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Abstract 

Referring Expression Segmentation (RES) is a single procedure that involves segmentation 

construction. mask for an item recognised by a certain linguistic communication. This approach 

focusses mostly on expressions with a single target, and  single expression fits the intended object. 

Conversely, (GRES) increases the RES task's scope by allowing phrases that indicate any number of 

targets items. This covers situations with several targets—one target, none at all, and targets. GRES 

aims to overcome the limitations that RES datasets have, and approaches, hence improving its 

relevance in a variety of settings.(RES) as well as (GRES) enable improved understanding of visuals 

by producing human language-based segmentation masks an explanation Using databases such as 

gRefCOCO and techniques such as ReLA, which bridge the gap between language comprehension as 

well as computer vision.. The primary objective of RES and GRES is to generate segmentation masks 

for objects referenced in natural language expressions within images.The aims to enhance image 

understanding by accurately delineating objects based on linguistic descriptions, thereby improving 

object recognition and scene interpretation. The implementation of (RES) and (GRES) involves 

dataset preparation with paired images and language expressions. Neural network models like CNNs 

or transformer-based architectures are trained  on these datasets to learn  the relationship between 

image regions and language descriptions. Trained models generate segmentation masks for referenced 

objects in new images. Evaluation assesses segmentation accuracy and informs iterative refinement of 

model architecture. Finally, the optimized model is deployed for applications like as image 

understanding and human- computer interaction. 
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I.  INTRODUCTION 

Referring Expression Segmentation (RES) represents a crucial component of multi-modal information 

processing. This task involves analyzing an image alongside a natural language expression that identifies a 

specific object within that image, with the objective of locating the target object and producing a 

corresponding segmentation mask. The implications of RES are significant across various applications, 

including video production, human-machine interaction, and robotics. Presently, the majority of existing 

methodologies adhere to the RES guidelines established in widely recognized datasets such as Referlt and 

RefCOCO, demonstrating substantial advancements in recent years. 
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Fig1: Referring  Expression Segmentation(RES). 

Referring Expression Segmentation (RES) is limited to expressions that denote a singular target object. In 

contrast, the newly introduced Enhancing Generalized Referring Expression Segmentation (GRES) 

accommodates expressions  that can refer to multiple target objects or even none at all, such as many target 

and empty-target expressions. As illustrated in Fig.1, GRES can handle multi-target expressions that 

identify several target objects within a single phrase, for instance, “Everyone except the kid in white,” as 

well as no-target expressions that does not reference any object in the image,such as “the kid in blue.” This 

enhancement significantly increases the versatility of input expressions, thereby rendering referring 

expression segmentation more effective and resilient in practical applications. Nevertheless, current 

referring expression datasets are deficient in multi-target and no-target expression samples, containing only 

instances of single target expressions. 

 

Image segmentation focusses on classifying pixels according to their semantic characteristics, like category 

or for example the development of methods for deep learning, especially using Convolutional’s capabilities 

(CNNs) and Transformers, has significantly enhanced the efficacy of image segmentation. Nonetheless, 

these data-driven approaches face considerable obstacles due   to their reliance context labeled datasets, 

which are often labor-intensive and time-consuming to produce. To mitigate this challenge, zero-shot 

learning (ZSL) has emerged as a viable solution, enabling the classification of unfamiliar objects without the 

necessity of training samples. Recently, the application of ZSL has been broadened to encompass 

segmentation tasks, leading to the development of zero-shot semantic segmentation (ZSS) and zero-shot 

instance segmentation (ZSI). This discussion will further introduce zero-shot panoptic segmentation (ZSP) 

and propose a comprehensive framework for zero-shot panoptic, semantic, and instance segmentation, 

leveraging semantic knowledge. Unlike image classification, segmentation demands pixel-level 

classification, presenting greater challenges in class representation learning. The research efforts have  

directed towards zero-shot semantic segmentation,  classified into two main approaches: projection-based 

methods and generative model-based methods. 

