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Abstract 

Convolutional neural network-based deep learning technology is the most commonly used in image identifi-

cation, but it requires large-scale data for training. Therefore, application in specific fields in which data acqui-

sition is limited, such as in the military, may be challenging. In particular, the identification of ground weapon 

systems is a very important mission, and high identification accuracy is required. Accordingly, various studies 

have been conducted to achieve high performance using small-scale data. Among them, the ensemble method, 

which achieves excellent performance through the prediction average of the pre-trained models, is the most 

representative method; however, it requires considerable time and effort to find the optimal combination of 

ensemble models. In addition, there is a performance limitation in the prediction results obtained by using an 

ensemble method. Furthermore, it is difficult to obtain the ensemble effect using models with imbalanced 

classification accuracies. In this paper, we propose a transfer learning-based feature fusion technique for hetero-

geneous models that extracts and fuses features of pre-trained heterogeneous models and finally, fine-tunes 

hyperparameters of the fully connected layer to improve the classification accuracy. The experimental results 

of this study indicate that it is possible to overcome the limitations of the existing ensemble methods by 

improving the classification accuracy through feature fusion between heterogeneous models based on transfer 

learning. 
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1. Introduction 

Artificial intelligence technology has been recently applied in various fields, including industry, 

education, medicine, and military, and related products are being researched and developed. In particular, 

deep learning-based technology is the most used in the field of detection, identification, and tracking 

using video images, and it has been extensively verified through various studies [1-3]. However, a large 

amount of high-quality training data and high-performance learning models are required in deep learning 

technology to obtain acceptable accuracy. In the case of civil and industrial fields, where large-scale 

server construction is possible, the requirements for model training using high-quality collected data can 

be sufficiently satisfied. Conversely, it is challenging to collect large amount of high-quality data in 

particular fields, such as military defense, because military operational environment involves restrictions 

on physical servers and Internet connection owing to security requirements, lack of information about 
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targets, and data collection limitations. Therefore, considerable limitations exist in the application of deep 

learning to existing weapon systems, and various studies and technologies are continuously being 

developed to overcome them [4]. 

Currently, various studies are being conducted in the military to apply artificial intelligence-related 

technologies to weapon systems. In particular, research and development for target detection, identification, 

and tracking is progressing to a certain level owing to the application of deep learning-based technology 

that uses sensor information, such as day/thermal cameras and radars, to surveillance/reconnaissance 

fields [5-7]. However, research is concentrated in specific fields in which data acquisition is easy, such 

as those using satellite images, and verification remains insufficient for application in actual military 

systems. 

Maneuver weapon systems depend heavily on image information for foe identification and target 

detection/classification missions. In addition, as an important issue directly related to survival, high 

identification accuracy is required. Since all these processes solely rely on human eyes, there is a 

possibility of errors in the identification accuracy of the maneuver weapon system. In addition, efforts to 

introduce artificial intelligence-based technologies are currently underway to compensate for the 

decrease in operational personnel due to recent population decline and military force reduction. One of 

these is a technology for target detection and identification through deep learning. However, the 

challenges of the battlefield environment, such as urban areas, forests, and smoke, can make it difficult 

to acquire sufficient data for accurate identification. As a result, a technique that can improve identifica-

tion accuracy with small-scale data is necessary. 

Therefore, a transfer learning method using deep learning models pre-trained on large-scale data, such 

as ImageNet [8], has been applied, researched, developed, verified, and used in various fields [9]. In 

addition, research was conducted in the military field to effectively improve the performance of training 

models by applying representative ensemble techniques to improve the classification accuracy [10]. 

Existing ensemble methods require time and resources to obtain high-performance pre-trained models 

for their use. In general, additional performance tuning is not possible in the ensemble model, so there is 

a limit to performance improvement, and considerable resources are required to find a combination of 

models with optimal performance [11]. 

