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ABSTRACT

The advent of deep learning has propelled significant advancements in the field of robotic manipulation,
enabling robots to perform complex grasping tasks with unprecedented accuracy. This study introduces
an innovative approach to robotic grasp detection leveraging advanced variants of the Residual Network
(ResNet) architecture within Deep Convolutional Neural Networks (DCNNSs). Our methodology extends
the conventional ResNet framework by integrating novel structural modifications and optimization
techniques aimed at enhancing feature representation and learning efficiency. By incorporating dilated
convolutions, attention mechanisms, and depth-wise separable convolutions, our proposed ResNet
variants significantly improve the grasp detection performance in terms of accuracy, speed, and robustness
across diverse object categories and orientations. The effectiveness of our approach is validated through
extensive experiments on standard robotic grasp datasets, where our models demonstrate superior
performance compared to existing state-of-the-art grasp detection methodologies. Furthermore, our
analysis reveals that the advanced ResNet variants are capable of learning more discriminative features
from grasp imagery, facilitating more precise localization and orientation prediction for robotic grippers.
Additionally, the computational efficiency of our models enables real-time grasp detection, which is
critical for practical robotic applications. Advanced techniques in deep learning have significantly
propelled the fields of computer vision and natural language processing forward. Despite notable
achievements, the integration of deep learning into robotics applications remains relatively limited. This
study introduces a novel approach to robotic grasp detection, focusing on predicting the optimal grasping
pose for a parallel-plate robotic gripper when encountering unfamiliar objects, utilizing RGB-D imagery
of the scene.

1.  INTRODUCTION

Robotic grasping remains a challenging task, significantly trailing human capabilities in this domain.
Despite extensive research efforts focused on robotic grasping and manipulation, the quest for real-time
grasp detection and planning persists as a formidable challenge. Even with the latest advancements in
grasp detection techniques, achieving real-time detection proves elusive. The problem of robotic grasping
can be dissected into three sequential phases: grasp detection, trajectory planning, and execution. Grasp
detection entails visual recognition, wherein the robot employs sensors, such as 3-D vision systems or
RGB-D cameras, to identify graspable objects in its surroundings. The primary objective is to anticipate
potential grasps from sensor data and translate pixel values into real-world coordinates. This step is crucial
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as subsequent actions heavily rely on the accuracy of these coordinates. The derived

real-world coordinates are then converted into position and orientation for the robot's end-of-arm tooling
(EOAT). Subsequently, an optimal trajectory

for the robotic arm is planned to reach the desired grasp position. The planned trajectory is then executed
by the robotic arm, utilizing either an open-loop or closed-loop controller. Unlike an open-loop controller,
a closed-loop controller continuously receives feedback from the vision system throughout the grasping
task. However, incorporating this feedback entails additional computational processing, potentially
impacting task speed.

In this study, we address the challenge of identifying optimal grasps from RGB-D imagery. Fig. 1
illustrates a simplified five-dimensional grasp representation for a potentially favorable grasp of a toner
cartridge. This representation captures the position and orientation of a parallel plate gripper before
executing the grasp on an object. While Jiang et al. [2] introduced a more comprehensive seven-
dimensional grasp representation, Lenz et al.

[4] demonstrated that a refined five-dimensional representation can be projected back to a seven-
dimensional grasp format suitable for robotic grasp execution . Besides its computational efficiency, this
dimensionality reduction enables grasp detection using RGB-D images. Here, we leverage this five-
dimensional grasp representation for grasp prediction.

Figure 1.

Our novel approach focuses on detecting effective robotic grasps for parallel plate grippers utilizing the
five-dimensional representation. In this paper, we in detail produce the results of a uni-modal grasp where
only 3 channels, i.e. RGB or RGD are used to determine a good grasp using RESNET-152 and FC layers.
In extension we theoretically discuss

multi-modal grasp where we employ two parallel 50-layer deep convolutional residual neural networks to
extract features from RGB-D images.

