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Abstract— The integration of robotics in the garment indus-
try remains relatively limited, primarily due to the challenges
in the highly deformable nature of garments. This study thus
explores a vision-based garment and garment parts recogni-
tion model to facilitate the application of robots in garment
manipulation. The main objective is to detect and segment
each garment piece from a random table and provide multi-
dimensional information on it, as well as recognize garment
parts such as collar to facilitate proposing grasping points
for various robotic tasks. In order to achieve this goal, an
MTL (Multi-Task Learning) model based on YOLOv8 and
HyCTAS’s self-attention head was processed. Transfer learning
was applied and the model was fine-tuned and tested on a self-
collected dataset as well as an open-source garment dataset
Fashionpedia. Experiment results demonstrate that this MTL
model is able to substantially improve the processing speed
while having a minimal decrease in mask average precision
for each integrated vision task. And while this performance
preservation is mainly attributed to the HyCTAS implementa-
tion, further enhancements can be achieved by adding auxiliary
tasks and loading weights from single tasks.

I. INTRODUCTION

The garment processing industry, despite witnessing
widespread adoption of robotics across various sectors, has
been slow to embrace this technological revolution. This re-
luctance can be attributed primarily to the inherent challenges
posed by the highly deformable nature of garments, which
frequently present unprecedented shapes during processing,
making it difficult for robots to comprehend, generalize, and
respond effectively.

While some research endeavors [1], [2], [3], [4], [S] have
ventured into the domain of robotic garment handling and
manipulation of deformable objects, they are often limited in
scope, addressing specific operations within controlled envi-
ronments [1], [2], or constrained to single slightly crumpled
garment [2], [3], [4] or square-shape cloth [5]. However, in a
garment producing factory, more versatile garment handling
tasks and more diverse initial garment states are usually
observed. Consequently, a more generalized model is needed
that can recognize garment pieces and provide multiple
information on them, e.g., color, states, material, etc., and
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subsequently propose grasping points based on the robot task
and garment’s state. This study thus explores a vision-based
model that could provide a possible solution. The envisioned
model is designed to segment t-shirts from a possible mix-up
pile and recognize them by 6 defined states, predict whether
the t-shirt is on top layer or being occluded by other t-
shirts, and recognize t-shirt components after obtaining the
individual t-shirt pieces in real-time. Additionally, the model
should be able to adapt easily when a new vision task is
added.

The goal of segmenting t-shirts or t-shirt parts can be
achieved by instance segmentation, which can be seen as
per-pixel classification of an image. While Segment Any-
thing Model (SAM) [6] had shown superior ability on this
task, it was hampered by inference speed, lack of semantic
meaning, and the difficulty in training. YOLO series have
been famous for their real-time inference speed, high level
accuracy, as well as the integration ability. YOLOvVS8 [7],
as one of the most recent developments, has demonstrated
very good performance on vision tasks including instance
segmentation in many fields. And it provides rich publicly
available weights that can be used as a base for transfer
learning. However, using traditional instance segmentation
methods like YOLOvVS for multiple tasks in the same scene
would require multiple models — one for each task. And this
deployment would substantially increase the inference time.

In addressing models that predict multi-dimensional re-
sults from single-modality inputs, multi-label neural net-
works [8] or Multi-Task Learning (MTL) architectures [9],
[10], [11], [12], [13], [14] are typically considered. However,
the former is mostly constrained to classification tasks and
would demand an overall change on the trained model and
the dataset when new tasks are introduced. MTL models are
promising for these needs because of its inherent inductive
transfer ability, which allows knowledge learned from one
task to improve the performance of another related task by
sharing useful features. However, current MTL models that
efficiently balance accuracy and speed are usually limited to
bounding box detection tasks and single-class segmentation
tasks [13], [14], as multi-class instance segmentation presents
more difficulty in achieving comparably high performance
while maintaining processing speed.

Self-attention [15] is a learning mechanism whose ability
to focus on relevant information allows improved accuracy.
[16] proposes a Hybrid Convolutional-Transformer Architec-
ture Search (HyCATS) framework that uses a combination of
self-attention module and convolution module, and search for
the best combination in the search space so that it reduces the
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computation cost while preserving self-attention’s abundant
information. This mechanism could potentially assist the
MTL model by letting each task branch focus on their own
most relevant features.

