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Figure 1. The grasping performance of our GraspALL in the living room (left) and bedroom (right) scenes under different illumination
conditions. Given the variability of household scenes and lighting, service robots should possess all-day garment perception capabilities.

Abstract

Achieving accurate garment grasping under dynamically
changing illumination is crucial for all-day operation of
service robots. However, the reduced illumination in low-
light scenes severely degrades garment structural features,
leading to a significant drop in grasping robustness. Exist-
ing methods typically enhance RGB features by exploiting
the illumination-invariant properties of non-RGB modal-
ities, yet they overlook the varying dependence on non-
RGB features under varying lighting conditions, which can
introduce misaligned non-RGB cues and thereby weaken
the model’s adaptability to illumination changes when uti-
lizing multimodal information. To address this problem,
we propose GraspALL, an illumination-structure interac-
tive compensation model. The innovation of GraspALL lies
in encoding continuous illumination changes into quanti-
tative references to guide adaptive feature fusion between
RGB and non-RGB modalities according to varying light-
ing intensities, thereby generating illumination-consistent
grasping representations. Experiments on the self-built
garment grasping dataset demonstrate that GraspALL im-
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proves grasping accuracy by 32-44% over baselines under
diverse illumination conditions. The code is available at
https://github.com/Zhonghaifeng6/GraspALL

1. Introduction

Garment grasping is a fundamental capability for service
robots in daily tasks such as cleaning [27, 31] and dressing
assistance [7, 8, 33]. While existing methods [4, 30, 31, 33]
achieve high grasping accuracy under normal illumination,
lighting conditions in real household environments are of-
ten dynamic. For instance, in patients, elderly and infant
care scenarios, robots are frequently required to operate in
low-light or even unlit environments to avoid disturbance.
As shown in Fig. 1, this necessitates that robots possess
all-day perceptual capability, ensuring reliable performance
under any illumination. However, reduced illumination
severely degrades garment texture, wrinkles, and edge de-
tails, thereby diminishing the robustness of grasping.

To address the perceptual degradation caused by illumi-
nation variations, existing methods [15, 35, 39, 44] gener-
ally adopt multimodal fusion [40–42] to enhance RGB fea-
tures by leveraging the structural illumination invariance of
non-RGB modalities (e.g., depth map). Although the above

https://github.com/Zhonghaifeng6/GraspALL


Ca
nn

y 
M

ap
In

pu
t 

Im
ag

e

Luminance-1 Luminance-2 Luminance-3 Luminance-4

Figure 2. Structure maps generated by the Canny operator from
identical scenes under different luminance levels.

methods are effective, they often overlook the differences
in the model’s requirements for structural features of non-
RGB under varying illumination conditions. As shown in
Fig. 2, illumination changes can significantly distort the ge-
ometry of garments, resulting in inconsistent structural cues
for the same garment. Such illumination-induced discrep-
ancies cause the feature response of RGB under illumina-
tion variations are suppressed by the stronger structural sig-
nals of non-RGB, leading the model to prioritize non-RGB
cues over subtle yet critical RGB luminance information,
thereby reducing robustness to illumination changes.

Based on the above analysis, we hold that a more ratio-
nal paradigm is to enable the model to perceive the input
illumination levels and then extract appropriate structural
compensation from non-RGB modalities according to dif-
ferent illumination levels, thereby conditionally enhancing
garment representations [34]. This paradigm facilitates the
collaborative fusion of cross-modal features to cope with il-
lumination variations, while we also identify two challenges
it poses: (1) how to accurately estimate the input illumina-
tion level to provide quantitative guidance for cross-modal
feature fusion; (2) based on the estimation of illumination
levels, how to induce non-RGB to generate structural com-
pensation adaptive to illumination changes.

To address the above challenges, as shown in Fig. 3, we
propose a novel model capable of adapting to illumination
variations to enable garment Grasping in Any Low-Light
(named GraspALL). Unlike methods [15, 35, 39, 44] that
treat non-RGB as static supplements, the innovation of our
GraspALL lies in pioneering a parametric luminance rep-
resentation method and an illumination-adaptive structural
compensation strategy to guide non-RGB in adaptively en-
hancing garment features in RGB according to different
illumination levels. Specifically, we first propose a para-
metric luminance curve (PLC), which fits representative lu-
minance patterns of inputs under different illumination via
learnable parameter sets, enabling general representation of
any illumination level. Based on the input luminance esti-
mated by the PLC, we derive the required luminance com-
pensation features during the luminance restoration process
to drive depth maps to generate corresponding structural
compensation features. We then calculate the feature corre-
lation scores between depth maps and luminance compen-
sation features to suppress the weights of features incom-

patible with the current illumination level, thus obtaining
illumination-adaptive structural compensation features for
supporting grasp point modeling process.

