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Abstract. Image annotations can be a time-consuming task. This study looks into 
how well the OWLv2 and Grounding-DINO-Tiny models can annotate objects 
in four categories: airplanes, birds, drones, and helicopters. We revealed the pre-
liminary results or findings as follows by comparing the confidence scores and 
the detection rate. The Grounding-DINO-Tiny model was quite successful, of-
fering no empty frames and relatively high confidence scores most of the time 
for the distinguished categories such as the helicopter and drone. Still, it fared 
poorly in birds, having lower confidence scores or more annotations with a value 
less than 50% which signifies the model’s weakness in identifying birds. The 
proposed model, OWLv2, had fairly moderate outcomes and the quality of data 
differed from one category to the other which undermined the reliability of the 
model. For the enhancement of the future performance, there are several recom-
mendations that we make; these include; improving the ability to identify birds, 
eliminating inconsistency in the datasets, and improving on the quality of the data 
gathered. 

Keywords: image annotation, OWLv2, Grounding-DINO-Tiny. 

1 Introduction 

The occurrence of large numbers of image and video data as central aspects in computer 
vision and machine learning necessitates the need for fast and accurate data annotation. 
Originally, most of the annotation have always been done manually and there is a time 
effect and inconsistency that has led to the need to look for an automatic way. New-
generation deep learning and natural language processing enable the creation of the 
Vision Large Language Models (VLLMs) that can be considered as a viable solution 
for the automation of data annotation (Chen et al., 2022; L. Zhou et al., 2020). VLLMs 
are trained on large quantities of image-text pairs, thus, allowing them to learn the cor-
relation between the visual characteristics of images and their linguistic descriptions. 
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Such capability enables VLLMs to not only produce precise descriptions of the image 
but also, important, semantically relevant (Vaswani et al., 2017). 
Because of the described characteristics, VLLMs have a great prospect to become the 
key to accurate and scalable data annotation. The need to advance this area of study is 
evident when considering the growing use of large-scale annotated collections in nu-
merous AI-related fields. Thus, through analyzing the advantages and limitations of the 
existing VLLMs, this study seeks to help advance the methods of annotation, thus pro-
moting the advancement of the field of computer vision. 
 
This study aims to: 

• Evaluate OWLv2 and Grounding-DINO-Tiny VLLMs’ performance on data 
Annotating tasks. 

• Compare the accuracy, efficiency, and consistency of VLLM-generated anno-
tations.  

• Provide analysis of certain advantages and disadvantages of VLLM usage de-
pending on the kind of the data and the type of the annotations. 

• Provide a guideline that would describe the usage of effective VLLM during 
the data annotation process. 

 
When accomplishing the identified objectives, this article aims at asserting the VLLMs’ 
value as an instrumental tool for annotation. Besides, it seeks to offer significant find-
ings that will be useful for future research in this specialty and for future developments. 
 
The remainder of this article is structured as follows: Section 2 provides background of 
the topic. Section 3 provides a detailed overview of VLLMs and their application in 
data annotation. Section 4 presents the methodology employed in this study. The results 
and evaluation are presented in Section 5, followed by the conclusion and future work 
in Section 6. 
 