To realize our vision, this research adopts an MTL ap-
proach based on YOLOv8 and HyCTAS. The model takes in
RGB images as input, and processes the extracted features
by multiple self-attention heads for different vision tasks.
To facilitate recognizing t-shirt states, layers, and parts,
a dataset of t-shirts on tables was collected. Experiments
show that this MTL model is able to achieve a similar
result as the independent tasks trained by YOLOvS8 while
executing with a higher speed than running multiple single
models. Additionally, loading single models’ weights without
training MTL model can potentially achieve a comparable
performance as well. To summarize, the main contributions
of our work are as follows:

o We designed a framework to facilitate garment handling
robots under industrial settings, which recognize and
differentiate individual t-shirt from a random pile of t-
shirts and identifies their component parts. To support
such models, we created a t-shirt dataset.

« We developed an MTL model based on YOLOvS8 with
integration of the self-attention mechanism of HyCTAS.

o We adopted this MTL model to enable the simultaneous
execution of multiple garment related vision tasks, e.g.,
t-shirt state recognition and layer estimation. On those
tasks, the proposed MTL model was able to achieve
similar accuracies with faster inference speed compared
to executing single task models.

II. RELATED WORKS
A. Robot vision for garment handling

Robot vision for garment handling continues to attract
attention as a challenging topic, yet developments remain
limited. [1] employs an edge detection-based method, which
detects wrinkles represented by curvilinear structures and
evaluate graspability along the line, but the procedure may
repeat several times until a garment is fully open, which
is time-consuming for an industrial setup; [2] utilizes an
encoder-decoder network trained on human labeled dataset,
directly predicting two grasping points for each defined ac-
tion from an RGBD image, but it is constrained to overhead
view and limited to single t-shirt handling; [3] uses Auto
Encoder-Decoder Network to propose grasping points for
garments, [4] matches point clouds to the garment image
and learns the grasping points from simulation, but they are
only able to handle slightly crumpled single garments; [5]
learns a mesh correspondence and infers the 3D geometry
from images, but it’s constrained to single layer fabrics.

B. Garment dataset

Garment dataset, several of which are publicly available,
have been proposed [17], [18], [19]. They offer a variety of
garment types and sizes. However, those garments are worn
on humans, presenting a large difference in appearance with
the ones being processed in a factory, which are mostly on

an operating table or plate. [20] proposes a garment dataset
featuring garments during different household tasks, and it
includes images of garments on table. However, this dataset
is yet to be disclosed. Moreover, when it comes to multiple
garments, they either are placed with considerable gaps or
have notably different colors when touching boundaries.
Thus, dataset for garments under complex industrial settings
remain unsolved.

C. Multi-Task Learning models

Multi-Task Learning models stand out for their gener-
alizability and high efficiency. And these are important
for the garment recognition task. The most common way
of implementing MTL models is through hard parameter
sharing [9], [12], [13], [14]. These models share the hidden
layers between all tasks and keep a few task-specific layers
as their respective output heads. Hard parameter sharing
MTL models are usually more robust to overfitting. Some
other MTL models [10], [11] preserve a separate feature
extraction network for each task and allow information flow
between parallel layers of these networks. These methods are
known as soft parameter sharing. [10] introduces the Sluice
network that applies linear combination of the outputs of
each task’s previous parallel layer so that each layer has one
more choice to focus on — the integrated features. [11] uses a
1 x 1 convolution instead of linear combination to integrate
the shared features. These soft parameter sharing methods
usually consume more execution time. Recently, more works
using MTL models have emerged in the fields of autonomous
driving [12], [13], [14]. However, their tasks are limited to
object detection and single-class semantic segmentation. In
addition, the specialized loss function for each task increases
the difficulty of adding new tasks.

III. METHODS

In this section, the details of this work are presented, which
includes the architecture of the MTL model, the single tasks
that are combined into the multi-task and their corresponding
datasets.