Moreover, considering the scarcity of multi-illumination
garment grasping datasets, we construct a dataset for grasp-
ing tasks under diverse illumination conditions. Unlike
previous works [20, 43, 49], the novelty of our dataset
lies in that it consists of diverse garment categories, cov-
ers typical layouts including sofa and bed furniture, and
incorporates diverse illumination variations from bright to
dim—thus simulating household scenes with dynamic illu-
mination changes. Experiments conducted under different
illumination levels show that compared with baselines, our
GraspALL can improve grasping accuracy by 32%–44%.

The contributions of this work can be summarized as:
• We present the first systematic analysis of how dynamic

illumination variations affect garment grasping, uncov-
ering critical challenges overlooked by existing meth-
ods and offering new insights for designing illumination-
robust garment grasping models.
• We propose a GraspALL model for garment grasping in

varying illumination, which can guide non-RGB to con-
ditionally enhance RGB garment features from a illumi-
nation adaptation perspective.
• We introduce a new task of garment classification and

grasping under illumination variation, and establish a
benchmark comprising a large-scale dataset and diverse
household scenarios, providing a unified testbed for eval-
uating garment grasping under illumination changes.

2. Related work
Garment Grasping. Garment grasping has broad applica-
tions in household scenarios. Existing methods commonly
rely on object detection [3, 14, 50], relation detection [6,
18, 19, 50], or learning-based strategies [3, 9, 26, 47] to
achieve grasping; some further incorporate semantic seg-
mentation [1, 3, 21, 23] to enhance perception of garments.
While the above methods have achieved notable progress,
they generally assume stable image quality and thus strug-
gle to cope with the dynamic illumination variations that
naturally occur across time and space in household scenes.
When the illumination changes from light to dark, garment
features often undergo severe degradation, leading to a sig-
nificant drop in the robustness of grasp point prediction. In
contrast, our work provides a detailed analysis of the chal-
lenges posed by illumination variation for garment grasp-
ing, and addresses these challenges by reinforcing cross-
modal features to capture critical garment representations,
thereby enabling more accurate grasping.
Garment Grasping of Illumination Variations. Faced
with dynamically changing illumination, existing meth-
ods [16, 36, 37, 43, 48] focus on incorporating non-
RGB modalities such as depth maps, exploiting their



Provide: Structural Response Library

C. Semantic Mask and Grasp Point Prediction 

B. Structural Feature Modeling 

Time_1 (I1)

Time_2 (I2)

Time_N (In)

Parametric Luminance

 Curve

…

Lu
m

in
an

ce
 P

ar
am

et
e

r 
D

if
fe

re
n

ce

Feature

Feature

Feature

Ti
m

e
: 

0
 ~

 N

Ti
m

e
_1

Ti
m

e
_2

Ti
m

e
_n

Luminance curve bank

Time_1 (I1)

Time_2 (I2)

Time_N (In)

Parametric Luminance

 Curve

…

Lu
m

in
an

ce
 P

ar
am

et
e

r 
D

if
fe

re
n

ce

Feature

Feature

Feature

Ti
m

e
: 

0
 ~

 N

Ti
m

e_
1

Ti
m

e
_2

Ti
m

e
_n

Luminance curve bank

Luminance 
Response Library

Curve:1

…

Curve:2

Curve:3

Curve:4

Curve:n

Read

Read

Read

Structural
 Response Library

Curve:1

…

Curve:2

Curve:3

Curve:4

Curve:n

Update

Update

Update

Guidance

Time_1 (I1)

Time_2 (I2)

Time_N (In)

C
o

n
st

ra
in

ts
 f

ro
m

 C
an

n
y 

M
ap

Luminance–Structure Consistency

Encoder Decoder

P
ro

vi
d

e
: C

u
rv

e 
an

d
 

Lu
m

in
a

n
ce

 R
es

p
o

n
se

 L
ib

ra
ry

P
ro

vi
d

e
: C

u
rv

e 
an

d
 

Lu
m

in
a

n
ce

 R
es

p
o

n
se

 L
ib

ra
ry

…
Time_1 Time_2 Time_N

Updating

Luminance 
Response Library

Curve:1

…

Curve:2

Curve:3

Curve:4

Curve:n

Read

Structural
 Response Library

Curve:1

…

Curve:2

Curve:3

Curve:4

Curve:n

Read

Feature 
Decomposition

Decoder
Grasp
Point

KeyPoint

Query

Key

Value
ReshapeEm

b
ed

d
in

g

O
u

tp
u

t

Query

Key

Value
ReshapeEm

b
ed

d
in

g

O
u

tp
u

t

Luminance Feature

Structure Feature

…

…

Lu
m

in
an

ce
 P

ar
am

et
e

r 
D

if
fe

re
n

ce

Feature

Feature

Feature

Ti
m

e
: 

