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A Hyperspectral Imaging Guided Robotic Grasping System
Zheng Sun1, Zhipeng Dong1, Shixiong Wang1, Zhongyi Chu2, Member, IEEE,

and Fei Chen †1, Senior Member, IEEE

Abstract—Hyperspectral imaging is an advanced technique for
precisely identifying and analyzing materials or objects. However,
its integration with robotic grasping systems has so far been ex-
plored due to the deployment complexities and prohibitive costs.
Within this paper, we introduce a novel hyperspectral imaging-
guided robotic grasping system. The system consists of PRISM
(Polyhedral Reflective Imaging Scanning Mechanism) and the
SpectralGrasp framework. PRISM is designed to enable high-
precision, distortion-free hyperspectral imaging while simplifying
system integration and costs. SpectralGrasp generates robotic
grasping strategies by effectively leveraging both the spatial and
spectral information from hyperspectral images. The proposed
system demonstrates substantial improvements in both textile
recognition compared to human performance and sorting success
rate compared to RGB-based methods. Additionally, a series
of comparative experiments further validates the effectiveness
of our system. The study highlights the potential benefits of
integrating hyperspectral imaging with robotic grasping systems,
showcasing enhanced recognition and grasping capabilities in
complex and dynamic environments. The project is available at:
https://zainzh.github.io/PRISM.

Index Terms—Perception for Grasping and Manipulation,
Software-Hardware Integration for Robot Systems, Grasping

I. INTRODUCTION

HYPERSPECTRAL imaging offers unparalleled capabil-
ities for precise material identification and analysis by

capturing rich spectral information across dozens to hundreds
of contiguous bands [1]. This technology has been widely
applied in diverse fields, including remote sensing [2], bio-
chemical analysis [3], and industrial sorting [4]. Recognizing
its potential, researchers have recently begun exploring its
integration into robotics to enhance material recognition and
environmental perception [5]. Such advancements are critical
for enabling robotic systems to perform complex grasping and
decision-making manipulation tasks.

Despite the potential advantages, the adoption of hyper-
spectral imaging in robotics remains limited. First, existing
linescan hyperspectral systems typically necessitate auxiliary
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Fig. 1: Tabletop setup for the hyperspectral textile robotic grasping system.
The setup includes a PRISM for hyperspectral image acquisition, halogen
lamps, a Bernoulli’s Principle suction cup gripper attached to a robotic arm,
and a set of wasted textiles (linen, acetate, silk, wool) for sorting.

mechanisms, such as conveyor belts, rendering them more
suitable for industrial-scale applications than for close-range
robotic manipulation tasks [6], [7]. Meanwhile, commercially
available snapshot hyperspectral cameras are often twice as
expensive as linescan cameras and offer fewer spectral bands,
thus constraining their practical deployment in robotic systems
[8]. Furthermore, the inherent high-dimensionality of hyper-
spectral data introduces significant computational and storage
challenges, hindering real-time application in dynamic envi-
ronments [9]. Lastly, while conventional hyperspectral applica-
tions emphasize spectral analysis, the equally valuable spatial
information is frequently overlooked. Effective exploitation
of both spectral and spatial information could significantly
enhance robotic perception and manipulation performance.

To address these challenges, this paper introduces a hyper-
spectral imaging-guided robotic grasping system that effec-
tively integrates hyperspectral perception with robotic grasping
tasks. The proposed system consists of two core compo-
nents: PRISM, a compact, cost-effective hyperspectral imaging
device providing high precision and distortion-free hyper-
spectral imaging, which was first introduced in [10]; and
SpectralGrasp, a novel framework that exploits hyperspectral
imagery to generate precise and effective grasping strategies.
To the best of our knowledge, few studies have focused
on hyperspectral imaging-guided robotic grasping. Our sys-
tem effectively integrates hyperspectral data into close-range
robotic grasping and manipulation tasks, as illustrated in Fig.