A. MTL model

In this work, we employed a hard parameter sharing
manner. As shown in Fig.1, our MTL model shares one
feature extraction backbone as the encoder, and utilizes
several task-specific neck and head as the decoder. The
number of the neck and head depends on the number of
tasks incorporated into the MTL model, and the available
task types are object detection, instance segmentation, and
pose estimation. We followed YOLOVS’s modular coding
structure, allowing easy and independent adjustments or
updates of the model’s backbone, neck, and head. Currently
for our t-shirt recognizing work, we followed the backbone
and neck structure of YOLOv8 and integrates the combined
self-attention head of HyCTAS.

1) Backbone and neck

We use the same backbone and neck as YOLOvV8 so
that transfer learning can be applied from YOLOvVS’s rich
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Structure of the proposed MTL model with two tasks. It shares one feature extraction backbone and utilizes two task-specific necks and heads.

Backbone uses YOLOV8’s CSPDarknet53; neck utilizes the same top-down and bottom-up structure of YOLOVS; and head adopts combined self-attention

and convolution mechanism from HyCTAS.

pretrained models on large object datasets. YOLOVS uses a
custom CSPDarknet53 as the backbone, introducing a Cross-
Stage Partial (CSP) connection that improves gradient flow
between different layers. Additionally, the Spatial Pyramid
Pooling Fast (SPPF) module captures features at various
scales, allowing enhanced accuracy.

The neck is responsible for merging feature maps from
different backbone layers. Instead of the traditional top-
down Feature Pyramid Network (FPN), YOLOvVS uses a Path
Aggregation Network (PANet) that includes both a top-down
and a bottom-up FPN. This further improves the model’s
ability to capture multi-scale features effectively.

The C2f module used in both backbone and neck utilizes a
bottleneck structure. It enables effective combination of high-
level semantic features and low-level spatial details, leading
to reduced computational complexity with boosted accuracy
especially for small objects.

2) Head

Convolutions allow extraction of region-sensitive features,
but have limited receptive fields. Self-attention mechanisms
used in transformers that track long-range dependencies and
capture better global context, however, are demanding in
computational and memory consumptions. HyCTAS thus
combined a memory-efficient self-attention module and a
light-weight convolution module both with residual struc-
tures to achieve high segmentation accuracy with efficiency.
The combination, which can be seen as weight optimization,
is solved as a multi-objective optimization problem (MOP).
In this work, we apply this combined self-attention head to
the 1/8, 1/16 and 1/32 scale output layers from the neck.

3) Loss

We employ an end-to-end training for the MTL model
with a directly combined multi-task loss:

Loss = Z LosStqsk (1)

The components of loss functions for different tasks
Lossqsi; fully depend on the task type:

Lossger =wpcplosspor + wy pLossy p+

werovLosscrou +wprrLossprr,
Losssey =wpcrlosspcr + wyrpLossyp+

werou Losscrou + Wmrou Lossmiou+ )

wprrLossprr

Losspose =wpcrLosspcr + wyrpLossyp+
werovLosscrou +wprrLossprr+
Wipt LOSSkpt + Wiob; LOSSkob;

where CloU (Complete Intersection over Union) loss evalu-
ates intersections of bounding boxes while mloU evaluates
intersections of masks; DFL (Distributed Focal Loss) is
used to deal with class imbalance; BCE (Binary Cross-
Entropy) loss and Varifocal loss are both used for classifi-
cation; Lossyy evaluates predicted keypoints by Euclidean
Distance; and Lossyp; is used to reduce proposed keypoints
with low objectness; and ws are the coefficients.