In this study, we propose a transfer learning-based feature fusion model that performs maneuver 

weapon system classification to improve the accuracy of the existing ensemble techniques. In the 

proposed method, the final high-level feature maps output by pre-trained heterogeneous models are 

concatenated, and a new discriminator composed of fully connected layers is added. The image-based 

maneuver weapon system classification requires high identification accuracy; therefore, the performance 

of the proposed technique was verified through various experiments, and it was confirmed that the 

classification performance was improved compared with traditional ensemble methods. 

The main contributions of this study are summarized as follows: 

 Image classification accuracy can be improved with small-scale data in situations where acquiring 

large amounts of high-quality training data is limited, such as in the military field. 

 A new transfer learning-based feature fusion model is proposed, which leverages advanced models 

pre-trained on the ImageNet dataset to improve classification accuracy. 

 Compared to the existing ensemble technique, our approach of fine-tuning through stepwise 

transfer learning for feature fusion, extracted from heterogeneous models, demonstrates superior 

classification accuracy. 
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The remainder of this paper is organized as follows: Section 2 present existing techniques for 

improving classification accuracy with small-scale data in the field of maneuver weapon systems in 

relation to this study, and explain the differences between these techniques and the proposed method. 

Section 3 describes the detailed structure of the transfer learning-based feature fusion model proposed in 

this paper. Section 4 describes an evaluation of the proposed model's performance through a comparison 

with existing ensemble methods using data collection and performance comparison analysis. The analysis 

confirms the superiority of the proposed model, which is presented in detail in this section. Finally, 

Section 5 presents conclusions and future research. 

 

 

2. Related Works 

Recently, there has been a growing interest in using deep learning technology for image classification 

in the military field, and as a result, research in this area is being actively conducted. In particular, 

maneuver weapon systems are expected to enhance the precision of surveillance and reconnaissance 

missions by leveraging deep learning-based technology. These systems can perform critical tasks such 

as recognizing the battlefield situational awareness, identifying friend and foe, and detecting and tracking 

targets using image-based analysis. 

First of all, research has been conducted on object detection and classification of various weapon 

systems using deep learning technology [12]. The purpose of this research is to leverage advanced 

algorithms and neural networks to improve the accuracy and effectiveness of weapon system recognition 

and classification. 

In addition, researchers conducted research to overcome the recognition and classification of weapons 

system through transfer learning in the situation where training data is limited due to the specific 

environment of the battlefield [13]. Studies have been also published aiming to improve the accuracy of 

classification for tanks, a representative ground weapon system, through data augmentation and transfer 

learning [14,15].  

Further studies have been conducted to improve the accuracy of weapon system classification through 

the use of model ensembles based on transfer learning [10]. Additionally, there are studies in progress to 

improve the object detection and classification of various ground weapon systems by combining 

reinforcement learning with existing deep learning techniques [16]. 

Therefore, transfer learning is a powerful technique that enables the transfer of knowledge learned from 

one domain to another, which can help address the challenge of limited training data in the military field. 

In this paper, similar to previous studies, a transfer learning method that can effectively learn with a small 

amount of data is utilized to classify ground weapon systems in a battlefield environment where 

acquisition of training data is limited.  

However, unlike other studies, we propose a transfer learning-based feature fusion model that can 

improve classification accuracy compared to existing techniques by using a method of concatenating and 

fusion the features of various models that have completed transfer learning as a means of improving 

classification accuracy. 

To achieve this purpose, the main considerations of the proposed method are as follows: 

 The proposed method leverages the diversity of high-level features automatically extracted through 

transfer learning from heterogeneous models that have completed various types of pre-training. 
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 By concatenating the features extracted from heterogeneous models and fine-tuning the fully 

connected layers, it is possible to maximize the improvement in classification accuracy. 

 

 

3. Proposed Transfer Learning-based Feature Fusion Model 

To achieve better performance with small-scale image data, studies on training models to which pre-

trained model-based transfer learning is applied are being actively conducted [17]. Among them, the most 

widely used method is to combine various trained models into one inference model, which has exhibited 

excellent performance in various fields. However, the effect can be confirmed in the case of a combi-

nation of excellent heterogeneous or homogeneous models, or an ensemble of multiple models. To do 

this, an adjustment process to find the models with the best performance and the time and effort required 

to find the optimal ensemble model combination are essential. In addition, there is a disadvantage in that 

accuracy cannot be improved with respect to the prediction result obtained after performing the ensemble. 