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.
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1. The effectiveness of the proposed system is validated
through textile sorting experiments, demonstrating superior
recognition accuracy and sorting performance compared to
human operators and conventional RGB-based methods. This
study highlights the potential of hyperspectral imaging for
enhancing robotic perception capabilities. This work makes
the following contributions:

1) The design and implementation of PRISM, a hyper-
spectral imaging device achieving high-precision and
distortion-free hyperspectral imaging with simplified in-
tegration into robotic systems.

2) The development of SpectralGrasp, a framework integrat-
ing spectral and spatial information from hyperspectral
images to generate effective robotic grasping strategies.

3) Comprehensive validation through comparative experi-
mental studies demonstrating improved recognition ac-
curacy and sorting success rates relative to human per-
formance and traditional RGB-based approaches.

II. RELATED WORKS

A. Robotics Sensing Technologies

Modern robotic manipulation heavily relies on perception,
particularly in robotic grasp tasks. Early research primarily
relied on RGB vision systems to capture an object’s external
shape and basic visual features such as color and texture
[11]–[13]. As the need for more sophisticated perception
increased, depth cameras were introduced to enhance 3D ge-
ometry detection, allowing robots to estimate objects’ volume
and spatial orientation more accurately [14]–[16]. To further
improve perception, tactile sensors were integrated into robotic
systems, allowing robots to perceive additional properties,
such as force [17]–[19], temperature [20] and material stiffness
[21]. These multimodel sensory inputs greatly improved the
robustness of robotic grasping by offering multi-dimensional
information. Despite these advances, one critical limitation
remains: the inability to distinguish materials with similar
visual and physical properties. This gap highlights the need
for more advanced sensing technologies that can incorporate
additional information modalities, such as spectral data, to
enable robots to achieve reliable material differentiation.

B. Hyperspectral Technologies

Hyperspectral technology captures detailed spectral infor-
mation across dozens to hundreds of contiguous bands, en-
abling precise material characterization and analysis [1]. This
capability has been extensively used in fields, including bio-
chemistry analysis, quality control within the pharmaceutical
industry [3], [22], non-destructive food inspection [23], and
industrial sorting [4]. Beyond its spectral resolution, hyper-
spectral images also provide spatial data, enabling pixel-
by-pixel analysis, which is invaluable for applications re-
quiring pixel-level analysis, such as environmental mapping
and industrial sorting [2], [4]. The adoption of hyperspec-
tral imaging in robotics has been slow due to deployment
challenges. Traditional point spectrometers are effective for
material analysis but lack spatial context, whereas linescan

hyperspectral cameras require complex auxiliary mechanisms
for operation. Meanwhile, snapshot hyperspectral cameras
usually offer fewer spectral bands at significantly higher costs
[8]. Furthermore, the high-dimensional nature of hyperspec-
tral data demands significant computational resources, often
impeding its use in real-time robotic applications [9].

C. Applications of Hyperspectral Technologies in Robotics

Serval studies have explored the integration of hyperspectral
technology with robotics systems. One approach involves
embedding spectrometers in robotic end-effectors for material
identification. For example, spectrometer-equipped grippers
have been used to assess food quality, classify household
materials and liquid classification in container [5], [24]–[28].
Some researchers have also attempted to enhance recognition
capabilities in robotic grasping operations by integrating spec-
trometers into the gripper [29]. While these methods leverage
spectral data, they often neglect the spatial information that
could further enhance robotic perception.

Another line of research explores using robots to facili-
tate hyperspectral data acquisition. For instance, Wang et al.
employed drones for remote sensing tasks [30], Azizi et al.
used the precise movement of robots to carry objects under
hyperspectral sensors for data collection [31]. And Hanson et
al. developed an unmanned ground vehicle (UGV) equipped
with hyperspectral imaging devices [32]; additionally, they
also proposed a robotic pushbroom hyperspectral data acquisi-
tion system coupled with an effective algorithm for detecting
occluded hyperspectral objects [33]. While these approaches
leverage both the spectral and spatial information from hy-
perspectral images, they do not integrate this information into
robotic manipulation or task execution.

