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ABSTRACT

Smart grippers that integrate predictive object recognition capabilities have emerged as pivotal components in the
next generation of autonomous warehousing robots. By anticipating both the identity and grasp affordances of items
prior to contact, these systems can significantly reduce mispicks, optimize cycle times, and enhance overall
throughput. This paper presents an end-to-end framework combining a soft, sensorized gripper design with a parallel
deep learning architecture that fuses visual and tactile modalities. The hardware includes an Ecoflex-based soft
gripper embedded with triboelectric nanogenerator (TENG) sensors—both pressure (P-TENG) and bend (B-
TENG)—that provide rich tactile feedback. On the algorithmic side, we deploy a dual-network pipeline: a YOLOvVS
model for rapid object detection and classification, and a GG-CNN for pixel-wise grasp quality estimation, both
trained and fine-tuned on a custom warehouse dataset. A lightweight convolutional network processes the high-
frequency tactile signals to infer object geometric categories. These streams converge in a Bayesian fusion module
that dynamically selects optimal grasp parameters (finger spread, approach angle, and force threshold) before
actuation. In a 1,000-trial evaluation across ten item classes in a mock warehouse environment, our system achieved
a predictive recognition accuracy of 94.3% and a grasp success rate of 92.1%, reducing mispicks by 37% and
improving average pick cycle time by 18% compared to vision-only baselines. Under challenging conditions— low
lighting (<100 lux) and partial occlusions—the fused approach maintained an 89.7% success rate, whereas vision-

only performance dropped to 78.4%.
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INTRODUCTION

The rapid growth of e-commerce and the expectation of same-day or next-day delivery have placed unprecedented demands
on warehouse automation systems. Human pickers, while versatile, are limited by fatigue, variability, and safety concerns,
driving the adoption of robotic systems for item handling (Sodiya, Umoga, Amoo, & Atadoga, 2024). While traditional rigid
grippers excel in structured, repetitive tasks, their inability to adapt to diverse object geometries commonly found in modern

warehouses leads to high rates of misgrasp, product damage, and prolonged cycle times. Soft robotic grippers, constructed
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from compliant materials such as silicone elastomers, offer passive adaptability to object shapes, yet often rely on open-loop

control without knowledge of object identity or optimal grasp parameters prior to contact (Goh, Chee, Lim, & Ng, 2022).
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Figure-1.Predictive Grasping Process

Predictive object recognition addresses this limitation by enabling the robotic system to infer the object’s class and grasp
affordances before physical interaction. Vision-based approaches leveraging convolutional neural networks (CNNs) like
YOLO for detection and GG-CNN for grasp quality mapping have demonstrated high accuracy in controlled settings (L1,
Wang, & Zhao, 2023). However, environmental factors such as variable lighting, occlusions, and reflective surfaces can
degrade visual performance, leading to failed grasps. Tactile sensing, on the other hand, provides direct measurements of
contact forces and deformation, allowing for precise adjustment of grasp parameters even when visual data are unreliable
(Wang & Wang, 2019). Prior work embedding pressure and bend sensors in soft grippers achieved over 90% classification
accuracy for a limited set of objects but did not integrate precontact predictions with vision to optimize grasp planning (Goh

et al., 2022).

This research integrates state-of-the-art soft gripper hardware with a parallel deep learning pipeline and Bayesian sensor

fusion to achieve predictive object recognition suitable for dynamic warehouse operations. Our contributions include:

1. Hardware Innovation: A three-fingered Ecoflex gripper with embedded Eco-EGaln TENG sensors for high-
resolution pressure and bend detection, sampled at 1 kHz.

2. Dual-Network Vision Pipeline: A customized YOLOvVS model for rapid detection and classification of ten
warehouse item classes, coupled with a fine-tuned GG-CNN for grasp quality estimation.

3. Tactile Classification Module: A lightweight CNN that interprets short-window tactile signals to categorize object

shapes (cylinder, cuboid, prism) before full closure.
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4. Bayesian Fusion Framework: A probabilistic decision logic that combines visual priors with tactile likelihoods to
select grasp parameters—finger spread, approach angle, and force thresholds—preemptively, reducing corrective
actions.

5. Comprehensive Evaluation: A 1,000-trial study in a mock warehouse environment measuring recognition

accuracy, grasp success rate, mispick reduction, and cycle time improvements under normal and adverse conditions.

LITERATURE REVIEW

Evolution of Robotic Grippers

Robotic end-effectors have evolved from two-finger parallel grippers to sophisticated multi-fingered and soft designs that
mimic human dexterity. Rigid grippers, controlled via PID or sliding-mode algorithms, exhibit high repeatability but suffer
when confronted with object variability typical of e-commerce fulfillment (Bianchi, Cestari, & Acar, 2023). Soft grippers—
often pneumatically actuated silicone structures—offer compliance but pose challenges in force control due to non-linear
material behavior. Researchers have applied adaptive fuzzy controllers and optimization-based strategies to modulate grip

forces, yet most systems lack precontact object understanding and rely on feedback after contact (Goh et al., 2022).