To overcome this problem, we propose a feature fusion method that concatenates the output feature maps 

of each model, for which transfer learning is performed through a pre-trained model to preserve the 

feature diversity of heterogeneous models, followed by fine-tuning of the fully connected layer to achieve 

improved accuracy. Fig. 1 shows the structure and detailed procedure of the proposed transfer learning-

based feature fusion model. 

The transfer learning-based feature fusion model is divided into three stages and is performed as 

follows: 

Stage 1: After resizing the randomly collected data of tanks and armored vehicles, consisting of two 

classes, to a size of 224×224, each pre-trained model from ImageNet data is individually 

trained by inputting the resized data to each model. During this process, hyperparameters of 

each model are adjusted using validation data. Then, the classification accuracy is evaluated 

with test data, and each trained heterogeneous model is saved for the next stage. 

Stage 2: Each trained heterogeneous model from Stage 1 is loaded and feature fusion is performed by 

concatenating the output feature maps of the heterogeneous models together, as shown in Fig. 

2. The number of feature maps from the heterogeneous models after the implementation of 

the proposed feature fusion can be found in Table 1. 

Stage 3: After applying global max pooling to the feature fusion layer generated in Stage 2 and adding 

a new fully connected classifier, fine-tuning training is performed. 

 

To explain in more detail for Stage 1, first, binary classification training using the input data collected 

in Section 4.1 was performed with four representative deep learning models, VGG19, MobileNetV2, 

ResNet50V2, and DenseNet121 [18-21], which had been pre-trained with ImageNet. Next, we performed 

feature fusion by concatenating the final feature maps of all pre-trained models, excluding each previous 

binary classifier from the trained heterogeneous model, and then we added a classifier composed of new 

fully connected layers. Here, the exponential linear unite [22] was used as the activation function. In 

addition, a classifier was constructed to avoid overfitting by applying L1/L2 regularization, batch 

normalization, and dropout [23]. The classification accuracy was improved through the steps described 

above by fine-tuning the final connected layer parameters while maintaining the feature diversity of the 

transfer-learned heterogeneous models. 
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Fig. 1. Structure of the proposed transfer learning-based feature fusion model. 

 

Next, Table 1 lists the output shape of the feature maps for each stage in the transfer learning-based 

feature fusion model, as shown in Fig. 1. The size of the input data was 224 × 224. In the case of Stage 

1, 7×7×N feature maps were output for each model (Table 1). In Stage 2, by combining two, three, and 

four heterogeneous models, it can be confirmed that the feature maps of each model are connected during 

feature fusion. 



Transfer Learning-Based Feature Fusion Model for Classification of Maneuver Weapon Systems 

 

678 | J Inf Process Syst, Vol.19, No.5, pp.673~687, October 2023 

 
Fig. 2. Method of the proposed transfer learning-based feature fusion. 

 

In the case of Stage 3, after the feature fusion step in which the feature maps of each transferred 

heterogeneous model are concatenated, global max pooling is performed on the feature fusion layer. This 

is done to extract the most meaningful and representative value from the fused feature map. The extracted 

representative values are then input into the fully connected layer of a new classifier for fine-tuning. 

Finally, the performance of the model is evaluated by checking the classification accuracy using test data. 

As a result of observing the number of feature maps for each stage in the transfer learning-based feature 

fusion model, 512 feature maps for VGG19, 1,280 for MobileNetV2, 2,048 for ResNet50V2, and 1,024 

feature maps for DenseNet121 were output for which transfer learning of Stage 1 was completed. Next, 

when the feature maps obtained from Stage 1 were concatenated with each other, the largest number of 

feature maps was obtained by combining the four heterogeneous models, as in Model #11 (Table 1). It 

can be seen that a large number of feature maps are fused in the order of Models #10, #7, and #9, all of 

which are combinations of three heterogeneous models. Among the three combinations of heterogeneous 

models, the case of Model #8 shows 3,000 or fewer feature map outputs, and the lowest feature map 

fusion combination is in Model #3, which fuses 1,500 feature maps. In Models #4 and #6, it can be seen 

that more than 3,000 feature maps are fused despite the combination of two heterogeneous models. Based 

on the above results, we will examine the correlation between the number of feature maps and the 

classification accuracy when performing transfer learning-based feature fusion in Section 4. 