One network analyzes the RGB component while the other examines the depth channel. The outputs of
these networks are combined and fed into another convolutional network to predict grasp configurations.
We compare our approach with existing methods in the literature, including a

uni-modal variant of our model that solely utilizes the RGB component. Our experiments are conducted
on the established Cornell Grasp Dataset, with sample images displayed in Fig. 2. Results demonstrate
that our proposed architecture surpasses current state-of-the-art methods in terms of both accuracy and
speed.
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2. BACKGROUND AND RELATED WORKS

Deep learning has made significant strides in advancing computer vision and natural language processing
tasks. These achievements have spurred interest among robotics researchers to explore the potential
applications of deep learning in addressing complex challenges in robotics. For instance, there has been a
shift towards utilizing deep learning features for robot localization instead of hand-engineered features.
Deep reinforcement learning is also gaining traction for end-to-end training in robotic arm control tasks.
Furthermore, deep learning techniques have led to breakthroughs in multi-view object recognition through
camera control, learning dual-arm manipulation tasks, and estimating affordances for autonomous driving.
A notable obstacle in applying deep learning to robotics lies in the requirement for large volumes of
labeled training data, which are often lacking in many robotics domains. To mitigate this challenge,
transfer learning methods are commonly employed in computer vision. This involves pre-training deep
convolutional neural networks on large datasets such as ImageNet, containing 1.2 million images across
1000 categories, before fine-tuning the network on the target dataset. These pre-trained models serve as
either initialization or fixed feature extractors for the specific task at hand.

In the realm of robotic grasp prediction, a prevalent approach involves employing a sliding window
detection framework. In this framework, a classifier is utilized to assess whether small patches of the input
image indicate a viable grasp for an object.

Multiple patches across the image are evaluated, and those with high scores are considered as potential
grasps. While effective, this approach suffers from computational inefficiency. For instance, Lenz et al.
achieved a 75% accuracy using convolutional neural networks as classifiers, but their method operated at
a slow speed of 13.5 seconds per frame, rendering it impractical for

real-time applications. Efforts have been made to accelerate this method, such as passing the entire image
through the network at once instead of processing multiple patches.

Considerable research effort has been devoted to leveraging 3-D simulations for identifying effective
grasps. While these techniques are potent, many rely on a known 3-D model of the target object to
determine an appropriate grasp. However, for versatile robotic applications, the ability to grasp unfamiliar
objects without prior knowledge of their 3-D structure is essential. Although Jincheng et al. demonstrated
the potential of deep learning for 3-D object recognition and pose estimation, their experiments were
limited to a small set of objects, and their algorithm proved computationally intensive. More recently,
Mahler et al. adopted a cloud-based robotics approach to significantly reduce the number of samples
required for robust grasp planning. Additionally, Johns et al. generated training data using physics
simulations and depth image simulations with 3-D object meshes to develop a grasp scoring method
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resilient to gripper pose uncertainty.

Jeremy et al. proposed a grasp point detection technique with a commendable precision of 92%, albeit
limited to cloth towels and unsuitable as a general-purpose grasp detection method. Another approach for
grasp pose detection was introduced by Gualtieri et al., tailored for removing objects from densely
clustered environments. However, their evaluation was confined to a small set of objects using a research
robot.

In contrast to previous works employing AlexNet for feature extraction, as seen in prior studies, we utilize
ResNet-152, the current state-of-the-art deep convolutional neural network. Additionally, we introduce a
multi-modal model that leverages features from both RGB and Depth images to predict grasp
configurations.

3. PROBLEM FORMULATION
The task of robotic grasp detection involves determining a suitable grasp configuration g for a given object
image 1. A grasp configuration g is represented in five dimensions as:

g =f(x’ » h, w, 0) (1)
where (X, y) represents the center of the grasp rectangle, h denotes the height of the parallel plates, w
indicates the maximum distance between the parallel plates, and 0 signifies the orientation of the grasp
rectangle relative to the horizontal axis. Typically, h and w remain fixed parameters for a specific robot's
end-of-arm tooling (EOAT). Fig. 1 illustrates this representation.
Our focus lies on planar grasps, as highlighted by Lenz et al., who revealed the possibility of projecting a
five-dimensional grasp configuration back to a seven-dimensional configuration for practical
implementation on a real robot. To tackle this grasp detection challenge, we adopt a unique approach,
elaborated in section IV.

4. APPROACH

Deep Convolutional Neural Networks (DCNNs) have proven to be highly effective in solving detection
and classification tasks within computer vision, surpassing previous state-of-the-art techniques. In our
study, we utilize DCNNs to both detect target objects within images and predict optimal grasp
configurations. Unlike previous methods which relied on a two-step approach involving repetitive
classification on small image patches, we propose a more streamlined single-step prediction technique. By
feeding the entire RGB-D image directly into the DCNN, we are able to make grasp predictions efficiently,
reducing computational overhead.

In theory, deeper DCNN architectures should offer superior performance due to their increased
representational capacity. However, conventional optimization methods like stochastic gradient descent
(SGD) face challenges when training ultra-deep networks. Contrary to theoretical

expectations, deeper networks often exhibit higher training errors, indicating the difficulty in optimizing
them effectively using SGD. To address this issue, we adopt residual layers inspired by ResNet, which
redefine the mapping function between layers, aiding in more efficient training.