 

II. LITRATURE REVIEW 

Inspired by traditional grouping methods utilized in image segmentation, this study aims to create a deep 

neural network (DNN) variant to comfront and deal with the difficulties for referring expressions. The 

proposed approach employs a convolution-recurrent neural network (ConvRNN) that systematically 

executes top-down processing of bottom-up segmentation signals. When presented with a natural language 

referring expression ,our method is designed to Assess its relevance to each pixel, generating a See-through- 

Text Embedding Pixel-wise(STEP) heat map that illustrates pixel-level segmentation cues through a learned 

visual- textual co-embedding. The ConvRNN refines this STEP heat map by performing a top-down 

approximation, with enhancements anticipated from training the network using a classification.Utilizing the 

refined heat map, we revise the textual representation of the referring expression by reassessing its attention 

distribution, subsequently calculating a new STEP heat map to serve as the next input for the ConvRNN. 

Through this collaboration of learning process, the framework is capable of progressively and concurrently 

producing the desired referring segmentation alongside a coherent attention distribution across the referring 

sentence. Notably, our method is versatile and  not depend on the outputs of object detection from other 

DNN models achieving  state-of- the-art results all across four datasets utilized in the experiments. [1] 
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This study aims to explore the project  localizing 3D objects within RGB-D scans through the use of Natural 

Language Descriptions. The input consists of a point cloud representing a scanned three-dimensional 

environment, accompanied by a free-form the target object of interest. To tackle this challenge, the authors 

propose a method called ScanRefer, which involves learning a fused descriptor that integrates 3D object 

proposals with encoded sentence embeddings. This innovative descriptor establishes a connection between 

linguistic expressions and geometric characteristics, facilitating the regression of the 3Dbounding box for 

the specified object. Additionally, the authors present the ScanRefer dataset, which comprises 51,583 

descriptions pertaining to 11,046 objects sourced from 800 distinct  ScanNet  scenes. ScanRefer represents a 

pioneering large-scale initiative aimed at achieving object localization through direct natural language 

expressions in a three- dimensional context. [2] 

 

Bidirectional Encoder Representations from Transformers, or BERT, is a unique language representation 

model that has been introduced. Unlike modern language representation models,BERT is designed with 

specificity. Pre-training deep bidirectional representations from unlabelled text requires simultaneous 

consideration of the left and right contexts across all layers. Therefore, adding a single output layer to the 

pre-trained BERT model can enhance it and enable the creation of state-of-the-art models for a range of 

applications. such as language inference and question answering without requiring substantial Changes  to 

task-specific   architectures. BERT has simple conceptual  l framework and strong empirical support.  It 

attains unprecedented cutting-edge results on eleven   benchmarks related to natural language processing.,  

notably elevating the GLUE score to 80.5%     (an absolute improvement of 7.7 percentage   points), 

MultiNLI accuracy to   86.7% (an absolute  improvement of 4.6 percentage points SQuAD v1.1   question 

answering Test F1 to 93.2 (an absolute improvementof1.5points),and SQuAD v2.0TestF1 to 

83.1(anabsoluteimprovementof5.1points).[3] 

 

The major input for current interactive object segmentation methods is mostly spatial interactions, like 

bounding boxes or user clicks. But these modes of communication don't provide clear details about the 

characteristics of the subject matter, which restricts their capacity to correctly identify the chosen object, 

especially in circumstances where possible objects can be of different sizes or when there are several entities 

involved in the object of concern. Additionally, the suggested approach provides flexibility in interaction 

modes and successfully handles difficult scenarios by making use of each input type's benefits. Our phrase-

plus-click multimodal approach establishes a new benchmark in terms of interactive segmentation attempt to 

combine phrases and clicks in the setting of interactive segmentation. [4] 

 

The task of referring segmentation presents significant challenges. In this context, the query expression 

typically identifies the target object by articulating its relationship with other objects. Consequently, to 

accurately locate the target among all instances withinanimage,  the model must Possess a comprehensive 

understanding of the entire  image. To facilitate this, were conceptualised referring segmentation .as a direct 

attention problem, which involves   identifying the region in the image that corresponds most closely to the 

query language expression. To incorporate transformers. architecture and multi-head attention to develop a 

network characterised by an encoder-decoder attention mechanism that effectively "queries" the image using 

the provided language expression. Additionally, we introduce a Query Generation Module designed to create 

multiple sets of queries, each with varying attention weights, reflecting diverse interpretations of the 

language expression from multiple perspectives. To optimise the selection process among the several 

interpretations based on visual cues, we also propose a Query Balance Module that adaptively chooses the 

output features from these queries, thereby enhancement the mask generation process. [5] 

 

PROPOSED SYSTEM 

Introduce a new task(GRES)  in that Enhancing the RES task is an advancement above the conventional 

method.(RES) structure by permitting phrases to make reference to an  Any number of target objects will 

do. To make this easier Thus, we have produced the first comprehensive GRES gRefCOCO, a collection 

containing phrases that  allude to one target, several targets, and no objectives. Both The designs of GRES 

and gRefCOCO intended to be extremely interoperable with RES, allowing comprehensive research to 
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examine the variations in performance between the current RES strategies when used in the GRES 

assignment. Additionally,  introduce a foundational approach for GRES called  ReLA stands for Relation-

aware Language-guided Attention. separates the image into areas based on sub-instance cues in a 

methodical manner and successfully records the associations between linguistic groups and geographical 

areas. 