 

Table 1. Output shapes of feature maps for each stage in the transfer learning-based feature fusion model 

Model 

No. 
Feature fusion combination Stage 1 Stage 2 Stage 3 

1 VGG19 / MobileNetV2 (7, 7, 512) / (7, 7, 1280) (7, 7, 1792) 1792 

2 VGG19 / ResNet50V2 (7, 7, 512) / (7, 7, 2048) (7, 7, 2560) 2560  

3 VGG19 / DenseNet121 (7, 7, 512) / (7, 7, 1024) (7, 7, 1536) 1536  

4 MobileNetV2 / ResNet50V2 (7, 7, 1280) / (7, 7, 2048) (7, 7, 3328) 3328  

5 MobileNetV2 / DenseNet121 (7, 7, 1280) / (7, 7, 1024) (7, 7, 2304) 2304  

6 ResNet50V2 / DenseNet121 (7, 7, 2048) / (7, 7, 1024) (7, 7, 3072) 3072  

7 VGG19 / MobileNetV2 / ResNet50V2 (7, 7, 512) / (7, 7, 1280) / (7, 7, 2048) (7, 7, 3840) 3840 

8 VGG19 / MobileNetV2 / DenseNet121 (7, 7, 512) / (7, 7, 1280) / (7, 7, 1024) (7, 7, 2816) 2816 

9 VGG19 / ResNet50V2/ DenseNet121 (7, 7, 512) / (7, 7, 2048) / (7, 7, 1024) (7, 7, 3584) 3584 

10 MobileNetV2 / ResNet50V2/ DenseNet121 (7, 7, 1280) / (7, 7, 2048) / (7, 7, 1024) (7, 7, 4352) 4352 

11 

 

VGG19 / MobileNetV2 / ResNet50V2 / 

DenseNet121 

(7, 7, 512) / (7, 7, 1280) / (7, 7, 2048) / 

(7, 7, 1024) 

(7, 7, 4864) 

 

4864 

 

Stage 1 indicates the output shapes of feature maps after transfer learning, Stage 2, the output shape of feature fusion, and 

Stage 3, the output shape of feature fusion after global max pooling. 
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4. Experimental Results 

In this paper, a total of 3,600 images for maneuver weapon systems, consisting of 1,800 images each 

of two classes, tanks and armored vehicles, were collected through an Internet search. Next, for the deep 

learning model for transfer learning, among the models provided by the Keras application, an open-source 

software library for artificial neural networks, four models that have been pre-trained with the ImageNet 

dataset were selected. Finally, after the selected models were trained on the collected data using fine-

tuning and data augmentation, the proposed transfer learning-based feature fusion model was confirmed 

for its classification accuracy. To this end, to evaluate the classification accuracy of the proposed model, 

Stages 2 and 3 of the step-by-step procedures mentioned in Section 3 are performed. 

As hardware specifications for experiments, Intel Xeon 2.3 GHz central processing unit, 12.7 GB 

memory, and Tesla P100 graphic processing unit (GPU) were used, and CUDA Toolkit 11.2 was applied 

for model training using the GPU. In addition, as a software specification for model training and 

performance evaluation, the latest version of TensorFlow (2.11), a deep learning open-source framework 

library, was installed in the Ubuntu 18.04 LTS operating system environment. 

 

4.1 Data Collection of Maneuver Weapon System 

The maneuver weapon system operated by a military army is divided mainly into tanks and armored 

vehicles, and each performs different assigned missions. As shown in Fig. 3, the tank is equipped with a 

track-type hull, large-caliber cannon, and heavy armor to perform the mission of fighting enemy armored 

units at the forefront. The primary mission of the armored vehicle is to transport and protect the infantry. 

Although combat is not its main purpose, it is also equipped with various weapons to support firepower. 