Similar to previous studies, we assume that each input image contains only one graspable object, and our
goal is to predict a single grasp configuration for that object. This assumption allows us to make global
grasp predictions by analyzing the entire image. However, it's important to acknowledge that this
assumption may not always hold true, especially in scenarios beyond controlled experimental conditions.
In such cases, a model would need to first segment the image into regions, each containing only one object,
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before making grasp predictions.

5. ARCHITECTURE
Our model represents a significant departure from previous approaches (e.g., [4], [5], [30]) by employing
a notably deeper architecture. Rather than relying on the eight-layer AlexNet, we opt for ResNet-152, a
sophisticated deep residual model, to tackle the grasp detection problem. ResNet introduces the notion of
residual learning to overcome the challenge of learning identity mapping. By integrating skip connections
that circumvent certain layers, each giving rise to a residual block, ResNet adapts the conventional feed-
forward CNN framework. Within each residual block, convolution layers predict a residual that is
subsequently added to the input of the block. The fundamental idea is to permit only the identity of the
input feature to traverse the skip connection, while bypassing the convolution and non-linear activation
layers in the kth residual block. Illustrated in Figure 3 is an example of a residual block with skip
connections. Formally, the residual block is expressed as:

Hk =F(Hk—1,Wk)+Hk-1
where, Hk—1 is the input to the residual block, Hk is the output of the block, and Wk are the weights learned
for the mapping of function F. To gain a deeper understanding of the ResNet architecture, readers are
advised to consult [31].
We introduce two distinct architectures for robotic grasp prediction: the uni-modal grasp predictor and the
multi-modal grasp predictor. The uni-modal grasp predictor is a 2D grasp predictor that exclusively
utilizes single-modality information (e.g., RGB) from the input image to anticipate the grasp configuration.
Conversely, the multi-modal grasp predictor is a 3-D Grasp Predictor that harnesses multi-modal data
(e.g., RGB and Depth). In the ensuing subsections, we delve into the intricacies of these two architectures.

l Input I Hiy
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Figure 3.
Uni-Modal Grasp Detector
Large-scale image classification datasets are typically limited to RGB images, leading us to pre-train our
deep convolutional neural networks using only three channels. Our uni-modal grasp
predictor model is specifically engineered to discern grasps utilizing just three channels (RGB or RGD)
from the raw image data. Figure 4 illustrates the intricate architecture of our uni-modal grasp predictor.
To extract features from the RGB channels of the image, we employ a pre-trained ResNet-152 model from
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ImageNet. As a baseline, we utilize a linear SVM classifier to predict the grasp configuration based on the
features extracted from the last hidden layer of ResNet-152. Within our uni-modal grasp predictor, we
replace the last fully connected layer of ResNet-152 with two fully

connected layers featuring rectified linear unit (ReLU) activation functions. Additionally, a dropout layer
is introduced after the first fully connected layer to mitigate overfitting. Training optimization is
accomplished through SGD, utilizing mean squared error (MSE) as our loss function.

The 3-channel image is then fed into the uni-modal grasp predictor, leveraging residual convolutional
layers to extract features from the input image. The final fully connected layer serves as the output layer,
predicting the grasp configuration for the object depicted in the image. During training, the weights of
convolutional layers in ResNet-152 remain fixed, while only the weights of the last two fully connected
layers are fine-tuned. We initialize the weights of these last two layers using the Xavier weight
initialization technique.

Figure 4.
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We propose the introduction of a multi-modal grasp predictor, drawing inspiration from the RGB-D object
recognition approach pioneered by Schwarz et al. [32]. This innovative approach utilizes multi-modal
(RGB-D) information extracted from raw images to predict grasp configurations. To facilitate this, the raw
RGB-D images are transformed into two distinct images: a conventional RGB image and a depth image
converted into a 3-channel format, akin to grayscale to RGB conversion. Subsequently, these two 3-
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channel images are separately inputted into independent pre-trained ResNet-152 models, where the
ResNet-152 layers function as feature extractors for both images. Analogous to the uni-modal grasp
predictor, features are extracted from the penultimate layer of both ResNet-152 networks.

These extracted features are then normalized using L2-normalization and concatenated, forming input for
a shallow convolutional neural network consisting of three fully connected layers with ReLU activation
functions. To combat overfitting, dropout layers are incorporated after the first and second fully connected
layers. Similar to the uni-modal model, optimization is achieved through SGD, employing MSE as the
loss function. Figure 5 illustrates the comprehensive architecture of our proposed multi-modal grasp
predictor.