0
 ~

 N

Ti
m

e
_1

Ti
m

e
_2

Ti
m

e
_n

Luminance curve bank

A. Luminance Feature Modeling 

Time_1 (I1)

t1 

t2 

tn 

Luminance 
Response Library

Curve:1

…

Curve:2

Curve:3

Curve:4

Curve:n

Update

Update

Update

Decoder Encoder

Time_N (In)

Imax I2, I3, …, In

…

R1 R2 R3

R4 R5

P1
P2 P3

P4

P5

Points: R→P
EMA

Updating
(Curve ID)

RGB Depth

RGB Depth

RGB Depth

…

mask map

Input Any Illumination
(Retrieval Curve)

Time_2 (I2)

Luminance Modeling

Parametric Luminance

 Curve Encoding

Forward

Curve Point Matching

Curve ID

Curve ID

Curve ID

Time_1 (I1)

Figure 3. Overview of our GraspALL. (A) describes the generation process of the Parametric Luminance Curve and luminance compen-
sation features (in Sec. 3.1). (B) illustrates the generation process of structural compensation features adaptive to the input luminance (in
Sec. 3.2). (C) outlines the generation process of grasp points based on the luminance and structural compensation features (in Sec. 3.3).

illumination-invariant structural properties to complement
RGB, thereby improving grasping performance under low
light. Although the above methods are partially effective,
they largely overlook how to achieve dynamic complemen-
tarity between RGB and non-RGB features under illumina-
tion variation. Since illumination changes dynamically af-
fect garment structural characteristics, the model’s reliance
on non-RGB structural features should vary across differ-
ent lighting conditions. In contrast, our work is the first to
systematically address the impact of illumination variation
on garment grasping, and the proposed GraspALL enables
grasping across arbitrary illumination conditions by guiding
depth maps to adapt to illumination-caused degradation.

3. Method

To tackle the challenges of illumination variation in garment
grasping, as shown in Fig. 3, we propose GraspALL, a grasp
point recognition model built on luminance–structure inter-
active compensation. GraspALL consists of three core com-
ponents: the parametric luminance curve, the luminance re-
sponse library, and the structural response library.

3.1. Luminance Feature Modeling

Traditional luminance estimation methods [10, 29] typically
rely on histograms [11, 34], but the non-learnable nature of
histograms makes it difficult to adapt to diverse illumination
variations. To address this, we present a learnable Paramet-
ric Luminance Curve (PLC), whose distinctiveness lies in
adopting a learnable parameter set to uniformly represent

the representative luminance patterns across various illumi-
nations, thereby generating more robust luminance interpre-
tations. The performance of the PLC is verified in Sec.4.6.

Firstly, we need to define a luminance curve bank C =
{C1,C2, ...,CN}, N = 12, each curve Cn ∈ RR consists
of R discrete sampling points parameterized by learnable
raw parameters Pn = {Pn,1,Pn,2, ...,Pn,R}, R = 256.
Pn is a learnable parameter that enables the model to adap-
tively learn the optimal brightness curve of different illumi-
nation conditions. The analysis of N and R in luminance
curve bank C is provided in the supplementary materials.

Next, we need to define a learning objective for the lumi-
nance curve bank C. Given a set of images {I1, I2, ..., IN}
under varying illumination, we select the image Imax with
the highest luminance based on histogram statistics as the
reference luminance image. For the other images In except
Imax, we compute R representative luminance values us-
ing histograms with R intervals to form a set HR, and then
identify the curve that has the most matching points with
HR, obtaining the corresponding curve index IDn:

IDn = argmin ||Hi −C (Pn,i)| |, i ∈ R,n ∈ N. (1)

We take the reference luminance image Imax as the lu-
minance anchor and align the luminance features of other
images In to Imax through a shared encoder–decoder:

Inmax = D (E (In))← Lsc (Imax − Inmax)L1 , (2)

where E (·) and D (·) denote the encoder and decoder [22],
and encoder features: Fn

en = E (In). “←” represents the
loss supervision. Lsc represents spectral consistency loss.
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Figure 4. Flowchart of proposed depth-optimal search strategy.

By aligning features with the brightest sample, the model
is able to gain the luminance compensation features essen-
tial for restoring the luminance of inputs. These features not
only enhance garment distinguishability but also implicitly
reflect structural deficiencies caused by illumination varia-
tions, allowing them to further guide depth maps to gener-
ate corresponding structural compensation features. To this
end, we construct a Luminance Response Library ML, to
store luminance features corresponding to different illumi-
nation conditions: ML = {M1

L,M
2
L, ...,M

N
L }.