B. T-shirt state recognition

One primary vision objective of the t-shirt handling project
is to identify and segment t-shirts in the environment and
understand the conditions they are in. T-shirt states is one
of those conditions. Based on industrial needs and empirical
everyday-life actions, taking into account the most frequent
t-shirt states it might assume, we defined six classes as illus-
trated in Fig.2. (a) Flat represents a t-shirt laid out largely
flat on a surface, maintaining its recognizable shape, while
by chance exhibiting slight crumples or minor folds at the
corner or on the sleeves. (b) Strip is a t-shirt folded vertically
but spread horizontally, assuming a strip-like shape. This can
occur either by casually picking up the garment around the
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Fig. 2. Examples of the six t-shirt states.

collar or both shoulders and then placing and dragging it on
the table, or by carefully folding it from the flat state. (c)
Fold-2 means a t-shirt being folded once horizontally from
the flat state, with the positions of the sleeves being random.
(d) Fold-4 is a t-shirt folded into a square-like shape, which
can be achieved either by folding one more time vertically
from the 2-fold state, or by folding in the style of a “dress
shirt fold” or ’military fold”. (e) Fold-s represents a t-shirt
folded once more horizontally from the strip state, mimicking
the method typically employed when one wishes to fold a
t-shirt swiftly and casually. (f) Stack occurs when the t-shirt
is picked up randomly at one or two points and then casually
dropped on the table, or represents any t-shirt that cannot fall
into the other state categories.

To address the lack of available public open-source dataset
on diverse on-the-table t-shirts, we collected and annotated
a dataset of 1250 RGB images, 80% of which was used
as trainset. The orientation of the t-shirt in those images,
whether it is front-up or back-up, is not predetermined but
random. The dataset includes a wide range of t-shirt colors
as well as both short-sleeve and long-sleeve t-shirts. Addi-
tionally, the t-shirts were placed in various environments,
including different tables and lighting conditions such as
natural daylight and artificial light. All the images in this
dataset have been manually annotated by outlining each t-
shirt segment and assigning a state class. Our dataset encom-
passes several challenging scenarios that are not presented in
any other t-shirt or garment datasets. As illustrated in Fig.4,
besides the normal setting of single t-shirt, multiple t-shirts
with gaps, and multiple different colored t-shirts with no
gap, our dataset also includes (1) those scenarios from view-
points other than top-view; (2) multiple same-colored t-shirts
with no gap; and (3) multiple t-shirts mixed up or laid over
each other with considerable occlusions. Additionally, in the
images not from top-view, operating tables are introduced as
the 7th class.

C. T-shirt layer estimation

Another important t-shirt condition to understand is the
layers they are in — whether they are on the top or being
occluded by other t-shirts. For this task we use the same
dataset as in the t-shirt state recognition but change the labels
to two classes — top or occluded, as illustrated in the first
column of Fig.5. This task, however, can be a simple object

" fold-4 ac

Fig. 3. Examples of the four t-shirt parts for each state, where ac means
annotated by actual top or bottom and vs means visual top or bottom.

detection task without the masks if combined with the t-shirt
state recognition task.

D. T-shirt parts detection

Understanding t-shirt parts is an important intermediate
stage for a versatile garment handling project. Many works
[2], [3], [4] that directly estimate grasping points or propose
robot movements either require very large dataset or can only
handle specific operations or initial garment states. However,
knowing the parts or components of a garment would enable
the proposals of grasping points without further deep learning
process and can be easily adjusted according to the needs of
different operations.

We defined 4 t-shirt parts — collar, sleeve, top-half, and
bottom-half — for each one of the 6 t-shirt states respectively,
as illustrated in the first column of Fig.5. Specially for states
fold-2, fold-4, and fold-s, there are two ways to define top-
half and bottom-half: one is to define by the actual top or
bottom of a t-shirt — the half that includes the collar is the
top-half; the other is to define by the visual top or bottom —
whichever half is on the top layer without occlusions is the
top-half. For the stack state, top-half is defined as the part
that is not occluded and that includes the points a human
wants to grasp on by instinct. The remaining parts of the
t-shirt would then be classified as the bottom-half.

For the training of this task, we did not include the images
that have multiple mixed-up and occluded t-shirts for a better
instance balance of the dataset and the fact that recognizing
parts from single t-shirt under certain states presents enough
challenge. Results and explanations will be detailed in the
experiments section.