To address these limitations, our proposed system leverages
both spectral and spatial information to enable hyperspectral
imaging-guided robotic grasping. By combining a custom-
designed hyperspectral device, PRISM, with the Spectral-
Grasp framework, our work aims to bridge the gap between
hyperspectral imaging and robotic manipulation, offering an
effective solution for challenging material recognition and
grasping tasks in close-range robotic scenarios.

III. METHOD

The section details the design and implementation of the
hyperspectral imaging device PRSIM and the SpectralGrasp
framework. These components integrate hyperspectral data
into robotic systems by effectively leveraging spectral and spa-
tial information to enhance material recognition and grasping
performance. The proposed methodology highlights PRISM’s
innovative design for distortion-free hyperspectral imaging and
demonstrates how SpectralGrasp generates robust grasping
strategies from hyperspectral data, as illustrated in Fig. 2.

A. PRISM

1) Design: The PRISM (Polyhedral Reflective Imaging
Scanning Mechanism) is a specialized hyperspectral imaging
device optimized for robotic applications. PRISM comprises

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.
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Fig. 2: System Overview: SpectralGrasp leverages both the spectral and spatial information from hyperspectral images captured by PRISM to generate
suction points, enabling robots to complete textile sorting tasks. The process begins with PRISM capturing hyperspectral image frames, which are processed
through image reconstruction and distortion correction to produce a corrected hyperspectral image. This corrected image with its mask serves as the input for
SpectralGrasp. A pixel-level hyperspectral classifier is applied to generate pixel-level classification results. These results are then aggregated into object-level
recognition outcomes using a Principal Component Analysis (PCA) algorithm. The system subsequently identifies the geometric centroids of target objects
and generates a series of suction points for each target. A Target Decider module selects the target object, based on the task requirements, to generate the
robotic execution trajectory. The trajectory is then sent to the Cartesian Motion Controller for precise sorting and execution.

Fig. 3: CAD renderings of the mechanical design and the working mechanism of PRISM. (A) Fully assembled front view of PRISM, showing the two limited
scanning positions. (B) Fully assembled top view. (C) Exploded view of PRISM, illustrating the individual components. (D) The working mechanism of
RPISM, highlighting the scanning process. The angle θ denotes the rotation angle of the servo motor, while the angle γ denotes the scanned angle. The
circumradius of the rotating prism is r, and the position of the hyperspectral sensor, point A, is given by (xA,

√
2r
2

).

three primary components: a high-precision servo motor, a
regular decagonal reflective prism, and a linescan hyperspec-
tral camera, as illustrated in Fig. 3. PRISM simplifies the
integration and operation of hyperspectral imaging systems
by employing rotational reflection, thereby eliminating the
need for complex conveyor mechanisms commonly required in
traditional line-scan hyperspectral systems. During operation,
the servo motor rotates the prism, sequentially reflecting the
scanning line area onto the sensor of the hyperspectral camera
via a reflective mirror. Compared to commercial snapshot
hyperspectral cameras of equivalent spectral range, PRISM
provides higher spectral resolution and precision at signifi-
cantly lower costs.

The servo motor achieves control accuracy of 0.01 degrees,
augmented by a high-precision encoder for real-time positional
feedback. A gearbox with a reduction ratio of 10 enhances

rotational accuracy and reduces torque requirements. Each
facet of the decagonal reflective prism features high-reflectivity
silvered mirrors, reflecting approximately 95% of incident
light back onto the hyperspectral camera’s sensor.

The number of sides of the reflective prism directly influ-
ences the PRSIM’s field of view (FOV). More sides result in
a narrower scanning area but higher scanning precision. The
relationship between the FOV and the number of the reflective
prism sides n is defined by the following formula:

FOV =
720°
n

(1)

A decagonal prism configuration ensures uniform reflection
and consistent imaging quality, providing an optimal balance
between range and precision, yielding a practical FOV of 72°.