2 Background 

Large Language Models explain the current generation of Artificial Intelligence sys-
tems designed for analyzing and synthesizing texts similar to human languages. These 
models are trained with code and text data and involves the usage of deep learning, 
especially transformers. This training assists them in comprehending the nation’s syn-
tactical, spoken and written English – both its patterns and meanings. Therefore, LLMs 
are highly skilled in a range of natural language processes like the ones that involve 
text generation, language translation, content summarization, and question answering 
(Brown et al., 2020; Devlin et al., 2019). Some of these are OpenAI’s GPT-4 (OpenAI, 
2024a) and Google’s Gemini (Gemini Team et al., 2023) are among the notable mas-
ters, which show the competency of how these models generate meaningful and con-
textually relevant text patterns. 
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The Vision Large Language Models (VLLMS) are the superior versions of the LLMs 
which is primarily designed to close the apparent gap between the visual and text data 
(Islam et al., 2024; Jiang et al., 2024; Y. Zhou et al., 2024). These VLLM models are 
quite capable of incorporating the features of visual and language data and thus ena-
bling them to facilitate the comprehension and description of the content of the visuals 
in natural language. Hybrid models, like VLLMs, which combine Computer Vision and 
Natural Language Processing (NLP are capable of performing tasks such as generating 
descriptions, for images answering questions related to content and even analyzing vis-
uals and telling stories (Lu et al., 2019; Radford et al., 2021a). Top notch examples 
consist of OpenAIs CLIP, by (Radford et al., 2021b). DALL-E by (OpenAI, 2024b) 
showcasing progress, in comprehending multimodal information. 
Data labeling is a task, in machine learning when creating supervised models. It in-
volves tagging or annotating data to establish the ground truth. Examples of computer 
vision tasks falling into this realm include object detection, image segmentation and 
landmark identification, within images (Emam et al., 2021; Miceli et al., 2020; Mullen 
et al., 2019). Creating reliable annotations is crucial, for developing resilient models as 
they significantly impact the models capacity to understand and apply insights, from 
the data. Datasets such, as ImageNet (Deng et al., 2009) and COCO (Lin et al., 2014) 
have played a role in pushing forward research in computer vision. However the manual 
annotation process is labor intensive, costly and susceptible to mistakes. This highlights 
the importance of automated annotation techniques with VLLMs showing potential as 
a solution due, to their ability to offer precise annotations (Tan et al., 2024). 
 

3 Vision LLMs for Data Annotation 

To perform the process of data annotation, Vision Large Language Models (VLLMs) 
engage in the optical and the linguistic comprehension. The VLLMs models can work 
with the images and output corresponding labels since Image Recognition is paired with 
Natural Language Processing. The detection what is the object is implemented with the 
help of image recognition, and language processing ability for providing the appropri-
ate label. The over all procedure usually takes three procedural steps. The first process 
that happens is the feature extraction by the CNNs or vision transformers to get features 
which are objects, textures, or spatial relations of the image (Dosovitskiy et al., 2021). 
The second process is the recognition of the context and the meaning of the picture 
(Radford et al., 2021). The third step is to introduce comments on the annotations which 
have to be made by using the knowledge of features, context and semiotics of the input 
image. The annoations can be utilized for indicating the objects, explaining what is 
inside the picture or providing an adequate title for the picture (Lu et al., 2019). 
The VLLMs have done many annotation tasks with a high degree of automation where 
the human labor of manual annotation has been substantially minimized or eliminated 
by such tasks as object detection (Redmon & Farhadi, 2017), segmentation 
(Ronneberger et al., 2015), image captioning (Anderson et al., 2018), and visual ques-
tion answering  (Antol et al., 2015; Zhang et al., 2024).  
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4 Methodology 

In this study, we utilized a dataset collected by (Svanström et al., 2020), the dataset 
contains videos of four types of flying objects: airplanes, birds, drones, and helicopters 
You can classify by types of vehicles and many more depending with the need. These 
videos were converted into the separate frames. Next, the frames were passed through 
two VLLM models. The first model is OWLv2 which is the VLLM derived in the work 
of (Minderer et al., 2023), however, it is more advanced as it combines vision and lan-
guage to enable tasks like object detection. And the second model is Grounding Dino 
Tiny model (Liu et al., 2023) Although, the overall architecture of this Grounding Dino 
Tiny model is distinct, it is an open-set object detector that combines the power of 
DINO Transformer-based detectors with state-of-art grounded pre-training. This inte-
gration allows the model to pick out objects that are denoted by the human language 
inputs, which is remarkable in the approach. Both of the models were trained to make 
outputs in the YOLO format. This study applied a range of methods, which is illustrated 
in the following figure; Figure 1: Methodology. 

 

 
Fig. 1: methodology steps 
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Mathematically, this process can be represented as follows: 

• Let  𝐼 be the set of input frames. 
• For each frame ( 𝑖 ∈ 𝐼 ): 

o 𝐷 = model(processor(𝑖,class_names)) 
o where 𝐷 includes bounding boxes 𝐵, scores 𝑆, and labels 𝐿. 