IV. EXPERIMENTS

In this section, we introduce the experiments carried out
on the single tasks and the MTL model. mAP (mean Average
Precision) and inference time are evaluated for model perfor-
mances. mAP is calculated by the area under precision-recall
curve, where mAPs is the mAP at an IoU threshold of 50%
and mAPsy_o5 is the average mAP at IoU thresholds every
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TABLE I
SINGLE TASKS RESULTS

State task Layer task
Model mAPsy (%) mAPsg_g5 (%) | mAPsy (%) mAPso_g5 (%)
YOLOVS-seg 98.0 91.5 98.3 88.2
w/ HyCTAS 97.6 924 95.2 89.1
YOLOVS8-det 98.5 90.2
w/ HyCTAS 97.0 88.0

5% from 50% to 95%. mAP is a widely recognized metric
for detection and segmentation tasks for its comprehensive
evaluation ability. Inference time is evaluated by FPS (frames
per second). All the experiments are carried out with an RTX
3080 Laptop GPU.

A. T-shirt states and layers

We trained and tested t-shirt states task and t-shirt layer
task respectively as single tasks using YOLOv8 with the
combined self-attention head of HyCTAS, and compared
the results with using original YOLOvS8. Each model was
trained around 200 epochs until convergence with a stepped
learning rate starting from 0.001 and a batch size of 1.
Comparison results are as shown in Table I. YOLOv8 with
HyCTAS outperforms YOLOVS slightly on the stricter metric
mAPsy_g5 in segmentation tasks but not on mAPsq. This
demonstrates that YOLOv8 with HyCTAS is more precise
with the details and proposes less inaccurate masks. The orig-
inal YOLOVS has better results in detection tasks, which we
believe is because HyCTAS were optimized specifically for
segmentation tasks with finer per-pixel focus. This suggests
that YOLOVS with HyCTAS could be better at complex, fine-
grained tasks.

B. T-shirt parts

We employed different strategies for the t-shirt parts
recognition task. Annotation-wise the top-layer can be the
actual top (referred to as ac-top) or the visual top (vs-top)
as in 3; augmentation-wise the images can be cropped and
focused on the t-shirts as in 3 or not as in 2; training-
wise each state can be either trained separately resulting in
8 different models or mixed up and trained together. We
compared the overall and per-state performance, as shown
in Table II. The results showed that overall cropped images
annotated by visual-top trained with mixed states has better
performance in terms of mAPs5y_g5. We analyze that in
mixed-states training, the differences between each state in
fact improve the model’s generalizability and focus more on
the common and effective features. Along with the size of
the dataset, this could explain the improved performance on
the difficult states (fold-2, fold-4, fold-s, strip, stack) and
sacrificed flat-state performance.

C. MTL models

We trained and tested various MTL models with different
garment tasks. For two-task-MTL models, we tried the
combination of instance segmentation of t-shirt states (state-
seg) plus instance segmentation of t-shirt layer (layer-seg),

TABLE II
mAPsg_g5 RESULTS UNDER DIFFERENT SETTINGS

all  flat fold-2 fold-4 fold-s strip stack
original 27O 756 366 259 125 325 207
separate vs-top 756 375 280 162 325 207
cromped  4€-1OP 774 393 348 141 382 177
PPEC ys-top 774 409 321 166 382 177
original S0P 366 731 383 470 226 404 224
mixed vs-op 399 714 439 484 289 390 255
ac-top 405 764 379 435 253 410 222

cropped

vs-top 44.0 762 417 515 409 434 203

TABLE III
INFERENCE SPEEDS (FPS) BETWEEN THE SINGLE AND MTL MODELS

Tasks Single tasks total MTL model

state-seg + layer-det 86.21 128.39

state-seg + layer-seg 95.24 140.05

fpgl-seg + fpg2-seg 98.04 210.47

state-seg + layer-seg + fpgl-seg 64.10 231.19
state-seg + layer-seg + parts-seg + fpgl-seg 45.87 256.41