In addition, although armored vehicles have a track type similar to a tank, the most distinctive feature is 

that they are mostly wheeled to maximize maneuverability. 

 

 

(a) (b) (c) 

Fig. 3. Examples of images collected for model training: (a) tank, (b) tracked armored vehicle, and (c) 

wheeled armored vehicle. 

 

In this study, for the classification of maneuver weapon systems, related images were collected through 

an Internet search and then labeled as two classes: tanks and armored vehicles. First, tank images were 

obtained through search with the keyword “tank” from the Kaggle public image list, and data were 

additionally collected with the same keyword from web searches. All images of armored vehicles were 

collected through using web searches, using keywords such as “IFV,” “AFV,” or the specific model 

names of armored vehicles. 

A total of 3,600 images were collected: 1,800 of tanks and 1,800 of armored vehicles. For the ex-
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periments, 3,000 images consisting of 1,500 images for each class were used as training and verification 

data (Table 2). A total of 600 images, consisting of 300 images for each class, were used as test data for 

performance evaluation. 

 

Table 2. List of the collected image data for the two classes 

Class 
Number of images 

Training + validation Test Total 

Tank 1,500 300 1,800 

Armored vehicle 1,500 300 1,800 

Total 3,000 600 3,600 

 

4.2 Preparation of Deep Neural Network Models for Transfer Learning 

In this section, as a preparatory step for the proposed method, transfer learning is performed using the 

most commonly used and representative convolutional neural network (CNN)-based pre-trained models, 

and their performance is evaluated. Because CNN-based deep learning technology generally requires a 

large amount of image data to derive an optimal model, considerable time and computational resources 

are required to train the model. In special cases, such as in the military field, there is a limitation to 

securing a large number of images; therefore, a method that can achieve excellent performance with only 

small-scale image data is necessary. To achieve this purpose, the utilization of transfer-learning technique 

that can effectively train models with only a small amount of data has been considered, and its 

performance has been proven and applied in various fields. In this study, we employed this transfer 

learning-based approach as a training method for the classification of maneuver weapon systems. 

As the pre-trained model for transfer learning considered in this study, four deep neural network (DNN) 

models, VGG19, MobileNetV2, ResNet50V2, and DenseNet121 [18-21], were selected among the 

ImageNet-based pre-trained DNN models provided by the Keras application. In this case, the 

experimental environment for transfer learning for each DNN model was set as follows: a batch size of 

32, Adam optimizer [24] with an initial learning rate of 10-5 as the learning algorithm, and epoch of 100. 

After applying the data augmentation and fine-tuning methods, the weights of the binary classifier were 

initialized each time, and training was performed. As a result of the transfer learning, the VGG19 and 

MobileNetV2 models achieved classification accuracy based on the test data of 95.3%, ResNet50V2 

model of 96.5%, and DenseNet121 model of 97.1%. Thus, the DenseNet121 model exhibited the best 

performance in classifying tanks and armored vehicles. 

 

4.3 Evaluation of the Proposed Method Using Deep Feature Diversity 

In order to confirm the superiority of the proposed technique, a performance comparison is conducted 

with the ensemble method which is a widely used method for improving classification accuracy. To this 

end, ensemble is performed using the model for which transfer learning was performed in Section 4.2, 

and test accuracy evaluation is performed. Finally, the experiment on the transfer learning-based feature 

fusion model proposed in this paper is performed according to the procedure presented in Section 3, and 

then the ensemble method and test accuracy comparison analysis are performed. 
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4.3.1 Classification accuracy performance of ensemble technique 

An ensemble technique is a method used to obtain better prediction performance by averaging the 

predictions of multiple inference models, with the purpose of improving performance based on the feature 

diversity of multiple independently trained models. In this regard, research and verification of ensemble 

techniques for CNN-based network structures are underway in various fields [25]. For a performance 

comparison with the proposed feature fusion model, the ensemble was performed using the transfer 

learning-based models selected in Section 4.2. The number of heterogeneous models for the ensemble 

was varied from two to four. As shown in Table 3, the ensemble accuracy for the test data ranges from 

96.0% to 97.3%, and the average ensemble accuracy for the case where three or four models were 

combined was higher on average than when two models were combined. 
 