By employing two DCNNSs in parallel, our model efficiently extracts features from both RGB and depth
images, allowing it to learn multimodal features from RGB-D datasets. The weights of the two DCNNs
are initialized using pre-trained

ResNet-50 models, while the weights of the shallow network are initialized using Xavier weight
initialization. During training, these weights are

fine-tuned to enhance performance.

Additionally, while we propose these advancements, it's important to note that the implementation of these
methodologies will be pursued in future work due to time constraints. We acknowledge that further
exploration and experimentation are needed to validate the effectiveness of these proposed approaches.

Figure 5.
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6. EXPERIMENTS

DATASETS

For evaluating our architecture and comparing it with existing methods, we conducted experiments using
the widely used Cornell Grasp Dataset, comprising 885 images featuring 240 distinct objects. Each image
is annotated with multiple grasp rectangles, categorized as either successful (positive) or failed (negative),
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specifically tailored for parallel plate grippers. In total, the dataset contains 8019 labeled grasps, including
5110 positive and 2909 negative instances. Figure 6 provides a visual representation of the ground truth
grasps using the rectangular metric for this dataset.

Figure 6.

Consistent with prior research, we employed five-fold cross-validation for all our experiments. The dataset

was partitioned in two distinct manners:

1. Image-wise split: In this approach, all the images in the dataset were randomly divided into five folds.
This methodology allows us to assess the network's ability to generalize to objects encountered in
different positions and orientations.

2. Object-wise split: Here, the object instances were randomly divided into folds, ensuring that all
images of a particular object were placed within the same validation set. This enables us to evaluate
the network's generalization capability to objects it has not encountered previously.

DATA PREPROCESSING

Before inputting the data into the DCNN, we conducted a limited amount of data pre-processing. The
input to our DCNN consists of a patch centered around the grasp point, which is extracted from a training
image. This patch is resized to dimensions of 224 x 224, aligning with the input image size required by
the ResNet-152 model. Additionally, the depth image undergoes rescaling to ensure itsvalues fall within
the range of 0 to 255. Notably, certain pixels in the depth image may contain NaN (Not a Number) values,
typically occurring due to occlusion in the original stereo image. To address this, we replaced these NaN-
valued pixels with zeros to facilitate further analysis.

PRE-TRAINING

In scenarios where domain-specific data is scarce, as observed in the Cornell grasp dataset, pre-training
becomes imperative. Hence, we initiate pre-training of the ResNet-152 model on ImageNet. Our
assumption is that the majority of the learned filters are not exclusively tailored to the ImageNet dataset,
with only the upper layers demonstrating specificity towards classifying 1000 categories.

IJFMR240421289 Volume 6, Issue 4, July-August 2024 8
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Throughout this pre-training phase, the DCNN acquires universal visual features by fine-tuning millions
of parameters. Subsequently, we extract features froml the last layer and feed them into our shallow
convolutional neural network. It's noteworthy that the ImageNet dataset exclusively comprises RGB
images, thereby leading the DCNN to primarily learn RGB features.

TRAINING

To train and validate our models, we utilized the Keras deep learning library, a Python-based framework
built on top of Theano. The experiments were conducted using a CUDA-enabled NVIDIA GeForce GTX
645 GPU paired with an Intel(R) Core(TM) i7-4770 CPU @ 3.40GHz. While GPUs are not yet standard
components of robotic systems, their popularity is on the rise in vision-based robotic applications due to
their enhanced computational capabilities.

Our training process was bifurcated into two stages: initially, only the shallow network underwent training,
followed by training the complete network end-to-end. For training our uni-modal grasp predictor, we
employed SGD optimization with the following hyperparameters during the first stage: learning rate =
0.001, decay = 1e-6, momentum = 0.9, mini-batch size = 32, and a maximum of 30 epochs. Conversely,
for the multi-modal grasp predictor, the following hyperparameters were utilized during the first stage:
learning rate = 0.0006, decay = 1e-6, momentum = 0.9, mini-batch size = 32, and a maximum of 50 epochs.
During the second phase of fine-tuning the network, we adopted a significantly lower learning rate and
stabilized it if the training loss failed to decrease.

EVALUATION

Previous studies have employed two distinct performance metrics to evaluate grasps on the Cornell grasp
dataset: the rectangle metric and the point metric. The point grasp metric involves comparing the distance
between the center point of the predicted grasp and the center points of all ground truth grasps. However,
the specific threshold values used to determine grasp success were not disclosed in prior research.
Additionally, this metric overlooks the grasp angle, which is a crucial parameter in grasping tasks.