2) Hyperspectral Image Reconstruction: As shown in Fig.
3 (D), in the PRISM configuration, the scanned angle γ

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.
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Fig. 4: Curvature distortion correction. (a) Original image exhibiting distortion
with increased scanned angle γ. (b) Corrected image displaying uniform
spatial mapping in both the x and y directions.

is a linear function of the motor angle θ, meaning that
for each motor position during the scanning cycle, there is
a corresponding unique scanning position. The relationship
between the motor angle θ and the scanned angle γ is:

γ =
3π

10
− 2θ, θ ∈ [

π

20
,
π

4
] (2)

The operational range defined by γ ranges from γ ∈
[−π

5 ,
π
5 ] facilitates uniform spatial resolution across hyper-

spectral images. Spatial resolution of PRISM hyperspectral
images measures H ×W = 871× 512 pixels, N representing
the number of spectral bands. Each vertical direction position
h corresponds to a unique motor angle θh. During the imaging
acquisition, each captured frame f ∈ R1×W×N is recorded
along with its corresponding motor angle θh. These frames
are then accurately mapped to their respective positions in the
sample image based on the recorded angles, ultimately forming
the complete hyperspectral image I ∈ RH×W×N . Typically,
the motor is driven at 3 rpm. yielding a full-scan duration of
approximately 2s.

3) Distortion Correction: Reflective mirrors introduce cur-
vature distortion in the field of view (FOV). This distortion
becomes increasingly pronounced as the scanned angle γ
increases, visibly warping captured images, as illustrated in
Fig. 4. Distortion in object width per scan line follows scaling
factor k(θ), which is a nonlinear function of motor angle θ:

k(θ) =

√
1 +

1

tan2(π5 + 2θ)
(3)

Each pixel coordinate (u, v) in the hyperspectral image
I corresponds to specific spatial coordinates (xd, yd), the
relationship is described by:

yd = h ∗ tan(γ) (4)
xd = u ∗ △x ∗ k(θ) (5)

where △x denotes the spatial resolution of each measured
line in millimeters, determined by the camera lens properties
and detection height h. To correct the curvature distortion, a

Working Height (mm) 330 380 450 550 600

Resolution (lp/mm) 4 3.56 2.24 1.78 1.41

Min Resolvable Size (mm) 0.13 0.14 0.22 0.28 0.35

Fig. 5: Spatial resolution test results for PRISM at various experimental
heights. The resolution was measured using the 1951 USAF Resolution
Test Chart (MIL-STD-150), containing reference line patterns with known
dimensions. The diagram illustrates the achieved resolution in line pairs per
millimeter (lp/mm) at heights ranging from 33 cm to 60 cm. The table below
summarizes the spatial resolution performance and minimum resolvable size.

transformation matrix M(θ) is introduced incorporating the
scaling factor k(θ) to accurately map each pixel’s spatial
coordinates, resulting in the corrected hyperspectral image Ic.

Ic = M(θ(u, v)) · I(u, v) (6)

The complete nonlinear transformation effectively removes
distortion, as demonstrated in Fig. 4 (b). Although distortion
has minimal impact on grasp estimation for non-detailed ob-
jects, the correction was utilized in the following experiments
for optimal system performance.

B. SpectralGrasp

1) Overview: This section introduces SpectralGrasp, a
framework designed to utilize spectral and spatial information
from hyperspectral images obtained by PRISM to generate
robotic grasping strategies.

2) Hyperspectral Imaging Preprocess: As previously dis-
cussed, the substantial volume of hyperspectral data presents
a significant challenge for real-time processing, given its
complexity relative to standard RGB imagery. Identifying and
isolating the region of interest (ROI) of target objects is there-
fore critical for enhancing real-time processing capabilities.

Initially, spatial object information is extracted from the
corrected hyperspectral image Ic. Segmentation masks M ∈
0, 1H×W for each object are generated using the Segment
Anything model [34] applied to pseudo-RGB images derived
from Ic. These masks, combined with their respective hy-
perspectral data, produce masked hyperspectral images IM ,
which proceed to further classification and localization steps.
Redundant spectral information in hyperspectral images can
negatively affect detection accuracy and processing speed;
thus, a minimum noise fraction (MNF) method is applied to
retain the most informative frequency bands [35]. The MNF
method, implemented through the Python spectral library (spy)
, typically compresses around thirty percent of spectral bands

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.
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to optimize processing speed and recognition accuracy, effec-
tively reducing computational load while preserving essential
spectral information.