Smart Gripper System for
Autonomous Warehousing

Tactile
Signal Grasp
Processing Execution
Wi OwS model Conwvoluticmal Gripper exsecutes
identifies and network processes arasp based on
claassifies objects tactile signals aslected parameisrs

1 7 7 | =

Grasp
Quality Bayesian Performance
Estimation Fusion Evaluation
GGE-CNM estimates Bayesian module System evaluated in
grasp gquality pixsl- selects optimal mock warcdhouse
wiges grasp parameisra aemviromment

Figure-2.Smart Gripper System for Autonomous Warehousing
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Vision-Based Predictive Grasping

Advances in CNN-based detection and grasp planning have enabled predictive grasping workflows where object bounding
boxes and class labels inform grasp pose selection. YOLOv3 and YOLOVS architectures achieve real-time detection speeds
(~20 ms per image) and > 90% mAP on benchmark datasets (Redmon & Farhadi, 2018). GG-CNN approaches generate dense
grasp quality heatmaps, allowing pixel-wise prediction of the best grasp angle and width (Morrison, Corke, & Leitner, 2018).
Parallel implementations of YOLO for classification and GG-CNN for grasping demonstrated near 94% recognition accuracy
and 91% grasp success in laboratory settings, but struggled under domain shifts without fine-tuning on warehouse-specific

imagery (Li et al., 2023).

Tactile Sensing Enhancements

Tactile sensors in robotic fingers offer direct insight into contact forces, slippage, and surface compliance—information
complementary to vision. Triboelectric nanogenerator (TENG) sensors embedded in soft composites have proven self-
powered and sensitive to bending and pressure. Eco-EGaln composites yield higher voltage outputs and classification
accuracy (>91%) compared to earlier piezoresistive designs (Wang & Wang, 2019). However, most tactile-based systems
activate only upon full closure, limiting their predictive utility. Recent work processing short-duration tactile signal windows
achieves >90% shape classification 100 ms before complete grip, indicating the potential for precontact decision-making

(Goh et al., 2022).

Multimodal Sensor Fusion

Fusion of vision and tactile modalities can overcome single-sensor limitations. Early fusion networks integrate raw RGB and
tactile inputs as multi-channel tensors, while late fusion merges feature embeddings from separate sub-networks. Bayesian
approaches offer a principled mechanism to combine modality-specific likelihoods and priors, yielding probabilistic
estimates that guide grasp parameter selection (Xu, Mak, Tse, & Wang, 2021). In robotic bin picking, a Bayesian fusion of
YOLO-GG visual outputs with TENG-based tactile priors improved grasp success under occlusion by over 15% (Schillinger
etal., 2023).

Gaps and Opportunities

Despite progress, existing systems often treat tactile sensing as secondary feedback rather than an integral predictive
component. Vision-only approaches remain vulnerable to scene variability, while tactile-only systems lack spatial context.
There is a pressing need for architectures that effectively synchronize high-frequency tactile streams with real-time visual
inference and apply Bayesian reasoning to select grasp actions proactively. Our work advances this integration by embedding
TENG sensors in a soft gripper, processing tactile data within milliseconds of contact, and fusing outputs with a dual-network

vision pipeline to drive precontact grasp decisions in warehousing scenarios.
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METHODOLOGY

Sensorized Soft Gripper Design

The gripper comprises three radially arranged fingers made of Ecoflex 00-30 silicone. Within each finger, we mold a porous
composite strip combining Eco-EGaln and silver-coated nylon fibers to form triboelectric nanogenerator (TENG) sensors.

The P-TENG sensors detect normal pressure, while B-TENG sensors along finger bends capture deformation profiles.

Voltage signals are sampled at 1 kHz via onboard STM32 microcontrollers, timestamped, and streamed over CAN bus to the
central controller. Pneumatic actuation is provided by an off-board compressor and solenoid valve array, enabling finger

closure within 200 ms.

Visual Dataset and Network Training

We curated a warehouse-specific image dataset of ten common item categories (cardboard boxes, plastic bottles, ceramic
mugs, metal cans, bubble-wrapped items, padded envelopes, cylindrical containers, fabric bundles, electronic gadgets, and
polybags). The dataset comprises 5,000 RGB images captured under varied lighting (100—1,000 lux), backgrounds, and
occlusion scenarios. Images were annotated with bounding boxes and class labels in YOLO format. We trained a YOLOVS5s
model for 100 epochs (batch size 16, learning rate 0.01) using stochastic gradient descent with momentum. Simultaneously,
we fine-tuned a GG-CNN model—pretrained on the Cornell Grasping Dataset—on 2,000 synthetically generated depth and
RGB images paired with grasp annotations for our inventory shapes, applying random rotations and lighting augmentations.

Tactile Classification Network

To classify object shape categories precontact, we extract 100 ms windows of synchronized P-TENG and B-TENG signals
upon initial finger deformation exceeding 5 mm. We downsample to 500 Hz and segment into 128-sample frames, which
feed a CNN with two temporal convolutional layers (32 filters of length 7, then 64 filters of length 5), followed by ReLU
activations, global average pooling, and a 3-node softmax output layer. The network was trained for 50 epochs (batch size
64, learning rate 0.001, Adam optimizer) on a tactile dataset of 3,000 trials covering the ten item classes, achieving 93.5%

validation accuracy.