Table 3. Ensemble accuracy results for the combinations of various heterogeneous models 

Model 

No. 
Model combinations for ensemble 

Test accuracy (%) 

Each model Ensemble 

1 VGG19 / MobileNetV2 95.3 / 95.3 96.0 

2 VGG19 / ResNet50V2 95.3 / 96.5 96.6 

3 VGG19 / DenseNet121 95.3 / 97.1 96.5 

4 MobileNetV2 / ResNet50V2 95.3 / 96.5 97.3 

5 MobileNetV2 / DenseNet121 95.3 / 97.1 97.3 

6 ResNet50V2 / DenseNet121 96.5 / 97.1 97.5 

7 VGG19 / MobileNetV2 / ResNet50V2 95.3 / 95.3 / 96.5 97.3 

8 VGG19 / MobileNetV2 / DenseNet121 95.3 / 95.3 / 97.1 97.3 

9 VGG19 / ResNet50V2/ DenseNet121 95.3 / 96.5 / 97.1 97.0 

10 MobileNetV2 / ResNet50V2/ DenseNet121 95.3 / 96.5 / 97.1 97.3 

11 VGG19 / MobileNetV2 / ResNet50V2 / DenseNet121 95.3 / 95.3 / 96.5 / 97.1 97.3 
 

 

4.3.2 Classification accuracy performance of the proposed method 

To verify the classification accuracy of the maneuver weapon system for the transfer learning-based 

feature fusion model proposed in this study, the performance of the traditional ensemble method was 

compared experimentally. First, for the proposed transfer learning-based feature fusion model, feature 

fusion was performed using the same two, three, and four heterogeneous models as in the existing 

ensemble method. Training was then performed by fine-tuning the hyper-parameters of a classifier 

composed of the newly added fully connected layers. Table 4 shows the test accuracy and accuracy 

ranking of the proposed transfer learning-based feature fusion model for the two-class maneuver weapon 

system dataset described in Section 4.1. 

As shown in Table 4, as the combination of the feature fusion model with the best performance, the 

model combining three heterogeneous models, MobileNetV2, ResNet50V2, and DenseNet121 (Model 

#10 in Table 4), exhibited 98.1% classification accuracy. In contrast, the feature fusion model with the 

lowest performance was a combination of VGG19 and MobileNetV2 (Model #1 in Table 4), confirming 

a classification accuracy of 96.5%. We can observe that the combination of feature fusion models 

including ResNet50V2 or DenseNet121 with excellent individual performance as Models #3 and #7, 

respectively, or feature fusion models including ResNet50V2 and DenseNet121 simultaneously as 

Models #9 and #10, show high overall test accuracy. In addition, as in Models #3, #7, and #9, VGG19, 

whose individual performance is relatively lower than that of the other models, affects the performance 

improvement in the feature fusion model. Finally, the classification accuracy of the feature fusion model 

for the three-model combinations is higher than that for the heterogeneous two-model combinations. 
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However, in the case of the feature fusion combination of four heterogeneous models in Model #11, the 

combination of multiple models did not necessarily have a significant effect on the improvement of the 

feature fusion performance, as it showed a lower accuracy performance compared to the feature fusion 

combinations using three heterogeneous models. 

 

Table 4. Test accuracy results for transfer learning-based feature fusion models according to 2, 3, and 4 