 

III.METHODOLOGY 

The gRefCOCO dataset has been developed to provided  the GRES task, comprising a total of 

278,232expressions. This dataset includes 80,022 expressions that reference multiple targets and 32,202 

expressions all pertaining to  60,287 unique instances across 19,994images. Additionally, the dataset 

provides masks and bounding boxes and for all target instances,with a portion of the single-target 

expressions derived from the RefCOCO dataset. 

 

 

                                                                                                                                                                                         

 

 

 

 

Fig 2: The modal  trained on RefCOCOvs.gRefCOCO 

Fig 2 shows that RefCOCO and gRefCOCO data set use for identify the target object in an image we can 

identify the single object that is in RefCOCO and multiple object, single object ,no-target object an identified 

by gRefCOCO.Due to this data set we can identified the image. 

 

New bench mark and dataset: 

A novel benchmark known as Generalized Referring Expression Segmentation (GRES) has been introduced, 

enabling the identification of any number of target objects through referring expressions. GRES processes an 

image alongside a referring expression, akin to traditional Referring Expression Segmentation (RES). 

However, as illustrated in Fig. 1, GRES extends beyond classic RES by accommodate in multi-target 

expressions that do not several target objects within a single phrase, such as “Everyone except the kid in 

white,” are no-target expressions that do not reference any object in the image, for instance, “the kid in blue.” 

This enhancement significantly increases the versatility of input expressions, thereby rendering referring 

expressions segmentation more practical and resilient in real- world applications. 

 

Nevertheless, current referring expression datasets lack samples for many-target and empty-target no-target 

expressions, being limited to single-target expressions only. To advance research in realistic referring 

segmentation,   developed a new dataset for GRES, termed gRefCOCO. This dataset augments RefCOCO 
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by incorporating two types of samples: multi-target samples that refer to two or more target instances within 

an image, and no-target  or empty-target samples that not recognised to any object present in the image. 

gRefCOCO represents the first extensive dataset for Enhancing (GRES) encompassing  many- target, 

empty-target, and single-target no-target expressions. 

 

The gRefCOCO dataset has been developed to provide  the Enhancing Referring Expression Segmentation 

(GRES) task. This extensive dataset comprises278,232 expressions, which include 80,022 multi-target 

expressions and 32,202 no-target expressions, all of which certain to 60,287unique instances across 19,994 

images. Additionally, the dataset provides masks and bounding boxes for every target instance. A portion of 

the single-target expressions is derived from the RefCOCO dataset. 

RefCOCO: Refcoco dataset is a referring expression generation (REG)dataset used for tasks related to 

understand in natural  language expressions that refer to specific objects in images. 

 

Dataset Variants: The gRefCOCO dataset has been developed to provide  the Enhancing  Referring 

Expression Segmentation (GRES) task. This extensive dataset comprises 278,232 expressions,  which  

include 80,022 multi- target expressions and 32,202 no-target expressions, all of which pertain to 60,287 

unique instances across 19,994 images. Additionally, the dataset provides masks and bounding boxes for 

every target instance. A portion of the single-target expressions is derived from the RefCOCO dataset. 

   

A baseline method: 

A foundational approach is ReLA, which is aligned with  the objectives of   GRES task. It is well-

established that the modeling of relationships, such as interactions between regions, is vital in the context of 

RES. Traditional RES methodologies typically focus on  single target for detection, allowing numerous 

techniques to perform effectively without  the need or help for explicit modeling of region- region 

interactions. In contrast, GRES presents a  greater challenge  is for many-target expressions that encompass 

several objects within a single expression, necessitating a more sophisticated approach to modeling long-

range dependencies between  regions. To tackle , this we introduce a region-based methodology for GRES 

that explicitly captures the  interactions among  regions  through  sub- instance  cues. Our proposed network 

coverted the images into distinct regions, facilitating explicit interactions among them. Furthermore, The 

earlier approaches that rely on a straight forward  hard-splitting of input image, our network employs as of 

collation of features for each region, there by enhancing flexibility. 