3) Object Detection and Grasp Point Prediction: The ob-
jective is to classify each object and identify appropriate
suction points. Traditional RGB-based detection models are
inadequate due to hyperspectral image dimensionality. Thus,
a specialized two-stage neural network for hyperspectral object
detection is developed.

In the initial stage, pixel-level classification occurs within
the masked hyperspectral image IM . The spectral data of
each pixel IM (u, v) serve as inputs for the network, initially
processed by one-dimensional convolution (Conv1d) layers
to establish feature channels. Subsequently, one-dimensional
max pooling (MaxPool1d) reduces spectral vector lengths
for frequency-domain downsampling, followed by a ReLU
activation function to introduce nonlinearity and batch nor-
malization to standardize intermediate features. Iterating this
convolution–pooling–normalization sequence reduces hyper-
spectral data dimensionality, resulting in compact feature
representations, which are subsequently flattened and classified
using a fully connected layer (nn.Linear).

The second stage aggregates pixel-level classifications into
object-level classifications through Principal Component Anal-
ysis (PCA) clustering [36]. Geometric centroids of identified
objects serve as candidate suction points. PCA’s selection
reflects its proven effectiveness for hyperspectral classification
scenarios, though alternative methods such as Support Vector
Machines (SVM) could also be implemented.

4) Trajectory Planning: A waypoint-based trajectory plan-
ner generates robot trajectories. Based on suction points and
target bin locations identified from object classes, a sparse
trajectory is initially established using predefined intermedi-
ate waypoints. This sparse trajectory undergoes refinement
through Linear Quadratic Tracking [37], producing smooth
Cartesian trajectories at 100 Hz for subsequent execution by
the robot’s Cartesian controller.

IV. EXPERIMENT

A series of experiments was conducted to evaluate the
performance of the PRISM device and the SpectralGrasp
framework. These experiments assessed spatial imaging res-
olution, material recognition accuracy, and robotic sorting
performance in practical scenarios.

A. Spatial Resolution

PRISM employs a rotational scanning mechanism to elim-
inate the reliance on conveyor belts commonly required by
linescan hyperspectral cameras. This design simplifies the
deployment of hyperspectral imaging systems, enables the
capture of static objects, and broadens the potential application
scenario. Exploring the spatial resolution achievable through
the rotational scanning function is essential to figure out the
imaging performance of PRISM.

Spatial resolution, defined as the smallest distinguishable
feature size, was quantified using the 1951 USAF Resolution

Test Chart (MIL-STD-150), which contains standardized refer-
ence patterns. Tests at multiple heights ranging from 330 mm
to 600 mm were performed, and the outcomes are illustrated
as Fig. 5. The results demonstrate that PRISM can achieve
a minimum resolvable size of 0.35mm at a working height
of 600mm, which is sufficient for guiding close-range robotic
perception and grasping tasks.

B. Textile Recognition Experiment

PRISM’s recognition performance and our algorithm’s ac-
curacy were evaluated by distinguishing various textile ma-
terials of identical color. Additionally, the effectiveness of
PRISM was benchmarked against human performance, re-
flecting typical conditions in textile recycling factories, where
fabric sorting often relies heavily on human visual inspection.
Four textile materials—linen, wool, acetate, and silk—each
prepared in black, white, blue, and yellow colors, comprised
the experimental dataset. Four trained participants indepen-
dently performed textile identification tasks with mixed piles
containing 16 distinct samples across four repetitions.

Results in Fig. 6 (A) showed an average human identifica-
tion accuracy of 66%. In contrast, the pixel-level recognition
classification results achieved accuracy ranging from 87% to
frequently surpassing 91%, as illustrated in Fig. 6 (B). Object-
level classification results further demonstrated robustness, as
occasional pixel-level errors did not substantially influence
object recognition accuracy or grasping point determination,
as shown in Fig. 6 (C) and Fig. 6 (D). Overall, our algorithm
robustly recognizes various materials and provides reliable
grasping information, effectively leveraging hyperspectral data
to guide robotic manipulation tasks.

