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smart surveillance system, this is an important issue, requiring attention and 

timely response from managers and supervisors. To address this issue, the 

paper uses transfer learning techniques on modern object detection models 
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small dataset, and the model results showed a fairly fast convergence speed. 
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1. Introduction 

Although machine learning- based traditional methods or even deep learning methods have reached 

great success and are successfully applied in a lot of real-world application systems, still has certain 

limitations in the training process, such as: computing infrastructure, data size, labeled data, and training 

time. In many cases, collecting enough training data that is usually expensive, time-consuming, even 

impractical. The initial solution proposed was to use a semi-supervised learning method. This approach 

can solve part of this problem by reducing the requirement for labeled dataset. Semi supervised learning 

methods only need a small amount of labeled data, and it uses a large amount of unlabeled data to 

improve learning accuracy. In many situations, unlabeled data samples are also difficult problems to 

collect, which often makes the resulting machine learning models unsatisfactory. Therefore, transfer-

based learning methods were proposed. Transfer learning is a learning method that transfers knowledge 

between application domains, from one model to another, from one task to another, and is a high 

potential machine learning method to deal the above problems [1]. 

 

Fig 1. Traditional learning vs transfer-based learning approaches 

The transfer-based learning is a machine learning approach, which supports to train a model from 

one task and then applying that model to a new task, or new data domain [1], [2]. This is typically done 
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using a pre-trained model on a large, high-coverage dataset. The pre-trained model can then be fine-

tuned on a smaller dataset for a new task [3]. Transfer learning can be understood as using a model's 

prior knowledge and experience to learn a new task, see illustration in fig. 1. For example, a model that 

has been trained to recognize objects can be used to learn how to recognize license plates. In this case, 

the model's knowledge and experience on shape and feature recognition can be used to learn license 

plate recognition.  

The transfer-based learning approach can be used to improve a model's performance on a new 

problem, the amount of data available for the new task is limited, especially. It can also be used to reduce 

the amount of time and computational resources required to train a model. Here are some examples of 

transfer learning being used in the real world: 

(1) Image classification [4]-[7]: Transfer learning is often used to train image classification models. 

For example, a model trained using ImageNet is utilized to classify images of new objects, such 

as medical images or satellite images. 

(2) Natural Language Processing [7]: Transfer learning is also used to train NLP models. For 

example, a model that is trained on a dataset of the large corpus of text is used to perform tasks 

such as sentiment analysis or machine translation. 

(3) Recommender system [8], [9]: Transfer learning is utilized to improve the efficiency of the 

recommender system. For example, a model that has been trained to recommend movies to users can be 

used to recommend books to users. 

The transfer-based learning method is a powerful approach that is utilized to improve the 

performance of machine learning models. It is a versatile technique that can be applied to many types 

of tasks. As the amount of data available to train machine learning models continues to increase, transfer 

learning may become an even more important tool for machine learning professionals. Transfer-based 

learning can provide many benefits, including: 

(1) Improved performance: Transfer - based learning method supports improving the model 

performance for new tasks, especially the new task with small data. 

(2) Reduce time and cost: Transfer learning can help reduce the time and cost needed to train a 

model. 

(3) Expand the scope of application: Transfer learning support to expand the scope of application 

of machine learning models. 

Some popular Transfer Learning techniques used in the field of machine learning: 

(1) Fine-Tuning: The pretrained model on a large dataset and then fine-tuned on a new dataset often 

used when the target dataset is not large enough and is like the source dataset. 

(2) Feature Extraction: Use the layers of the previously trained model to extract features from the 

data and then feed it into a new model to train new classification layers. Effective when the 

target dataset is small, and the classification task is similar to the source dataset. 

(3) Pre-training: The model is pre-trained on a large and multi-task dataset, usually on a common 

dataset or a large dataset from the internet. Often used to learn general features and transfer 

knowledge from complex tasks to specific tasks. 

(4) Domain-specific Pre-training: The model is pre-trained on a large and multi-task dataset but 

focuses on a specific domain or context. Useful when the target dataset belongs to a specific 

domain and wants to transfer knowledge from that domain. 

(5) Multi-task Learning: The model is trained on multiple tasks at the same time, sharing some 

classes or feature extraction. Can help improve model performance across different tasks and 

transfer knowledge from one task to another. 

(6) Self-supervised Learning: The model automatically generates fake data from available data and 

then uses it to train the model. The model is then transferred to the target dataset. Effective when 

there is not enough labeled data and want to take advantage of unlabeled data. 