and state-seg plus object detection of t-shirt layer (layer-
det). We also trained and tested their corresponding versions
of MTL model with the original YOLOVS head structure
for comparison. Besides our own dataset, we also utilized
Fashionpedia, which is an open garment dataset that presents
46 types of garments worn on humans. We chose 4 classes (t-
shirt and sweatshirt, sweater, jacket, and dress) as one group
(fpgl) and another 4 (hair accessory, tie, bag and wallet,
and umbrella) as a second group (fpg2) with each group
containing more than 4000 images, and formed a MTL model
with two instance segmentation tasks (fpgl-seg and fpg2-
seg). Additionally, we tested this MTL model structure’s
ability with more than two tasks, specifically, with 3 tasks:
state-seg + layer-seg + fpgl-seg, and with 4 tasks: state-seg
+ layer-seg + fpgl-seg + parts-seg, where parts-seg refers
to the t-shirt parts segmentation task with all the six states
mixed up.

We evaluated these models by inference speed and perfor-
mance with comparison to the corresponding single tasks.
In each single comparison, the irrelevant (e.g., batch size
for inference speed comparison) parameters were set to the
same though among different comparisons they might be
different. The models’ hyperparameters were adjusted for
better performances. The results and details will be discussed
in the following paragraphs with a focus on inference speed,
performance boosted by HyCTAS head, and possible improv-
ing methods — loading weights and adding unrelated tasks.

(1) Inference speed: We evaluated each MTL model’s
inference speed in terms of fps and compared it with the
speed of running all their tasks using single task models. The
results are shown in Table III, where the numbers are given
by an average of multiple test results. It demonstrates that
this MTL structure can significantly increase inference speed
when handling multiple tasks. And the more tasks there are,
the bigger the improvements.

(2) Performance: For the two-task MTL models, we com-
pared the results from our proposed MTL structure (w/
HyCTAS) with the ones from an MTL with the original
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Examples of the t-shirt state segmentation task (state-seg) and predictions from different models. 1w refers to the MTL model directly loading

weights from single task models without further training. The MTL model tends to over-detect compared to single task models in the difficult scenes as

in the third and fourth rows, which can be mediated by loading weights.
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Examples of the t-shirt layer segmentation task (layer-seg) and predictions from different models. lw refers to the MTL model directly loading

weights from single task models without further training. The MTL model tends to over-detect compared to single task models in the difficult scenes as

in the third and fourth rows, which can be mediated by loading weights.

YOLOVS structure, as presented in Table IV, Fig.4 and
Fig.5. We also compared these results to the results from
corresponding single task models, in terms of differences by
single task results subtracting MTL model results (DfST).
Although the single task models still mostly outperform
our proposed MTL models by a small amount, the added
HyCTAS structure significantly boosted the performance of
MTL models. This is likely because of the combined self-
attention and convolution head structure of HyCTAS and the
optimization of their weights, which could better utilize the
general features of MTL model’s single encoder.

(3) Loading weights: During the experiments we found
that loading single task model’s weights to the MTL model
without further training the MTL model could achieve

similar results as single tasks and better ones than the
trained MTL models, as shown in Table IV. However, this
phenomenon does not apply to all the MTL models as it
largely depends on the similarity between the integrated
tasks. And the choice of backbone’s weights also makes a
big difference. The results shown in Table IV are from an
MTL model with single state-seg task’s backbone weights,
which explains why the performance of the layer-seg branch
has bigger differences from the single task.

(4) Adding unrelated task: Another promising way to
improve the performance of the MTL model is to add an
extra task. As shown in Table V, fpgl-seg is unrelated to the
target of providing information on t-shirts in the industrial
setting, but adding it as one branch of the MTL model
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TABLE IV
COMPARISON OF MTL MODELS WITH ORIGINAL YOLOV8 STRUCTURE AND WITH HYCTAS HEAD. DFST REFERS TO THE DIFFERENCE FROM SINGLE

TASK’S RESULTS. LW REFERS TO THE MTL MODEL THAT LOADS SINGLE TASKS’ WEIGHTS WITHOUT TRAINING. THE TABLE HIGHLIGHTS THE

PERFORMANCE ENHANCEMENTS ATTRIBUTED TO THE HYCTAS HEAD, AS OBSERVED IN THE "W/ HYCTAS’ ROWS IN COMPARISON WITH THE

’YOLOVS’ ROWS, AND THE POTENTIAL FOR FURTHER IMPROVEMENT THROUGH LOADING WEIGHTS, AS DEMONSTRATED IN THE 'LW’ ROWS.