Based on the index IDn, the encoder feature Fn
en of the

alignment process is updated into the corresponding slot of
ML using an exponential moving average (EMA) [2]:

ML = (1− α)Mn
L + α · Fn

en, n = IDn, (3)

where α = 0.05 is the EMA momentum. The analysis of
the α is provided in the supplementary materials.

To enable the adaptive learning of the luminance curve
bank C, we introduce a spectral consistency loss Lsc [45].
Lsc emphasizes clustering consistency by minimizing the
L1 distance between the luminance features Fn

en of the
current input and the corresponding slot features in ML,
thereby encouraging the curve bank to dynamically adjust
its parameters for more accurate luminance indexing. By
minimizing Lsc, the network optimizes the selected curve
parameters Pn through chained gradient backpropagation:

∂ (Lsc)

∂ (Pn)
=

∂ (Lsc)

∂ (ML)
· ∂ (ML)

∂ (Fn
en)
· ∂ (Fn

en)

∂ (C)
· ∂ (C)

∂ (Pn)
, (4)

where ∂ (·) denotes the gradient of the current parameters
with respect to the output parameters of the previous layer.

Eqs.1–4 uniquely emphasize the learnability of illumi-
nation interpretation, and they ultimately generate a lumi-
nance curve bank and the luminance response library that
are used to guide the generation of the structural response
library detailed in Sec.3.2. Although real-illumination in-
volves multiple sources, reflections, and material effects,
PLC is primarily designed to capture single and important
illumination factor that influence garment appearance, and
other factors will be investigated in the future work.

3.2. Structural Feature Modeling

Although structurally stable in extreme low light, depth
maps lack discriminative appearance details. Because

highly deformable garments yield similar geometric struc-
tures, relying solely on depth causes class confusion. Con-
versely, degraded RGB images still preserve complemen-
tary semantic cues (detailed analysis in Suppl. Sec.1).
However, existing methods [35, 44] are inherently static and
struggle with dynamic illumination. To address this, our
structural modeling conditionally extracts adaptive depth
features guided by explicit illumination understanding.

Given a set of images {I1, I2, ..., IN} ranging from dark
to bright, for one of the images In, we employ Eq. 1 to
match the corresponding curve ID from the luminance curve
bank and retrieve the luminance feature Mn

L from the cor-
responding slot in ML. Based on the Mn

L, we guide the
model to extract complementary structural features from the
depth map Idep. We first encode the Idep: Fde

en = E (Idep).
Then, we apply a linear layer to Mn

L to compute Qlu, and
apply another linear layer to Fde

en to compute Kde and Vde.
Using Qlu to query Kde yields the matching scores between
the luminance feature Mn

L and the structural features Fde
en:

Q ·K = Qlu ∈ RHW×C︸ ︷︷ ︸
luminance

×Kde ∈ RHW×C︸ ︷︷ ︸
structure

,

Score ∈ RHW×C = Softmax (Q ·K) .

(5)

These scores highlight the varying attention that the lu-
minance feature Mn

L assigns to valid and invalid informa-
tion within the depth map features. Then, Vde is modulated
according to these scores and reshaped to obtain the struc-
tural compensation feature Fs

en:

Fs
en ∈ RH×W×C = Reshape (Score× Vde) . (6)

To constrain the above structural modeling process,
we introduce a Canny map. For the input image set
{I1, I2, ..., IN}, we first use a histogram to identify the
brightest image Imax, and process it with a Canny detec-
tor to generate a Scan, which serves as a reference for the
structure modeling. Under the constraint of the Scan, Fs

en

is decoded using a decoder to produce the structural map:

Sdep
can = D (Fs

en)← Lbce

(
Sdep
can,Scan

)
, (7)

where Lbce is the binary cross entropy. Scan is the structure
map extracted from Imax using the Canny detector.

Similar to Eq. 3, we introduce a Structural Response Li-
brary (SRL: MS = {M1

S ,M
2
S , ...,M

N
S }) to store the struc-

tural compensation features Fs
en in the corresponding slot

of MS according to the current curve ID, and update them
using the EMA strategy. MS will support the structural
modeling in the grasp point prediction described in Sec. 3.3.

3.3. Semantic Mask and Grasp Point Prediction

We divide grasp point prediction into two closely connected
stages: identifying the semantic mask regions of garments
(Sec. 3.3.1) and determining the optimal grasp points based
on these semantic mask regions (Sec. 3.3.2).
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Figure 5. Construction of our MIGG dataset. (a) shows the household scenes and eight categories of garment assets. (b) shows that
we obtain images under different illumination conditions by randomly combining the assets with the scenes. We undergo degradation in
multiple dimensions such as color difference (∆E00), black crush, texture clarity, and color temperature, rather than simple luminance
attenuation. The lower part of (b) describes the dataset’s degradation status and the number/frequency of each garment category. (c)
presents the captured garment images, depth map and semantic mask map. “Luminance” is calculated by averaging the histograms.