These techniques can be combined or adapted depending on the specifics of the data and the task we 

are working with. 
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2. Related Works 

In this article, we introduce some popular object detection models. Object detection models can be 

divided into one-stage models and two-stage models. Two-stage models are models that try to search 

for an arbitrary number of proposed objects in an image in the first stage. The task of classification and 

localization is the second stage. The models have two separate steps, they often take more complexity 

to generate object container proposals with complex architectures. The one-stage detection model 

classifies and locates objects in a single pass using a dense sampling method. It has a simpler design and 

has higher real-time performance than two-stage detection models. 

R-CNN model family. The region-based convolutional neural network model family originated with 

the introduction of the R-CNN model, a groundbreaking paper by Girshick and colleagues in 2012 [10]. 

This marked the beginning of using CNN to significantly enhance object detection performance. R-CNN 

employs a selective search method to suggest regions containing Region of Interest (RoI) objects, 

utilizing a CNN network to extract features. The image undergoes a region proposal module, generating 

around 2000 region objects using the Selective Search algorithm [11] to identify parts of the image with 

a higher likelihood of containing the object. These RoIs are then processed through a CNN network, 

such as the AlexNet [12] as the backbone architecture in Girshick et al.'s implementation, generating a 

4096-dimensional feature vector for each RoI. A trained class-specific support vector machine (SVM) 

is then employed for classification, determining whether it belongs to the corresponding class. The 

algorithm estimates bounding boxes using a trained bounding box regressing, estimating the center 

coordinates, width, and height. 

While R-CNN revolutionized object detection, it suffered from slow processing and high 

computational costs. To address these drawbacks, the Fast R-CNN [13] model was introduced in 2015 

by Girshick and colleagues as an improvement in speed, achieving 146 times faster processing than R-

CNN. Although Fast R-CNN approached real-time object detection, its RoI region proposal generation 

remained relatively slow. Instead of the Selective Search algorithm, the authors introduced the Region 

Proposal Network (RPN) [14] to find RoIs, replacing the earlier algorithm. 

Faster R-CNN was proposed [15], further refined the RPN concept. This algorithm employs multiple 

bounding boxes with different aspect ratios, regressing them to determine the object's location. The input 

image first passes through CNN to obtain feature maps, which are then forwarded to the RPN. The RPN 

generates region or bounding box proposals along with their classification. The selected RoI region 

proposals are mapped back to the feature maps, which were obtained from the previous CNN layer. As 

a result, Faster R-CNN significantly is better Fast R-CNN in terms of speed, representing a notable 

advancement within the R-CNN model family. 

Transformer model family. In recent years, the Transformer paradigm has profoundly influenced 

the entire field of deep learning, especially the field of computer vision. The new approach based on 

transformer model [16] eliminates the traditional convolution operator and instead only calculates based 

on the self-attention mechanism to overcome the limitations of CNN. In 2020, N. Carion et al proposed 

DETR [17], which proposed an end-to-end detection network with Transformers. This model uses a 

CNN network to extract image features. Here the author uses the ResNet [18] network, as a result we 

obtain a feature map of the input image. This feature map is added to the position encoding vector, to 

determine the order of features. The result of this addition is transferred to the Transformer's Encoder 

network for encoding. The results of the Encoder network (after doing it 6 times) are fed into the Decoder 

network for decoding. As the output of the Decoder network, we obtain a feature map, which we use to 

classify and determine bounding-boxes through the Full connected, Soft-max and regression layers.  

YOLO model family. Starting with its inaugural version, YOLOv1 (You Only Look Once), 

represents a pioneering approach to object detection utilizing deep neural networks for recognizing and 

localizing objects within images and videos. Introduced in 2016 by Joseph Redmon and Santosh Divvala 

[19], YOLOv1 revolutionized computer vision's object detection capabilities by dividing the input image 

into an S × S grid. Each grid cell is tasked with detecting an object if its center falls within that cell. 

However, a drawback of YOLOv1 is its limitation in detecting small, overlapping objects, and it can 

predict a maximum of S x S objects in the image. 
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Building upon the foundation of YOLOv1, YOLOv2 [20] (also known as YOLO9000) was 

introduced in 2016 as an enhancement over the original YOLO algorithm. YOLOv2 aims to be faster 

and more accurate, featuring the use of anchor boxes, which predefined bounding boxes with many 

scales and aspect ratios. This improvement enables YOLOv2 to detect a wider variety of objects. 

YOLOv3, presented in 2018 [21], further elevates the YOLO object detection algorithm's accuracy 

and speed. Notable enhancements include the adoption of the Darknet-53 CNN architecture, a variant 

of ResNet specifically tailored for object detection tasks with 53 convolutional layers. YOLOv3 

introduces anchor boxes with varied scales and aspect ratios, adapting to the size and shape of detected 

objects. The "feature pyramid network" (FPN) is also introduced, facilitating object detection at multiple 

scales and improving performance on small objects. 