Experimental Protocol

We conducted 1,000 pick trials in a 2 m x 2 m bin setup, randomly placing items from each of the ten classes. Each trial

recorded:

*  Predictive Recognition Accuracy: Correct class cxc"*c« before full closure.
*  Grasp Success Rate: Object lifted and placed in target bin without slip or drop.
*  Cycle Time: Duration from visual detection to bin placement.

*  Mispick Count: Instances requiring retry due to wrong class or failure.
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Trials were repeated under nominal lighting (500 lux), low lighting (80 lux), and partial occlusion (50% item covered) to
assess robustness. Statistical significance was evaluated via paired t-tests (a =0.05) comparing fused system to vision-only

baseline.

RESULTS

Overall Performance

Across 1,000 trials, the fused system achieved a predictive recognition accuracy of 94.3%, significantly higher than the
vision-only accuracy of 92.8% (p <0.01). Grasp success rate improved to 92.1% from 90.2% (p <0.01). Mispicks decreased
from 34 to 21 per 1,000 attempts, a 37% reduction. Average cycle time dropped from 4.3 s (vision-only) to 3.5 s (fused),

representing an 18% improvement (p <0.001).

Adverse Condition Robustness

Under low lighting, vision-only success fell to 78.4%, while the fused system maintained 89.7% success (p <0.001). With
50% occlusion, vision-only grasp success was 82.3% versus 90.5% for the fused approach (p <0.001). These results highlight

tactile sensing’s compensatory role when visual inputs degrade.

Failure Mode Analysis

Of the 79 fused-system failures, 62% were attributable to object slipperiness (e.g., glossy plastics), which led to insufficient
grip friction despite correct parameter selection. The remaining 38% arose from misclassification of irregular shapes—

particularly fabric bundles—indicating the need to expand tactile dataset diversity and refine GG-CNN generalization.

Statistical Validation

Paired t-tests confirmed that improvements in recognition accuracy, grasp success, and cycle time were statistically

significant (p <0.01 for all metrics). Effect sizes (Cohen’s d) exceeded 0.8, indicating large practical benefits.

CONCLUSION

This study has demonstrated that the integration of soft, sensorized gripper hardware with parallel deep-learning pipelines
and Bayesian sensor fusion markedly advances the capabilities of autonomous warehousing robots. By combining
highresolution triboelectric tactile sensing with real-time visual inference, our system not only anticipates object identity and
grasp affordances before contact but also dynamically adjusts grasp parameters—finger spread, approach angle, and force
thresholds—to optimize pick success. Empirical results from 1,000 trials across ten diverse item classes reveal that this
multimodal approach achieves a recognition accuracy of 94.3% and a grasp success rate of 92.1%, outperforming visiononly

baselines by statistically significant margins. Crucially, the fused system maintains robust performance under challenging
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conditions—low lighting and partial occlusions—where visual pipelines alone degrade substantially, underscoring the

compensatory power of tactile feedback.

Beyond quantitative gains, the approach offers several practical benefits. The reduction in mispicks by 37% and cycle time
improvements of 18% translate directly into higher throughput and lower operational costs in real-world fulfillment centers.
Moreover, the soft gripper’s compliant design minimizes product damage and safety risks associated with rigid end-effectors,
making it suitable for handling fragile or irregularly shaped goods. The rapid sensor fusion and decision-making pipeline,
executed within milliseconds of initial contact, supports high-speed pick cycles necessary for modern high-volume e-

commerce operations.

Nevertheless, challenges remain. Failure analysis indicates that items with extremely low surface friction or highly
deformable materials still pose grasping difficulties, suggesting the need for adaptive friction modulation or variable-stiction
surface treatments. Irregular fabric bundles and soft packages also occasionally confound the tactile classifier, pointing to an
opportunity to expand training datasets and incorporate more sophisticated time-series models, such as temporal attention

networks, to capture complex deformation patterns.

Looking ahead, several avenues can further enhance system performance and applicability. First, integrating proprioceptive
feedback from the manipulator—such as joint torques and end-effector deflections—could enable closed-loop force and
compliance control during the lift and transport phases. Second, implementing online, continual learning mechanisms would
allow the system to adapt to new product lines and evolving inventory without manual retraining. Third, extending the
framework to collaborative multi-robot pick stations could optimize resource allocation and enable dynamic task sharing
based on real-time performance metrics. Finally, exploring hybrid gripper designs that combine soft and rigid elements, or
incorporate modular tool changers for specialized handling tasks, could broaden the operational envelope to include

oversized, delicate, or hazardous items.

In summary, this work charts a clear path toward fully autonomous, high-throughput warehousing systems that reliably handle
diverse product assortments with minimal human intervention. By fusing tactile and visual modalities in a cohesive predictive
framework, we bridge key gaps in current robotic pick-and-place technologies and lay the groundwork for next-generation

fulfillment solutions that meet the exacting demands of today’s supply chains.
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