3.3.1 Garment Category Recognition

Garment grasping involves diverse garment types, while ex-
isting method [31] primarily relies on point cloud signals to
model grasp points, neglecting semantic category informa-
tion and thus struggling with multi-category grasping. In
contrast, our method uses semantic information to enable
garment grasping tailored to different categories. For an
input captured under arbitrary illumination, we obtain the
corresponding curve ID from the curve library in the same
manner as Eq. 1. Using the curve ID, we retrieve the as-
sociated luminance feature ML and structural feature MS

from the luminance and structural response libraries. To en-
able complementary enhancement of luminance and struc-
ture based on these retrieved features, we perform lumi-
nance–structure feature decomposition on the input In:

IL ∈ RH×W×3, IS ∈ RH×W×1 = NRetinex (In) , (8)

where IL and IS denote the decomposed luminance and
structural maps, respectively. We use the network from [38]
as the image decomposition network NRetinex (·).

Then, we use the encoder to encode IL and IS to ob-
tain the luminance feature FL and the structural feature FS .
Based on the feature FL, we apply a linear layer to compute
FL as Qlu, and compute Km and Vm from the feature ML.
The same with Eq. 5, we use Qlu to query Km, we obtain
the matching scores between the feature FL and the fea-
tures ML from the response library. These scores reflect
the missing luminance features in the input, which is then
modulated by multiplying with Vm to generate the enhanced
luminance feature Fen

L . Similarly, we compute the match-
ing scores between the structural feature FS and the cor-
responding features MS in the structural response library,
thereby obtaining the enhanced structural feature Fen

S .
Finally, we concatenate the enhanced structural and lu-

minance features, followed by feature mapping and decod-

ing operations to obtain the semantic mask mapMm:

F = MLP (Concatenate (Fen
S ,Fen

L )) ,

Mm = D (Reshape (F))← Lce (Mm, gt) ,
(9)

where Lce is the cross-entropy loss used to constrain the
decoder in generating the semantic mask, and gt is the label.

3.3.2 Category-Specific Grasp Point Generation

In Fig. 3, based on the mask mapMm, our goal is to iden-
tify the graspable regions of different garment categories
and determine the optimal grasp point using the correspond-
ing depth map. Previous methods [5, 25, 43] typically de-
fine the grasp point as the center of each garment inMm,
which reduces dragging during grasp execution. However,
due to the high deformability of garments, the geometric
center does not always correspond to graspable folds, of-
ten leading to unstable grasping. To address this, as shown
in Fig. 4, we propose a depth-optimal search strategy that
ensures both stability during the grasping process.

Given a maskMm containing multiple garment classes
C, we first select the class c∗ with the largest area Ωc∗ :

Ωc∗ = argmax
c∈C

|Ωc| , (10)

where Ωc denotes the pixel set of class c inMm. This en-
sures that grasping is performed on the dominant garment
region. Within the selected region Ωc∗ , we extract k pix-
els with the smallest depth values (i.e., the closest to the
camera) based on the corresponding area of the depth map,
representing the most accessible surface points:

p1, p2, ..., pk = Depthtop (Ωc∗) , (11)

where p1, p2, ..., pk are the points where the depth value is
optimal. The above process effectively identifies geometri-



Class Luminance: 90 – 120 Luminance: 60 – 90 Luminance: 30 – 60 Luminance: 0 – 30

—— SegMiF MRFS AMDA Ours SegMiF MRFS AMDA Ours SegMiF MRFS AMDA Ours SegMiF MRFS AMDA Ours
Glove 74.9% 77.9% 76.6% 84.4% 70.1% 71.1% 75.5% 84.2% 61.9% 62.5% 70.7% 83.1% 62.3% 61.8% 68.5% 81.7%
Hat 82.8% 80.1% 81.5% 86.4% 74.6% 78.7% 80.3% 85.8% 71.8% 70.6% 75.9% 85.5% 65.4% 68.2% 71.3% 84.7%
Scarf 76.0% 82.2% 79.1% 85.7% 73.3% 75.1% 77.0% 86.3% 65.4% 65.7% 73.1% 85.7% 66.3% 63.5% 68.6% 85.6%
Sock 70.9% 67.2% 72.8% 83.5% 66.2% 65.7% 68.0% 82.2% 62.3% 58.9% 65.5% 80.3% 56.9% 61.8% 59.3% 79.2%
Tie 72.5% 80.3% 79.9% 84.7% 70.7% 73.9% 74.4% 84.1% 64.1% 66.2% 71.1% 82.1% 60.8% 65.3% 66.9% 81.4%
Top 73.5% 70.1% 75.9% 86.2% 71.6% 73.2% 72.8% 85.8% 74.4% 73.4% 72.4% 85.2% 71.4% 70.4% 72.5% 84.4%
Trousers 68.8% 73.9% 74.1% 84.3% 65.4% 69.6% 70.4% 82.9% 61.1% 63.9% 67.5% 82.7% 60.4% 61.7% 65.0% 81.5%
Brief 78.2% 78.4% 79.1% 83.5% 72.2% 73.0% 75.9% 83.3% 67.2% 67.7% 76.5% 82.1% 57.1% 62.5% 65.7% 80.2%