• For each detected object 𝑑 ∈ 𝐷 ∶ 
o Compute  the YOLO format coordinates: 

𝑥center =
𝑥1 + 𝑥2

2 ⋅ image_width
 

𝑦center =
𝑦1 + 𝑦2

2 ⋅ image_height
 

width =
𝑥2 − 𝑥1

image_width
 

height =
𝑦2 − 𝑦1

image_height
 

• Save the annotations(𝑥center𝑖𝑗 , 𝑦center𝑖𝑗 , width𝑖𝑗, height𝑖𝑗, 𝑠𝑖𝑗) in the output di-
rectory, 
where, 𝑠𝑖𝑗  is the confidence score for the detected object 𝑗 in image 𝑖. 

• Image Annotation 
o draw bounding boxes and labels on the image  𝑖  based on the con-

verted coordinates: 
Annotated Imagei = draw(i, Bi, Li, Si)] 

• Evaluation Metrics: 
o After processing all images, calculate the following metrics: 
o Total Images Processed:  

▪ T = |I|, where |I| is the total number of images in the da-
taset. 

o Empty Frames:  
▪ E = ∑ δ(Di = ∅)i∈I  where δ is the Kronecker delta func-

tion, returning 1 if the detection result Di is empty, and 0 
otherwise. 

o Frames with Detected Objects:  
▪ F =  T −  E  

o Average Confidence Score:  
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▪ S̅ =
∑ ∑ sijj∈Dii∈I

∑ |Di|i∈I
 , where sij is the confidence score for de-

tected object  j  in image i , and |Di| is the number of de-
tected objects in image  i. 

 

5 Results and Evaluation 

This section presents sample of the annotated frames by OWLv2 and Grounding DINO 
tiny models. This is followed by critcal analysis of the performance of both models. 
The expermental eniveronment includes Python 3.12.4 perfomed on GPU NVIDIA Ge-
force RTX 2060 Super, equibed with 8 GB of memory. The system RAM is 32 GB. 

 
5.1 Results 

Figures 2 and 3 illustrate representative samples of annotated images generated by the 
OWLv2 and Grounding DINO tiny models, respectively. The visualizations highlight 
the performance and accuracy of each model in object detection and annotation tasks. 
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Fig. 2: annotated frames by OWLv2 

 
    

 
Fig. 3: annotated frames by Grounding DINO tiny 

 
5.2 OWLv2 Performance Evaluation 

The performance evaluation of OWLv2, as in Table 1, across different classes indicates 
notable variability in detection accuracy: Helicopter detection demonstrates the highest 
confidence with an average score of 0.670, showcasing the model's strong capability, 
likely due to an abundance of data for this class. Airplane detection exhibits moderate 
accuracy, with an average score of 0.619, indicating reasonable performance but room 
for improvement compared to helicopters. Bird detection records a lower average score 
of 0.409, highlighting challenges due to the complexity and variability in the appear-
ance of birds. Drone detection is the most challenging, with the lowest average score 
of 0.329, suggesting significant difficulty in identifying drones, possibly due to their 
smaller size and fewer training examples. The occurrence of empty frames, where no 
objects are detected, also varies across classes: Helicopter and airplane classes show 
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relatively fewer empty frames, indicating a high detection rate and effective identifica-
tion in most frames. In contrast, the drone class has a substantial number of empty 
frames, with 408 out of 3998 images containing no detected objects, underscoring de-
tection difficulties. Similarly, the bird class has a considerable number of empty frames, 
with 225 out of 5494 images, confirming the detection challenges reflected in the con-
fidence scores. 