C. Hyperspectral Guided Sorting Experiment

A sorting experiment was conducted to verify the efficacy
of PRISM and SpectralGrasp in real-world robotic sorting
applications. The primary objective of this experiment is to
demonstrate the efficacy of our hyperspectral imaging-guided
robotic grasping system in accurately generating grasping
points based on spectral-spatial information. Textile sorting
is selected as the validation scenario because it effectively
highlights the advantages of hyperspectral imaging in differen-
tiating materials and object contours at pre-grasp stage, thereby
enhancing grasping reliability.

1) Setup: For the hyperspectral guided sorting experiment,
a NACHI MZ04 6-axis robotic arm was equipped with a
Bernoulli suction cup gripper. This specialized suction cup
enables the lifting of unsealed textile pieces without disturbing
the surrounding items. The suction cup is powered by a high-
pressure airflow and controlled via a relay connected to a
Modbus 485 module, ensuring consistent and reliable gripping
performance. The PRISM is mounted above the workspace
to capture global scene information. Four designated collec-
tion boxes are positioned around the workspace to receive
the sorted textiles, as illustrated in Fig. 7. All experiments
are conducted on a desktop computer running Windows 11,
equipped with an Intel i7-13700KF CPU and an NVIDIA RTX
4090 GPU. The core codebase is implemented in C++ for

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.
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Fig. 6: Textile Recognition Experiment Results. Textile recognition experiment results. The comparison between human identification (A) and the system’s
pixel-level recognition results (B) highlights the significantly higher success rate of the proposed method. The object detection results demonstrate the
effectiveness of our algorithm in processing segmentation maps (C) to extract semantic information (D), including object labels, bounding boxes, and suction
points for following grasping execution.

Fig. 7: Experiment setup for textile sorting experiment. Textiles are sorted
from the object plane (surrounded by blue lines) to the corresponding target
boxes (surrounded by green lines). Hyperspectral images are captured by the
overhead PRISM system. We install a screen net to the Bernoulli suction cup’s
outlet to ensure effective suction. Performance is evaluated on two difficult
levels black textiles, including silk, acetate, linen, and wool. Their spectrum
curves are illustrated.

computational efficiency, while additional Python scripts are
utilized to simplify system interfacing.

2) Experimental Procedure: The experiment aimed to rec-
ognize textiles and accurately sort them into the corresponding
collection bins using the hyperspectral images obtained from
PRISM and processed by the SpectralGrasp algorithm. The
system’s capability was assessed using four textile types:
Linen, Silk, Wool, and Acetate, as shown in Fig. 7. The

Algorithm 1 Textiles Sorting Experiments

1: Initialize: robot.ready(), suction cup.close()
2: Initialize: object present ← true, target bin
3: while object present do
4:

▷ Stage 1: Capture and process hyperspectral image
5: Ic ← PRISM.capture().preprocess()
6: M← SegmentObjects(Ic.rgb)
7: if M is empty then
8: object present ← false
9: break

10: end if
11:

▷ Stage 2: SpectralGrasp
12: Lpixels ← PredictPixelLabels(Ic,M )
13: objects← PCA(Lpixels)
14:

▷ Stage 3: Grasp pose calculation and execution
15: for object ∈ objects do
16: G ← GetGraspPoses(object)
17: robot.move(G), suction cup.open()
18: robot.move(target bin[object])
19: suction cup.close()
20: end for
21: end while

spectral reflectances of these textiles are also shown in Fig.
7. Two experimental conditions were designed to evaluate
performance under varied complexities:
1) Discrete – Textiles are placed separately without overlap,

allowing clear delineation of individual items.
2) Cluttered – Textiles are randomly arranged with overlaps,

posing significant challenges in distinguishing boundaries.

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.
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Fig. 8: Comparison of sorting success rates under three experimental condi-
tions—Discrete, Cluttered and RGB guided Discrete —for four types of black
textiles: Wool, Acetate, Linen, and Silk. The shaded regions indicate the mean
± one standard deviation of the success rates, while the horizontal lines within
these shaded areas mark the mean values.