mIoU 74.7% 76.2% 77.3% 84.8% +14% 70.5% 72.6% 74.4% 84.3% +14% 66.0% 66.3% 71.5% 83.4% +17% 62.5% 64.2% 67.3% 82.8% +20%

Table 1. Quantitative comparison of semantic mask generation accuracy between our GraspALL and other baseline methods under different
luminance levels. The best results are highlighted in bold, and performance improvements are shown in red.

Class Luminance: 80 – 120 Luminance: 40 – 80 Luminance: 0 – 40

—— BiFCNet SAM-M ReKep DarkSeg Ours BiFCNet SAM-M ReKep DarkSeg Ours BiFCNet SAM-M ReKep DarkSeg Ours
Glove 9/15 10/15 8/15 11/15 14/15 8/15 9/15 8/15 10/15 14/15 5/15 5/15 6/15 7/15 12/15
Hat 11/15 10/15 9/15 13/15 15/15 9/15 8/15 8/15 9/15 13/15 6/15 7/15 6/15 8/15 13/15
Scarf 10/15 9/15 10/15 12/15 14/15 8/15 8/15 7/15 8/15 13/15 6/15 6/15 5/15 7/15 13/15
Sock 9/15 7/15 10/15 11/15 13/15 7/15 7/15 7/15 9/15 13/15 5/15 5/15 6/15 7/15 11/15
Tie 9/15 10/15 8/15 10/15 13/15 6/15 5/15 6/15 7/15 11/15 3/15 5/15 5/15 6/15 10/15
Top 10/15 8/15 11/15 13/15 15/15 8/15 9/15 9/15 11/15 14/15 8/15 8/15 9/15 10/15 14/15
Trousers 9/15 11/15 11/15 13/15 14/15 10/15 10/15 10/15 12/15 14/15 9/15 10/15 8/15 12/15 14/15
Brief 7/15 9/15 9/15 11/15 14/15 7/15 6/15 8/15 10/15 14/15 6/15 6/15 6/15 7/15 13/15

mGSR 61.6% 59.2% 63.4% 78.3% 93.3% +32% 52.4% 51.6% 52.4% 63.3% 88.3% +36% 39.9% 43.3% 42.4% 53.3% 84.2% +44%

Table 2. Comparison of garment grasping accuracy between our GraspALL and other baseline methods under different luminance levels.

cally salient points on the garment surface, such as wrinkles
or protrusions, thereby enhancing grasping stability.

Following the [43], we compute the geometric center
pcenter of the current semantic region Ωc∗ by fitting the
minimum bounding rectangle. Then, among the candidate
points p1, p2, ..., pk, we select the pixel closest to pcenter as
the optimal grasping point po:

po = argmin
p∈pk

||p− pcenter||2, (12)

where || · ||2 is the euclidean distance. By searching for the
grasping point across the entire semantic region, our method
avoids dragging issues caused by off-center grasping while
ensuring that the selected point lies in a structurally stable,
wrinkled area. After completing this process, we iteratively
repeat the above steps to grasp the remaining garment.

4. Experiments
4.1. Experimental Setup

Dataset: To overcome the scarcity of garment grasping
datasets under varying illumination, as shown in Fig. 5, we
construct a Multi-Illumination Garment Grasping (MIGG)
dataset using NVIDIA Isaac Sim. Unlike previous datasets
[20, 43, 49] with limited garment types, uniform lighting,
and simplified scenes, MIGG features controllable illumi-
nation and realistic household scenes. We create two repre-
sentative household scenes—a living-room sofa and a bed-
room bed. A garment asset library with eight categories
(top, brief, glove, hat, tie, trousers, skirt, and sock) is de-
veloped, each modeled with realistic fabric properties and