heterogeneous model combinations 

Model 

No. 
Feature fusion combination 

Test accuracy (%) 
Rank 

Each model 
Feature fusion 

model  

1 VGG19 / MobileNetV2 95.3 / 95.3 96.5 11 

2 VGG19 / ResNet50V2 95.3 / 96.5 97.5 6 

3 VGG19 / DenseNet121 95.3 / 97.1 97.8 3 

4 MobileNetV2 / ResNet50V2 95.3 / 96.5 97.5 6 

5 MobileNetV2 / DenseNet121 95.3 / 97.1 97.5 6 

6 ResNet50V2 / DenseNet121 96.5 / 97.1 97.8 3 

7 VGG19 / MobileNetV2 / ResNet50V2 95.3 / 95.3 / 96.5 98.0 2 

8 VGG19 / MobileNetV2 / DenseNet121 95.3 / 95.3 / 97.1 97.5 6 

9 VGG19 / ResNet50V2/ DenseNet121 95.3 / 96.5 / 97.1 97.8 3 

10 MobileNetV2 / ResNet50V2/ DenseNet121 95.3 / 96.5 / 97.1 98.1 1 

11 VGG19 / MobileNetV2 / ResNet50V2 / DenseNet121 95.3 / 95.3 / 96.5 / 97.1 97.3 10 

 

In this regard, from the results of Tables 3 and 4, the correlation between the number of feature maps 

and ensemble performance for feature fusion can be analyzed. When sorting in the order of high 

classification accuracy in the combination of exactly three heterogeneous models (shown in Table 1), the 

number of fused feature maps are ranked at the top in the order of Models #10, #7, and #9. Next, Model 

6, which ranks third in classification accuracy in Table 4, fused the second-largest number of feature 

maps in the case of a combination of two heterogeneous models. By contrast, in the case of Model #1, 

which has the lowest classification accuracy, the second-smallest feature maps were fused. In addition, 

it was confirmed that Model #8, which is a combination of the remaining three heterogeneous models, 

and Models #2 and #4, combinations of two heterogeneous models, were fused with a similar number of 

feature maps to obtain the same classification accuracy. However, the combination of four heterogeneous 

models (Model #11) showed relatively low classification accuracy despite the fusion of the largest 

number of feature maps. Similarly, among the two heterogeneous model combinations, Model #4 fused 

the most feature maps, but the classification accuracy was also low compared with the others. 

Exceptionally, it was observed that the combination of two heterogeneous models, as in Model #3, 

showed high classification accuracy, even though the smallest number of feature maps was fused. 

Therefore, according to previous experimental results, it was confirmed that the classification accuracy 

improved as the number of fused feature maps increased. This is because the role of feature fusion is to 

reflect and complement the diversity of the features extracted from different models. However, it was 

confirmed that the classification accuracy improvement was insufficient when too many feature maps 

were fused. 
 

4.3.3 Comparison of classification accuracy performance 

Table 5 compares the classification accuracy of the traditional ensemble combinations for two, three, 

and four heterogeneous models performed in Section 4.3.1 and that of the transfer learning-based feature 



Jinyong Hwang, You-Rak Choi, Tae-Jin Park, and Ji-Hoon Bae 

 

J Inf Process Syst, Vol.19, No.5, pp.673~687, October 2023 | 683 

fusion model combination presented in this section. 

We can observe in Table 5 that the classification accuracy through the transfer learning-based feature 

fusion between the heterogeneous models proposed in this paper was improved by at least 0.2% to a 

maximum of 1.3% compared to the existing ensemble performance of two or three models. This is 

because, unlike the existing ensemble method, feature fusion specialized in the maneuver weapon system 

domain is reflected in transfer learning by concatenating the features between different heterogeneous 

models with each other and fine-tuning through the fully connected layer. 

 

Table 5. Comparison of accuracy performance between the existing ensemble technique and the transfer 