Although previous comparisons with human identification
demonstrated superior textile recognition capability of our
proposed system, A comparative analysis against a state-of-
the-art RGB-based detection method, YOLOc11 [13], was
also performed. This approach allowed a direct comparison
of the sorting performance between RGB-guided sorting and
our hyperspectral-guided approach, highlighting the value of
spectral-spatial information.

52 individual samples were selected from four different
types of textiles as the test set, with each sample typically
measuring approximately 5cm × 5cm. In each trial, textiles
were introduced into the sorting area according to the defined
scenario, with minimal manual intervention. The complete
experimental procedure is summarized in Algorithm 1.

3) Results: Performance results from five independent tri-
als across the discrete hyperspectral, cluttered hyperspectral,
and discrete RGB scenarios are summarized in Fig. 8.Un-
der discrete conditions, hyperspectral-guided sorting achieved
near-perfect performance. In contrast, RGB-guided sorting
exhibited significantly lower effectiveness. The results strongly
support hyperspectral imaging’s role in enhancing robotic
grasping and sorting capabilities, particularly under scenarios
challenging for traditional RGB methods. However, when
transitioning from the relatively simple discrete scenario to
the more complex cluttered scenario, sorting accuracy declined
by 27% to 45% across the four textiles, with increased vari-
ability (standard deviation) in the results, demonstrating that
pure hyperspectral sensing performance degrades in complex
scenes. These findings do not imply that hyperspectral imaging
universally outperforms RGB vision; rather, they underscore
its value as a complementary sensing modality capable of
significantly enhancing robotic perception and grasping capa-
bilities in challenging environments.

D. Comparative Experiments

To the best of our knowledge, few studies have specifi-
cally addressed hyperspectral imaging-guided robotic grasping
tasks, making it challenging to directly compare the grasp-
point prediction accuracy of our proposed system with other

TABLE I: Comparative Experiment Results
Evaluation Parameter Hyperspectral Recognition

Ours Mei et al. [38] Li et al. [39] boulch et al. [40]

Training time (/h) 1.41 84 2.85 1.52

Inference time per image(/sec) 21.0 785 27.6 22.1

Accuracy (/%) 98.02 96.6 98.52 98.67

existing methods. An indirect evaluation was therefore carried
out by substituting the pixel-level classification module with
alternative hyperspectral detection algorithms and measur-
ing both recognition accuracy and computational efficiency.
Benchmarks included the 3D-CNN approaches of Mei et al.
[38] and Li et al. [39], as well as the 1D semi-supervised
method of Boulch et al. [40]. Results in Table I show that the
proposed network reduces training time to 1.41h and inference
time to 21.0s per image—substantially lower than the 84h and
785s reported by Mei et al. and the 2.85h and 27.6s reported
by Li et al.—making it far better suited for real-time grasping
and manipulation scenarios. Accuracy remains competitive at
98.02%, differing by less than 0.7% from Li et al. (98.52%)
and Boulch et al. (98.67%). Because most existing methods
were developed for large-scale remote-sensing applications,
where real-time performance is less critical, this balance of
speed and accuracy underscores the suitability of the proposed
classifier for object-level robotic tasks. The framework also al-
lows other hyperspectral classifiers to be integrated as needed.

V. CONCLUSION AND DISCUSSION

This study introduced a hyperspectral imaging-guided
robotic grasping system, comprising PRISM and the Spectral-
Grasp framework, to enhance robotic perception and grasp-
ing accuracy. PRISM provides high-precision, distortion-free
imaging with streamlined integration, while SpectralGrasp
leverages spectral-spatial hyperspectral information to gen-
erate robust grasping strategies. Experiments involving tex-
tile recognition and sorting validated the system’s superior
performance compared to human operators and RGB-based
methods. Results emphasized the capability of hyperspectral
imaging as a valuable perception modality in robotics. Future
research directions include extending the proposed approach
to more dynamic and complex manipulation scenarios. Ad-
ditionally, integration of complementary sensing modalities,
such as geometric or depth information, will be explored to
further improve the robustness and versatility in diverse robotic
grasping and manipulation tasks.
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