Table 1: OWLv2 performance  evaluation 

Class Total Images Empty Frames Frames with 
Objects 

Average Con-
fidence Score 

Airplane 8449 179 8270 0.619 
Bird 5494 225 5269 0.409 

Drone 3998 408 3590 0.329 
Helicopter 13759 155 13604 0.670 

 
The critical analysis of the model's performance based on the object detection confi-
dence score as in Table 2 reveals varied results across different categories. For air-
planes, the majority of annotations (36.06%) fall within the 91-100% confidence range, 
indicating strong detection capabilities, although 11.55% are in the 21-30% range, 
showing occasional struggles. In contrast, bird detection shows significant difficulty, 
with 36.89% of annotations within the 0-20% confidence range, highlighting the need 
for improvement. Drone detection is particularly challenging, with over half of the an-
notations (52.42%) in the 21-30% range, indicating inadequate model performance and 
dataset quality. Helicopter detection, however, is robust, with 33.92% of annotations in 
the 71-80% range and 27.82% in the 81-90% range, demonstrating strong detection 
capabilities. 
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Table 2: Object Detection Confidence Analysis for OWLv2 model 

Class Total 
Files 

Total 
Anno-
tations 

0-20% 21-30% 31-40% 41-50% 51-60% 61-70% 71-80% 81-90% 91-100% 

Airplane 8449 8596 0 
(0.00%) 

993 
(11.55%) 

734 
(8.54%) 

690 
(8.03%) 

691 
(8.04%) 

884 
(10.28%) 

1503 
(17.49%) 

3099 
(36.06%) 

2 
(0.02%) 

Bird 5494 15069 0 
(0.00%) 

5560 
(36.89%) 

2735 
(18.15%) 

2130 
(14.13%) 

1963 
(13.02%) 

1657 
(11.00%) 

996 
(6.61%) 

28 
(0.19%) 

0 
(0.00%) 

Drone 3998 3590 0 
(0.00%) 

1882 
(52.42%) 

875 
(24.38%) 

465 
(12.95%) 

241 
(6.71%) 

112 
(3.12%) 

15 
(0.42%) 

0 
(0.00%) 

0 
(0.00%) 

Helicopter 13759 14564 0 
(0.00%) 

990 
(6.80%) 

842 
(5.78%) 

850 
(5.84%) 

986 
(6.77%) 

1896 
(13.02%) 

4941 
(33.92%) 

4051 
(27.82%) 

8 
(0.06%) 
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5.3 Grounding-DINO-Tiny Performance Evaluation 

The critical analysis of the Grounding-DINO-Tiny model, based on the contents of Ta-
ble 3,  shows no empty frames, indicating its effectiveness in detecting objects across 
all images. In terms of confidence scores, the helicopter class has the highest average 
score (0.785), followed by drone (0.727), airplane (0.752), and bird (0.476), suggesting 
the model is most confident in detecting helicopters and least confident with birds. The 
model demonstrates consistency in detection, as no empty frames were observed across 
the dataset. High confidence scores for helicopters and drones indicate reliable detec-
tion capabilities for these classes, while the lower confidence score for the bird class 
(0.476) suggests possible overfitting or issues with the training data for this class. 

Table 3: grounding DINO tiny model  performance  evaluation 

Class Total Images 
Processed 

Empty 
Frames 

Frames with De-
tected Objects 

Average Confi-
dence Score 

Airplane 8449 0 8449 0.752 
Bird 5494 0 5494 0.476 

Drone 3998 0 3998 0.727 
Helicopter 13759 0 13759 0.785 

 
In Table 4, the critical analysis of the Grounding-DINO-Tiny model performance based 
on the object detection confidence score, for the Airplane category, the majority of an-
notations (59.14%) fall within the 81-100% confidence range, indicating a high level 
of annotation certainty, with only 19.55% of annotations below 50% confidence, sug-
gesting a generally reliable dataset with a need for slight improvements. For the Bird 
category, a large proportion of annotations (36.10%) are within the 21-30% confidence 
range, and 50.06% are below 50% confidence, indicating a significant portion of anno-
tations have lower confidence levels, impacting the reliability of the data and requiring 
focused improvements. The Drone category shows that the majority of annotations 
(73.90%) are in the 81-90% confidence range, suggesting high reliability, with only 
12.51% of annotations below 50% confidence, indicating a highly trustworthy dataset 
with strong detection capabilities. For the Helicopter category, most annotations 
(67.84%) are above 70% confidence, with the highest concentration (54.50%) in the 
91-100% range, and only 22.04% of annotations below 50% confidence, suggesting a 
high degree of confidence in the annotations and robust detection performance. 
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Table 4: Object Detection Confidence Analysis for grounding DINO tiny  model 