learning-based feature fusion technique 

Model 

No. 
Model combination 

Test accuracy (%) Variation 

(b – a) (%) Model Ensemblea Feature fusionb 

1 VGG19 / MobileNetV2 95.3 / 95.3 96.0 96.5 +0.5 

2 VGG19 / ResNet50V2 95.3 / 96.5 96.6 97.5 +0.9 

3 VGG19 / DenseNet121 95.3 / 97.1 96.5 97.8 +1.3 

4 MobileNetV2 / ResNet50V2 95.3 / 96.5 97.3 97.5 +0.2 

5 MobileNetV2 / DenseNet121 95.3 / 97.1 97.3 97.5 +0.2 

6 ResNet50V2 / DenseNet121 96.5 / 97.1 97.5 97.8 +0.3 

7 VGG19 / MobileNetV2 / ResNet50V2 95.3 / 95.3 / 96.5 97.3 98.0 +0.7 

8 VGG19 / MobileNetV2 / DenseNet121 95.3 / 95.3 / 97.1 97.3 97.5 +0.2 

9 VGG19 / ResNet50V2 / DenseNet121 95.3 / 96.5 / 97.1 97.0 97.8 +0.8 

10 MobileNetV2 / ResNet50V2 / 

DenseNet121 

95.3 / 96.5 / 97.1 97.3 98.1 +0.8 

11 VGG19 / MobileNetV2 / ResNet50V2 

/ DenseNet121

95.3 / 95.3 / 96.5/ 97.1 97.3 97.3 0 

 

By contrast, the existing ensemble method shows better performance on average with three hetero-

geneous models than with two heterogeneous models. However, in the case of the transfer learning-based 

feature fusion model, the accuracy performance is similarly leveled between the two heterogeneous 

model and the three heterogeneous model combinations. 

Next, in the case of the existing ensemble method, it can be confirmed that there is almost no ensemble 

effect with imbalanced models, in which the classification accuracy between the combined models differs 

by 1% or more, such as Models #2, #3, #4, and #5. Conversely, the transfer learning-based feature fusion 

model demonstrates that classification accuracy improvement is achievable even for the combinations of 

the imbalanced models. In addition, the combination of VGG19, ResNet50V2, and DenseNet121 among 

the feature fusion model combinations mainly affects the improvement of classification accuracy perfor-

mance. In general, it can be observed experimentally that the combination including MobileNetV2 has a 

relatively small performance improvement. 

Finally, as shown in Fig. 4, the transfer learning-based feature fusion model combination that showed 

the highest classification accuracy improvement compared with the existing ensemble method was the 

combination of VGG19 and DenseNet121, which improved the classification accuracy by 1.3% while 

overcoming the imbalance in each model performance. The combination that showed the best classifi-

cation accuracy among the transfer learning-based feature fusion models was that of three heterogeneous 

models, MobileNetV2, ResNet50V2, and DenseNet121, which recorded the highest classification 

accuracy of 98.1%. 
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Through the above results, it was confirmed for the transfer learning-based feature fusion model that 

the diversity of features fused from heterogeneous models rather than the combination between the num-

ber of heterogeneous models and models with excellent performance affects the performance improve-

ment of the classification accuracy of the maneuver weapon system. 

 

 
Fig. 4. Results of performance analysis between the ensemble method and the proposed transfer learning-

based feature fusion model. 

 

 

5. Conclusion 

It can be experimentally observed that the transfer learning-based feature fusion model proposed in 

this paper can overcome the limitations of the existing ensemble methods, such as excessive resource 

input to find the optimal combination of performance models and the relatively small performance 

improvement effect when ensemble of two performance-imbalanced models is implemented. In addition, 

when the same model combination as the previous ensemble method was applied to the proposed method, 

the performance improvement effect was confirmed to be superior to that of the existing ensemble 

method. Thus, it was confirmed that the transfer learning-based feature fusion model was more effective 

in classifying the maneuver weapon systems than the existing ensemble methods. 

In the near future, we plan to expand the performance analysis and validation of the proposed method 
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by applying the feature-fusion-based approach to a more diverse set of pre-trained models, in addition to 

the pre-trained models used in this paper. Next, Table 3 confirms that an imbalance in classification 

accuracy finally occurs due to the performance gap between heterogeneous models during transfer 

learning. As a result, it is difficult to achieve excellent performance through an ensemble that combines 

these models with imbalanced classification accuracy. However, for the proposed approach, it can be 

seen in Table 5 that better performance can be obtained despite the combination of heterogeneous models 

with imbalance in classification accuracy. This finding indicates that the proposed feature fusion model 

can effectively address the limitations of conventional ensemble methods, highlighting its potential to 

enhance performance in transfer learning applications. Therefore, we plan to conduct research on optimi-

zed and advanced ensemble approaches based on feature fusion to overcome performance degradation 

when combining heterogeneous models with classification accuracy imbalance. 
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