deformable dynamics. Illumination is physically controlled
through variations in intensity, direction, and color temper-
ature, generating multiple brightness levels from normal to
extreme low-light. For each configuration, Isaac Sim cap-
tures synchronized RGB image, depth map, and semantic
mask map at 512×512 resolution, yielding 15384 image
triplets, split into 13008 for training and 2376 for testing.
Metrics: We employ two complementary metrics to eval-
uate both semantic mask accuracy and mask-based gar-
ment grasping performance. For semantic mask evaluation,
mIoU (mean intersection over union) [28] is used to mea-
sure accuracy. For grasping evaluation, we design a multi-
category garment grasping protocol, where each garment
category is assigned a corresponding target basket. The
model predicts grasp points from the semantic mask and
executes grasp-and-place operations. A trial is considered
successful if the garment is correctly grasped and placed
into its target basket. Each method is tested 15 times un-
der every illumination level, and the mGSR (mean grasping
success rate) [17] is reported as the final evaluation metric.
Baselines: GraspALL is trained using an NVIDIA 4090
GPU. We compare GraspALL with representative baselines
across both semantic mask generation and garment grasp-
ing. For comparison of semantic mask, we select three mul-
timodal fusion methods — SegMiF [15], MRFS [35], and
AMDA [44]. For garment grasping comparison, we select
BiFCNet [46], SAM-M [13], ReKep [12], and DarkSeg [43]
as baselines. SegMiF, MRFS, AMDA, BiFCNet and Dark-
Seg will be retrained on our proposed dataset based on their
original configuration. SAM-M and ReKep use the official
weights, and the prompt of ReKep is modified to: “In low-
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Figure 6. Comparison of semantic mask and grasping key points between our GraspALL and baselines under different luminance levels.

Model PLC LRL SRL Lsc Lbce mIoU mGSR

Model-1 ✗ 65.4% 50.0%
Model-2 ✗ 71.3% 72.5%
Model-3 ✗ 68.5% 57.5%
Model-4 ✗ 64.9% 50.2%
Model-5 ✗ 68.7% 70.4%

Model-6 ✔ ✔ ✔ ✔ ✔ 82.6% 88.3%

Table 3. Ablation study of different components (Lum: 0-40).

light indoor environment, grasping the garment..”
• BiFCNet is chosen to show the limitations of the tradi-

tional garment grasping method for illumination levels.
• SAM-M and ReKep are selected to prove that even with

the driving force of powerful large models, it remains dif-
ficult to handle complex low-light scenarios. SAM-M is
our modification of SAM based on [31].
• DarkSeg is chosen to verify that existing low-light gar-

ment grasping methods, though capable of addressing
partial low-light conditions, struggle to handle diverse
low-light situations under dynamic illumination.

4.2. Quantitative Analysis

Tab. 1 presents a quantitative comparison between our
method and other multimodal models. Although other
methods also leverage depth modality to enhance RGB fea-
tures, they exhibit significant performance degradation un-
der illumination variation. For instance, the MRFS suffers
a 12% drop in mIoU when transitioning from bright to low
light. In contrast, GraspALL maintains stable performance
across different brightness levels, with fluctuations under
2%. This robustness stems from our proposed parametric
luminance representation, which enables dynamic adapta-
tion of feature distributions to illumination shifts, ensuring
stable perception under diverse lighting conditions.

Tab. 2 reports the quantitative comparison of garment
grasping performance. As shown, our GraspALL consis-
tently outperforms all baselines across luminance ranges,
achieving 83.3% mGSR under extreme low-light conditions
(0–40), representing a 31% improvement over the second-
best method. Even under medium brightness variations
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Figure 7. Comparisons of Parameters, FPS, mIoU and FLOPs.

(40–120), GraspALL maintains a stable grasping success
rate between 88.3%–93.3%, demonstrating strong robust-
ness to illumination changes. These results confirm the ef-
fectiveness of our parametric luminance representation and
adaptive compensation mechanism in achieving generalized
and reliable grasping across complex lighting scenarios.

4.3. Qualitative Analysis

Fig. 6 provides qualitative comparisons on semantic mask
generation and grasp-point prediction. As illustrated, exist-
ing methods (e.g., SegMiF) produce blurred mask bound-
aries under varying illumination, failing to capture fine dif-
ferences between garments and resulting in misplaced grasp
points. In contrast, GraspALL preserves clear boundaries
and consistent structural details even under low and dy-
namic lighting, with predicted grasp points concentrated on
geometrically stable regions (e.g., wrinkles near the cen-
ter). This demonstrates its superior precision and stability
in grasping across challenging illumination conditions.