 

The ReLA baseline method is a technique used in Enhancing   Referring Expression Segmentation (GRES) 

tasks."Relation-aware Language-guided Attention,"(ReLA) and it's employed to  the challenge of 

segmenting objects referred to in natural language expressions  within  visual scenes. ReLA  utilizes a 

combination of language- guided attention mechanisms and relation-aware features to identify and 

segmented  the objects referred to in the textual descriptions. It leverages the relationship between the 

language expressions and the visual features of the images to guide the segmentation process effectively 

.This method is used as a baseline in GRES and it is involved in segmenting objects based on natural 

language descriptions. 

 

Referring segmentation methods: 

Segmentation techniques can be divided into two main types: one-stage (or top-down) approaches and two-

stage (or bottom-up) approaches. One-stage methods typically utilize  a  Fully Convolutional Network 

(FCN) in an end-to-end configuration, where predictions are made up of per-pixel classification based on 

integrated multi- modal features. In contrast, two-stage methods initially generate  instance proposals using a 

pre-existing instance segmentation network, subsequently selecting the relevant instance from these 

proposals. A significant proportion of real-time segmentation (RES) methods fall under the one-stage 

category, whereas two-stage methods are more commonly found in real-time edge computing 

(REC)applications .Recently ,transformer-based techniques have emerged, demonstrating substantial 

performance improvements over traditional Convolutional neural network (CNN) architectures. 
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Additionally, zero-shot segmentation methods leverage lass names as textual data to identify new categories, 

differing from RES, which utilizes natural language expressions to as certain the user's intended target. 

Then, the CNN extracts features from the images, capturing its visual characteristics. These features are 

combined with the language features, forming a unified representation. Using this combined information, the 

method segments the object within the image. Additional post-processing steps may refine the segmentation. 

Finally, the segmented object can be visualized or saved. This approach  has  deep learning and language 

processing in Python to accurately segment objects based on referring expressions in images. 

 

Algorithm for GUI Application with Image Processing and SQLite  Integration 

Step 1: Initialization: 

Step a: Initialize the Tkinter root window with specified dimensions (1366x768) and set the title to "GRE". 

Step b: Create a Canvas widget to display a background  image using the Image and Image Tk  modules 

from the PIL library. 

Step c: Load and place the background image (back.png) on the canvas. 

Step 2: Data base Connection: 

Step a: Define a function read img() to handle image selection and database interaction. 

Step b: Prompt the user to select an image file using ask open file name with file type filtering. 

Step c: Establish a connection to an SQLite database named Form.db. 

Step d: Clear any previous image data in the img save table 

By executing a DELETESQL command. 

Step e: Insert the selected image's file path into the img save table using an INSERT SQL command. 

Step f: Commit the transaction to save c 

 

IV.SYSTEM DESIGN 

 

 

Fig 3: System Architecture 
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1.  Input Image: Selects the input images group.The initial image that needs to be analyzed based on      

the referring expression provided. 

2.  Preprocessing Image: Prepare the image for the   segmentation and feature extraction processes 

making it suitable for analysis. 

 Normalization: Scale pixel values to a specific range(e.g.,[0,1])or standardize them(e.g.,mean 

subtraction and division by  standard deviation) This helps the model perform better by providing  

consistent input values. 

 Data Augmentation :Apply  transformations such as rotations, flips, and shifts to increase and 

make the mode l more robust. 

 

3. Segmentation: Identify and separate specific  regions of interest in the image based on the 

referring expression. 

 Region Proposal: Use algorithms to suggest potential areas in the image that might contain the 

object of interest. This can be done using the techniques like Region Proposal  Networks (RPN) or 

Selective Search. 

 Segmentation Model :Use a model(e.g  Mask R- CNN,U-Net)to refine the proposed regions .This 

model generates precise segmentation masks that outline the regions corresponding to the object 

described 

4. Feature Extraction: Extract meaningful and   extracting relevant information or features from the 

segmented regions to understand their characteristics. 

 Feature Maps: Use a Convolution Neural Network (CNN) to generate feature maps that represent 

different aspects of the images (e.g., edges, textures, patterns). 