Moving forward to YOLOv7, unveiled in a 2022 paper [22], significant improvements are 

implemented. YOLOv7 leverages anchor boxes—predefined boxes with different aspect ratios—to 

detect objects of various shapes. With 9 anchor boxes, YOLOv7 broadens its capability to detect a 

diverse range of object shapes and sizes, minimizing false positives. Additionally, YOLOv7 boasts 

higher resolution compared to its predecessors. 

While YOLOv8, developed by the Ultralytics team, is a recent addition to the YOLO model family, 

detailed papers about its architecture are yet to be published. Nonetheless, the computer vision 

community has access to and has been testing the model using the source code shared on the team's 

GitHub page. YOLOv8 is an advanced computer vision model with built-in support for object detection, 

classification, and segmentation tasks, extending the capabilities of its predecessors. 

3. Solution for Abnormal Object Recognition 

There are two main types of transfer learning [23]: 

(1) Intuitive transfer learning [24]: This is the most common type of transfer learning, and it 

involves using a pre-trained model to learn a new task which is related to the original task. The 

task is demonstrated in Fig. 2. For example, a model trained to recognize cats and dogs can be 

used to learn to recognize new animals, such as horses and cows. 

 

Fig 2. Inductive transfer learning 

(2) Deductive transfer learning: This type of transfer learning involves using a pre-trained model to 

learn a new task unrelated to the original task as shown in Fig. 3. For example, a model that has 

been trained to translate French to English can be used to translate Spanish to English. 
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Fig 3. Deductive transfer learning 

The method we employed in this paper involves conducting experiments using the DETR 

architecture that has been pre-trained on the large COCO dataset. In this approach, we performed 

Finetuning on the output of the DETR model using the COCO dataset to adapt it to the output on the 

dataset we experimented with. This method can be illustrated as shown in Figure 4. 

 

Fig 4. The transfer – based learning approach for object detection systems 

4. Experiments and Results 

We train the DETR model on the WEAPON dataset using a model previously trained with the large 

dataset COCO 2017. The details are described below: 

Dataset: We conduct experiments on the WEAPON dataset [25] as described in table 1. This data 

set includes 22212 images, divided into 3 subsets, of which the training set includes 19434 images. 
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Table 1. WEAPON dataset 

Data Images Ratio Augmentations 

Total 22212 100% 
Flip: Horizontal 

Crop: 0% Minimum Zoom, 35% Maximum Zoom 

Rotation: Between -8° and +8° 

Brightness: Between -25% and +25% 

Train 19434 88% 

Val 1851 8% 

Test 927 4% 

Implement Details. To train the model, we keep the parameter set of the original DETR model as 

shown in table 2. We use the parameter set of the already trained and published model as facebook/detr-

resnet-50. 

Table 2. Training parameter set 

Parameter Value 

Encode, Decoder layers 6 

Backbone Resnet-50 

Pre-train BackBone ImageNet1K 

Optimizer AdamW 

Batch_size 2 

Learning rate 1e-4 

Epoch number 50 

Some images in the dataset: Some illustrative images in the dataset are shown in Fig. 6. 

 
(a) 

 
(b) 

Fig 6. Some images in the dataset 

Results on the train dataset. Experimental results on the training data set are as described in Fig. 7. 
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(a) Train loss CE (Cross-Entropy) 

 

(b) Train loss GIOU 

Fig 7. Experimental results on Train Dataset 

Results on the valid dataset. Experimental results on the validation dataset are described in Fig. 8. 

 

(a) Valid loss CE (Cross-Entropy) 

 

(b) Valid loss GIOU 

Fig 8. Experimental results on Valid Dataset 

5. Conclusion 

Transfer Learning is a powerful learning technique that helps solve many major problems in the field 

of machine learning and computer vision such as lack of data, training time and training infrastructure. 

The article summarizes the main points and tests this technique on a model for the task of object 

detection to evaluate the effectiveness and accuracy of the models when applying this technique. The 
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results show that applying transfer learning techniques helps the model learn faster and with better 

accuracy than training the model using conventional techniques. This helps scientists open up the right 

direction in using existing models for use in new data domains and new tasks. At present, we have only 

conducted experiments with this method on a dataset using one object detection architecture, so there 

are not many results to compare with the outcomes of transfer learning on different architectures. In the 

future, we will experiment with more models and a broader range of datasets, enabling us to compare 

the advantages and disadvantages of this transfer learning approach across various architectures. 
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