state segmentation + layer detection

state segmentation + layer segmentation

state segmentation mask layer detection bbox

\
DIST ‘ mAPso

state segmentation mask layer segmentation mask

mAPsg DIST mAPso_95 DIST | mAPsg DIST  mAPso_g5 DIST mAPso—_95 DIST | mAPsg DfST mAPsg_95 DIfST
YOLOV8 90.3 7.7 71.8 13.7 94.6 39 78.0 122 89.6 8.4 792 12.3 88.3 10.0 729 15.3
w/ HyCTAS 94.2 34 86.8 5.6 98.1 -1.1 85.0 3.0 95.9 1.7 89.7 2.7 97.1 -1.9 83.7 54
YOLOVS8 1w 96.6 1.4 89.7 1.8 94.2 4.1 84.8 34
w/ HyCTAS 1w 97.6 0 92.5 -0.1 91.3 3.9 842 4.9
TABLE V

PERFORMANCE BOOST FOR MTL MODEL WITH AN UNRELATED TASK FPG1-SEG. WITH FPG1-SEG AS A BRANCH OF THE MTL MODEL, STATE-SEG

AND LAYER-SEG ACHIEVE RESULTS THAT ARE MUCH BETTER THAN THE MTL MODEL OF ONLY THOSE TWO AND THAT ARE MORE SIMILAR TO

SINGLE TASK MODELS.

state segmentation

layer segmentation fpgl segmentation

Models mAPsg mAPs0_95 mAPsg mAPs50_95 mAPso mAPs0_95
Single task 97.1 91.0 96.6 88.7 80.8 64.0
MTL: state-seg + layer-seg 89.6 79.2 88.3 72.9
MTL: fpgl-seg + fpg2-seg 78.2 63.3
MTL: state-seg + layer-seg + fpgl-seg 97.4 89.1 93.8 83.7 65.5 52.6

increases the performance of the desired task branches state-
seg and layer-seg. However, this only happens when the extra
task uses a dataset big enough and is with certain difficulty.
It suggests that even through hard parameter sharing, the
MTL model is able to leverage the general or task-specific
information in the extra task and shift its preference to more
commonly useful features and thus possibly improve model’s
generality [21].

V. CONCLUSIONS AND FUTURE WORK

In this work, we proposed an MTL model based on
YOLOv8 with HyCTAS combined self-attention head for
complex garment recognition tasks. It is designed to fulfill
the requirements of providing multi-dimensional information
on garments during industrial process. Currently we focused
on segmenting t-shirts and identify their states and layers,
as well as recognizing t-shirt parts. Using our own dataset
and transfer learning technique, experiments were carried out
on this MTL model in comparison with the single models
and the MTL model without the HyCTAS head. Results
demonstrated that our MTL model was able to run with
a significantly higher speed than executing multiple single
models. With the HyCTAS head the performance difference
from the single task models were largely reduced. And
by loading single task models’ weights or adding an extra
auxiliary task, this difference could be further diminished
and our MTL model could achieve a similar result as the
independent single tasks.

Nevertheless, there are still opportunities for enhance-
ments. Firstly, the performance of each single task can
be improved, especially the segmentation of t-shirts from
a complex same-color mix-up pile and the t-shirt parts
recognition of the folded states. These can be exploited by

upgrading the dataset, leveraging better data augmentations
and investigating different backbone, neck or heads as the
current MTL model allows independent changes to those
modules. Secondly, the pattern of efficient auxiliary task
can be further explored. It would be beneficial to discover
a common but more detailed rule for selecting an efficient
auxiliary task. Achieving this would require a large number
of experiments.

The next phase of our work involves proposing task-
specific grasping points for various robot tasks based on the
information of state and layer of each t-shirt segment and
recognized t-shirt parts. It would be also important to expand
this method to other garment types and include more aspects
of information to provide. By setting these goals, we aim to
not only advance the garment processing industry but also
benefit the households and laundries.
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