 

 Feature Matching : Compare the extracted features with the referring expression identify and match 

the described object with the features from the image. 

5. Masking: Createad detailed mask that high lights the exact area in the image corresponding to the 

referring expression. 

 Generate Mask: Use the results from the segmentation process to create a binary mask where pixels 

corresponding to the object are marked. This mask highlights the regions of interest. 

 Refinement: Apply post-processing techniques to improve and enhance  the quality of the mask. 

This might involves smoothing edges, removing noise, to adjusting boundaries to ensure the mask 

is accurate and  precise   

 

 V . RESULTS 

       EXPERIMENTAL RESULTS  AND  DISCUSSION 

 

Fig4: Page to click GRES 
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Figure 5 shows the home page contains all steps to   convert that image into masking  image .in that 

select  image to identify the objects and person to show the position and comment. 

 

1. Select  image    

  

Fig 5: choose a file and select image 

After selecting image the program should load and display this image. This allow us to visually inspect the 

image and prepare it for further processing. 

 

2. Pre processing   image 

 

 
Fig 6:Gray image 

 

Figure 7 shows the image converting into gray scale .In this system, Once the image is loaded then 

proceed with additional steps like preprocessing such as converting to gray scale or de-noising image. 

The system accepts an image, converts to grayscale and de-noises the image and divided image into 

number of parts like background, foreground, then indicating any number of target objects.  

 

3. Segmentation 

 
Fig 7: Segmentation of  image 
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Segmentation is the process of dividing an image into meaningful regions or segments based on certain 

characteristics  ,such as color, intensity, or texture. The aim is to  simplify the representation of  image 

and make it easier to analyze. 

4. Feature extraction 

 

Fig  8:Feature extraction 

 

Feature extraction involves identifying and quantifying meaningful characteristics or feature from the 

segmented regions of an image. These features  essential or important  for subsequent analysis, 

classification, or recognition tasks. Common features extracted from images include: 

 Edges: Boundaries between regions of different intensities or colors, often detected using 

algorithms like Canny edge detection. 

 Textures : Patterns within regions that describe the surface or structure. 

 Shapes: Geometric shapes or contours that outline objects. 

5. Masking 

 

Fig: 9 Masking of GRES 

 

In Figure 10 GRES takes an image and a referring expression as    input, and requires mask prediction of the 

target object. Further displays name of the objects and location of the object. Finally it detects the mask and 

objects  present in  image with the position. and  show the  position of an image and object in caption. 
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VI. COMPARATIVE RESULTS 

Reference Year Algorithm/ classifier used Dataset used Results Accuracy 

[1] Ding-Jie 

Chen 
2019 

(CNN)and(RNN)technology 

used 
RefCOCO 

The proposed method, 

ConvRNN, 

outperforms existing 

approaches by 5.6% 

and 3.4% on the 

RefCOCO and 

RefCOCO+ datasets, 

respectively 

RefCOCO 

78.4%. 

[2]Dave 

Zhenyu Chen 
2022 

Multimodal Tranformer 3D 

CNN 

ScanRefer 

Referlt 3D Scan 

Net 

The proposed 

technique achieves an 

accuracy of 87.3% in 

localizing 3D objects 

in RGB-D scans, 

outperforming existing 

methods. 

87.3% in 

localizing 

3Dobjects 

[3]Jacob 

Devlin 
2019 BERT tech GLUE 

The pre-training 

approach and 

bidirectional 

transformer 

architecture enabled 

BERT to capture 

complex language 

relationships and 

contextual  nuances. 

GLUE 

(82.1) 

[4]Henghui 

Ding, Chang 

Liu 

2021 

Vision-Language 

Transformer (VLT) Query 

Generation Module 

RefCOCO 

The query generation 

module improves 

performance on tasks 

requiring generative 

capabilities. VLT 

demonstrates 

robustness to different 

input formats, such as 

images, videos, and 

text. 

71.5% on 

RefCOCO 

[5]HDing, 

Scott Cohen, 

Jiang. 

2020 multimodal phrase+click Cityscapes 

Enhanced 

segmentation process 

that allowed users to 

provide input through 

performance  

interaction, improving 

the accuracy and 

flexibility of 

segmentation using 

nlp. 