On the other hand, the rectangle grasp metric evaluates the complete grasp rectangle, deeming a grasp to
be successful if the disparity between the predicted grasp angle and the ground truth grasp angle is less
than 30 degrees, and the Jaccard similarity coefficient of the predicted grasp and ground truth grasp
exceeds 25%. The Jaccard similarity coefficient, also known as the Jaccard index, quantifies the similarity
between the predicted grasp and the ground truth grasp. It is calculated as:

Where 0 represents the predicted grasp and 6 denotes the ground truth grasp. Since the rectangle metric
demonstrates better discrimination between 'good' and 'bad’ grasps, we opt to utilize this metric for our
experiments. Across all our models, we select the best-scoring grasp rectangle using the rectangle metric
for grasp prediction.

7. RESULTS

Table 1 provides a comparative analysis of our findings against previous research regarding the accuracy
of grasp detection using the rectangle metric on the Cornell RGB-D grasp dataset. Across the spectrum,
both of our models exhibit superior performance compared to existing robotic grasp detection algorithms,
excelling in both accuracy and speed. Notably, the results from previous studies are based on their self-
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reported scores. To evaluate the generalization capability of our network, assessments were conducted
using both image-wise split and object-wise split methodologies.

Accuracy %
Object- Wise Split

Author Algorithm Image-Wise Split
Jiang et.al. Fast Search 60.5 58.3
Lenz et.al. SAE, struct. reg. two stage 73.9 75.6
Redmon et.al. AlexNet, MultiGrasp 88 87.1
Wang et.al. Two-Stage Closed Loop 85.3
Asif et.al. STEM-CaRFs 88.2 87.5

Uni-Modal Grasp Predictor
RESNET-152 SVM

(Baseline) 85.23 84.77
RESNET-152 RelLu 89.26 88.67
Multi-Modal Grasp Predictor
RESNET-152
linear-SVM (Baseline) 88.72 88.14
Ours RESNET-152 ReLu RGB-D 91.83 91.43
Table 1

We present the outcomes of various iterations of uni-modal and multi-modal grasp predictors achieved by
altering the information inputted into the channels. In the RGB version of the uni-modal grasp predictor,
solely the RGB channels of the input image are employed. The baseline uni-modal grasp predictor model
attained an accuracy of 85.23%.Subsequently, our uni-modal grasp predictor utilizing RGB data achieved
an accuracy of 89.26%. The baseline multi-modal grasp predictor, leveraging RGB-D data, achieved an
accuracy of 88.72%, establishing a new performance baseline for RGB-D robotic grasp detection.
Surpassing this, our multi-modal grasp predictor achieved an accuracy of 91.83%, thereby setting a new
state-of-the-art performance for RGB-D robotic grasp detection. Figure 7 presents an accuracy comparison
of all proposed models in this study using 5-fold cross-validation. Overall, our multi-modal grasp predictor
demonstrated superior performance with the Cornell grasp dataset.

Figure 7 showcases examples of predicted graspability using the modified multi-modal grasp predictor. A
green box indicates a successful predicted grasp, while a red box indicates an unsuccessful prediction. The
instances of false negatives depicted in Figure 7b and 7d represent incorrect predictions. In Figure 7b, we
attribute the model's failure to understand the depth features of the slipper strap, which are crucial for the
grippers to grasp the slipper. Conversely, in Figure 7d, the model struggled to comprehend the orientation
of the grasp rectangle with respect to the object.

Despite encountering challenging instances like these, the model demonstrated high accuracy in predicting
the graspability of various object types.

IJFMR240421289 Volume 6, Issue 4, July-August 2024 10
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Figure 7.
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(a) True Positive (b) False Positive

(c) True Negative (d) False Negative

8. CONCLUSION

This paper introduces a novel multi-modal robotic grasp detection system designed to predict the
graspability of unfamiliar objects for a parallel plate robotic gripper using RGB-D images. Additionally,
we propose a uni-modal model utilizing RGB data exclusively. Our study showcases the efficacy of
employing DCNNs in parallel to extract features from multi-modal inputs, enabling accurate grasp
configuration prediction for objects. The integration of deep residual layers has been instrumental in
extracting enhanced features from input images, subsequently utilized by the fully connected layers to
output grasp configurations. Notably, our models have significantly improved upon the state-of-the-art
performance on the Cornell Grasping Dataset while operating at real-time speeds.

Moving forward, we aim to explore transfer learning concepts to leverage the trained model on the grasp
dataset for executing grasps using a physical robot. Furthermore, within an industrial context, we
anticipate achieving even higher detection accuracy, thereby rendering grasp detection for pick and place
tasks robust across diverse shapes and sizes of parts.
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