Class Total 
Files 

Total 
Annota-
tions 

0-20% 21-30% 31-40% 41-50% 51-60% 61-70% 71-80% 81-90% 91-100% 

Airplane 8449 9855 0 
(0.00%) 

803 
(8.15%) 

366 
(3.71%) 

459 
(4.66%) 

693 
(7.03%) 

821 
(8.33%) 

884 
(8.97%) 

1765 
(17.91%) 

4064 
(41.23%) 

Bird 5494 19338 0 
(0.00%) 

6981 
(36.10%) 

2648 
(13.69%) 

2372 
(12.27%) 

2758 
(14.26%) 

2058 
(10.64%) 

1543 
(7.98%) 

919 
(4.75%) 

59 
(0.30%) 

Drone 3998 4507 0 
(0.00%) 

305 
(6.77%) 

128 
(2.84%) 

54 
(1.20%) 

54 
(1.20%) 

68 
(1.51%) 

257 
(5.70%) 

3331 
(73.90%) 

310 
(6.88%) 

Helicopter 13759 15869 0 
(0.00%) 

703 
(4.43%) 

691 
(4.35%) 

722 
(4.55%) 

888 
(5.60%) 

1268 
(7.99%) 

836 
(5.27%) 

2117 
(13.34%) 

8644 
(54.50%) 
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6 Challenges and Limitations 

Even here, the Grounding-DINO-Tiny model produces notably lower confidence 
scores on the bird samples compared to those of the other classes; a portion of them is 
below 50% in both the training and valid-ation datasets; this could mean that birds are 
hard to identify due to the variety of their appearances or sampling issues in the DINO. 
While the param-eter values yields no empty frame, and high average confidence scores 
for most of the classes, one might observe a likely sign of over fitting particularly in 
the bird class for the training and validation datasets. In the case of OWLv2 model, 
several classes are associated with lower quality annotations except for class ‘bird’ as 
it sheds half of the annotations quality which in turn affects the reliability of the data 
set. Verifying the quality of the data and data selection, the creation of a diverse and 
large dataset is a protection of the proper improvement of the model. Even though the 
Grounding-DINO-Tiny model performs well in detecting helicopters and drones, it has 
comparatively less confidence when it comes to airplanes and birds, which tells that 
there are drawbacks regarding the detection because of the variation in the appearances 
and aspects linked to these classes. As these two models perfrom well with visible im-
ages, they would not show promising results based on infra-red images. 

7 Future Work 

To optimize bird class detection, one has to enhance the number of the bird images in 
the training data set as well as apply methods of data augmentation to obtain more di-
verse training samples. Other ways to improve the model for bird detection are also 
possible, for instance, tuning hyperparameters or employing transfer learning with a 
dataset that is more specialized for bird detection. Improving global dataset quality is 
needed to make training and validation full-featured, and non-reducing in terms of gen-
eralized models overfitting, and therefore implementing cross-validation approaches. 
Improving the overall quality of data entails stringent quality checks on the annotations 
to achieve high confidence scores for each class and employing sophisticated annota-
tions tools and strategies in order to achieve accurate annotations. 

8 Conclusion  

Evaluating the OWLv2 and Grounding-DINO-Tiny models, we observe that both show 
reliable detection and annotation results for helicopters as well as drones. On the other 
hand, for bird class it is a more challenging task because of the lower confidence scores 
and large number of annotations having less than 50% confidence pointing to area 
where targeted improvement can be made. Improving the quality of data, including 
providing more balanced and representative datasets or annotations higher in state-qual-
ity VLLMs with advanced architectures can greatly enhance performance consistency 
across all detection applications. Solving these issues could then lead to more accurate 
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and better image annotation in every category, increasing the usefulness of this stunning 
models on implementation. 
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