60.5% on 

Cityscapes 
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[6]Shuting 

He, Henghui 

Ding, 

2023 

Zero-shot Segmentation 

with semantic-visual 

alignments 

PASCAL VOC 

performance in 

universal zero-shot 

image segmentation, 

achieving 73.2% mIoU 

on PASCAL-5i and 

64.5% mIoU on 

COCO-20i 

benchmarks.- Ability 

to segment unseen 

objects without 

training data 

64.0%on 

PASCAL 

VOC 

[7] Tuba 

Amreen 

Darwesh 

2024 CNN(YOLO algorithm) gRefCOCO 

The proposed method 

of CNN using Yolo 

algorithm approaches 

the 98% on the 

gRefCOCO datasets 

98% on 

gREFCOCO  

TABLE 1:COMPARISON OF DIFFERENT ALGORITHM ,DATASETS AND ACCURACY 

 

 

 

Fig 10:  Comparision graph 

CONCLUSION 

The RES task limitation comprises single-target objects derived from analysis, which present a new 

benchmark named Enhancing (GRES),through making reference to many articles that use Referring 

Expression Segmentation .suggested a new GRES job and a GRES dataset called gRefCOCO that includes 

multitarget, empty-target, single-target, and no-target expressions. To introduce Enhancing Generalised 

Referring Expression Segmentation (GRES), a realistic multi-modal setting that expands the idealised 

setting in RES to a group of related images while easing its limitations. In order to support this new 

environment, we present a hard dataset called GRD, which gathers photos in a grouped fashion and 

comprehensively annotates both positive and negative examples, thereby simulating real-world settings. 

Additionally, a brand-new baseline technique called GRSer is suggested to clearly capture the language-
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vision and vision-vision feature interactions for better comprehension of the target object.  Experiments 

show that our method achieves SOTA performances on GRES, RES, and Co-SOD. 

 

REFERENCE 

[1]  Ding-JieChen,SonghaoJia,Yi-ChenLo,Hwann-Tzong Chen, and Tyng-Luh Liu. See-through-text 

grouping for referring image segmentation. In Proc. IEEE Int. Conf.Comput.Vis.,pages7454–7463, 

2019.3 

[2]   DaveZhenyu Chen, Angel X Chang, and Matthias Nießner. Scanrefer: 3d object localization in rgb-

d scans using natural language. In European Conference on Computer Vision, pages 202–221. 

Springer, 2020.2 

[3]  Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova.BERT: pre-training of deep 

bidirectional transformers for language understanding. In Proc. NAACL-HLT, volume 1, pages 

4171–4186.Association for ComputationalLinguistics,2019.4 

[4]   Henghui Ding, Scott Cohen, Brian Price, and Xudong Jiang. Phraseclick: toward achieving flexible 

interactive segmentation by phrase and click. In Proc Eur. Conf. Comput. Vis., pages 417–435. 

Springer, 2020 

[5]   Henghui Ding, Chang Liu, Suchen Wang, and Xudong Jiang. Vision-language transformer and 

query generation for referring segmentation. In Proc. IEEE Int. Conf. Comput. Vis., pages 16321–

16330, 2021. 3, 7, 8  

[6]    Henghui Ding, Chang Liu, Suchen Wang, and Xudong Jiang. Vlt: Vision-language transformer and 

query generation for referring segmentation. IEEE Trans. Pattern Anal. Mach Intell., 2022. 3, 8 

[7]   Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, XiaohuaZhai, 

Thomas Unterthiner, Mostafa Dehghani, Matthias Minderer, Georg Heigold, Sylvain Gelly, 

JakobUszkoreit, and Neil Houlsby. An image is worth 16x16 words: Transformers for image 

recognition at scale. In Proc. Int. Conf. Learn. Represent., 2021. 4, 5, 6 

[8]   Michael Grubinger, Paul Clough, Henning Muller, and ¨ Thomas Deselaers. The iapr tc-12 

benchmark: A new evaluation resource for visual information systems. In International workshop 

onto Image, volume 2, 2006.2 

[9]  Shuting He, Henghui Ding, and Wei Jiang. Primitive generation and semantic-related alignment for 

universal zero-shot segmentation.In Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2023. 3 

[10]  Shuting He,Henghui Ding and Wei Jiang. Semantic promoted debiasing and background 

disambiguation for zero-shot instance segmentation.In Proc. IEEE Conf. Comput. Vis. Pattern 

Recognit., 2023. 3 

 

 

 

 

 

 

 

 

 

 

http://www.ijsdr.org/

	I.  Introduction
	Table 1:Comparison of different algorithm ,datasets and accuracy

