predictions for the three case studies are shown in Table IV,
respectively.

(a) USB case

(b) Emergency stop

(c) Push-button panel

Fig. 5: Correct assembly step sequence for the three assembly cases

Overall, a 100% success rate in recognizing the actual
assembly step was achieved for the USB flash drive case,
85,3% for the emergency stop, and 91,1% for the push-button
panel. This is coherent since all components of the USB
flash drive introduce significant visual differences between

1The video of the experimental validation can be seen here: https:
//youtu.be/5SN3H_zYYZY



(a) USB case (b) Emergency stop (c) Push-button panel

Fig. 6: Tested error cases: (a) missing USB stick (1) and wrong USB stick (2), (b) missing emergency button (1) and wrong emergency button (2), (c)
missing lower button (1) and wrong upper button (2) in the panel

one step and the next. On the other hand, in emergency
stop and push-button panel assemblies, some operations
involve minimal visual changes from one step to the next,
making recognition more challenging. Specifically, errors
in the emergency stop assembly typically occur when the
central white body is introduced (between steps 0 and 1)
and when four small screws are added (between steps 3 and
4). As for the push-button panel, main errors arise when two
small screws are introduced (between steps 1 and 2) or due
to unwanted reflections on the surface of the blue button
(between steps 3 and 4).

Predicted Step
Step 0 Step 1 Step 2 Step 3

A
ct

ua
l

St
ep Step 0 15 0 0 0

Step 1 0 15 0 0
Step 2 0 0 15 0
Step 3 0 0 0 15

(a) USB case
Predicted Step

Step 0 Step 1 Step 2 Step 3 Step 4

A
ct

ua
l

St
ep Step 0 11 4 0 0 0

Step 1 1 14 0 0 0
Step 2 0 0 15 0 0
Step 3 0 0 0 11 4
Step 4 0 0 0 2 13

(b) Emergency stop
Predicted Step

Step 0 Step 1 Step 2 Step 3 Step 4 Step 5

A
ct

ua
l

St
ep

Step 0 15 0 0 0 0 0
Step 1 0 12 3 0 0 0
Step 2 0 2 13 0 0 0
Step 3 0 0 0 14 1 0
Step 4 0 0 0 2 13 0
Step 5 0 0 0 0 0 15

(c) Push-button panel

TABLE IV: Test results in correct assembly step recognition for the three
assembly cases

Additionally, as shown in Figure 6, two error scenarios for
each assembly were tested 10 times to assess the network’s
capability to reveal human errors during the process. Again,
the online image is compared with the reference dataset.
If the network returns a dissimilarity value above or equal
to the threshold for all the reference assembly steps, an
error in executing the last operation is recognized, and a
warning is shown on the screen. The plots in Figure 7 show
the dissimilarity values obtained for all tests for each error
scenario. The network made only two errors in cases where
the emergency stop button was missing, as indicated by the
dissimilarity value for step 2 falling below the threshold

Thdiss. However, the difference between this assembly step
and the error scenario (the addition of four small screws at
the corners) is a visually challenging detail to detect. As
can be noticed from the plot, the customized threshold for
the tested assembly improves error detection, enabling the
correct identification of errors that would go unnoticed with
the original threshold value.

(a) USB case

(b) Emergency stop

(c) Push-button panel

Fig. 7: Dissimilarity score over error scenarios tests



VI. CONCLUSION

The Siamese Neural Network-based approach eliminates
the need for recurrent model training when introducing new
parts or operations. It combines assembly step recognition
and human error detection thanks to a customizable thresh-
old, making it cost-effective for industrial use. Furthermore,
hand-tracking allows operators to execute tasks without com-
plex robot interactions. Offline validation shows promising
SNN performance in recognizing both the same and different
objects, even in the case of small details, unlike OpenCV’s
SIFT and ORB, which are only robust in detecting different
instances. Online validation reveals high success rates in
identifying assembly steps and human errors across different
use cases, with issues occurring only with very small details
or unwanted reflections.
Future work will involve introducing a robot to assist the
operator during assembly to prove the method’s effectiveness
in a collaborative context. Furthermore, future development
could focus on detecting ongoing operations to allow faster
robot reactions. For instance, training the SNN to identify
the tool grabbed by the operator could help anticipate the
next assembly step, enhancing efficiency.
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