4.4. Ablation Studies

We perform ablation studies on the Parametric Luminance
Curve (PLC), Luminance Response Library (LRL), Struc-
tural Response Library (SRL), spectral consistency loss
(Lsc), and binary cross-entropy loss (Lbce) of GraspALL.
The study involves six model variants: Model-1: PLC is re-
moved, and the encoded features from both luminance and
structural modeling are stored in fixed positions of LRL and
SRL without luminance distinction. Model-2: LRL is re-
moved, and the structural modeling process stores the en-
coded features in SRL according to the luminance indica-
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Figure 8. Differences in Grad-CAM at different luminance levels.
tors produced by PLC. Model-3: SRL is removed. Model-
4: Lsc is removed. Model-5: Lbce is removed. Model-
6: Without any modification. As shown in Tab. 3, all
variants exhibit varying degrees of performance degrada-
tion compared to Model-6, confirming the effectiveness of
each component. Model-1 shows the most significant per-
formance drop, indicating that the absence of interpretable
luminance estimation prevents explicit guidance for feature
fusion between RGB and depth. The removal of SRL and
LRL leads to performance decline, demonstrating that the
complementary between structural and luminance features
restores garment discriminability degraded by illumination
changes. Removing Lsc and Lbce results in performance
drops. This is because the absence of Lsc eliminates the
constraint signal for the PLC learning, while the lack of
Lbce deprives the model of supervision for RGB-D fusion.

4.5. Complexity Analysis

We compare GraspALL with other models in terms of pa-
rameter, frames per second (FPS), and floating point opera-
tions per second (FLOPs). As shown in Fig. 7, GraspALL
not only achieves a higher mIoU but also delivers faster in-
ference and a smaller model size than comparison meth-
ods. This is because we use the structural and luminance
response libraries as intermediaries to decouple useful fea-
tures from complex multimodal fusion, avoiding the intri-
cate semantic alignment and feature interaction computa-
tions in multimodal fusion. When processing the input, the
model only needs to estimate the illumination level via the
PLC, then directly retrieve matching features from the two
libraries for grasp point modeling—eliminating the need to
repeatedly perform complex cross-modal fusion.

4.6. Generalization Analysis of the PLC

To evaluate the performance of PLC for unseen illumina-
tion, we employ Grad-CAM [24] to visualize the encoder
intermediate features of GraspALL. For comparison, we re-
place the PLC with a traditional histogram mean method
to generate luminance indices for input images. As shown
in Fig. 8, GraspALL maintains stable attention across dif-
ferent illumination levels and even exhibits stronger struc-
tural focus under low light. In contrast, GraspALL with the
histogram method fails to produce more generalized inter-
pretations for diverse inputs due to its non-learnable nature,

Observation

Observation

KeyPoint

KeyPoint

Camera

Realman Robot

Garment Set

Boundary Scene

Target Basket Class: Top

Class: Trousers

Figure 9. Setup and observation of real-world experiment.

Luminance BiFCNet SAM-M ReKep DarkSeg Ours

Lu: 0 - 20 5 / 15 4 / 15 6 / 15 7 / 15 12 / 15
Lu: 20 - 40 7 / 15 5 / 15 7 / 15 10 / 15 13 / 15
Lu: 40 - 60 7 / 15 7 / 15 9 / 15 11 / 15 13 / 15
Lu: 60 - 80 9 / 15 8 / 15 10 / 15 11 / 15 14 / 15

Table 4. Real-world success rate under different luminance levels.

thus showing significant attention divergence. These results
demonstrate that PLC can capture representative luminance
patterns from input lighting and form a unified representa-
tion for arbitrary illumination, enabling accurate luminance
interpretation even under unseen lighting conditions.

4.7. Real-World Experiment

To evaluate the real-world performance of GraspALL, we
build a dataset of 1013 multi-illumination real-world gar-
ment images. We follow the adaptation strategy [32], trans-
ferring the weights of all models except ReKep and SAM-
M, which were trained on the MIGG simulation dataset, to
the real-world dataset, and then deploying them on the Real-
man robot for evaluation. A RGB-Depth sensor, mounted
above Realman’s head and facing downward, is used for
scene capture. Fig. 9 illustrates the real-world observation
process, and Tab. 4 reports the superior grasping success
rates achieved by GraspALL. Additional implementation
details are provided in the supplementary material.

5. Conclusion and Limitation

For garment grasping under varying illumination, we pro-
pose GraspALL, an adaptive framework that leverages
luminance curve and dual response libraries to achieve
illumination-structure feature compensation. By encoding
continuous illumination variations into quantifiable refer-
ences and using these references to guide the feature com-
plementarity between RGB and non-RGB modalities. Ex-
periments in both simulations and real-world deployments
demonstrate that GraspALL improves grasping accuracy by
32-44% under diverse illumination conditions. Although
our MIGG dataset is simulation-based, it is intentionally
designed as a controlled benchmark that allows systematic
analysis of illumination variations under physically consis-
tent conditions. To further improve generalization, we plan
to expand the real-world data in future work, incorporating
more diverse household scenes and garment materials.
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