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 As humans, we can easily recognize and distinguish different features of 
objects in images due to our brain’s ability to unconsciously learn from a set 

of images. The objectives of this effort are to develop a model that is capable 

of identifying and categorizing objects that are present within images. We 

imported the dataset from Keras and loaded it using data loaders to achieve 
this. We then utilized various deep learning algorithms, such as visual 

geometry group (VGG)-16 and a simple net-random forest hybrid model, to 

classify the objects. After classification, the accuracy obtained by VGG16 and 

the hybrid model was 84.7% and 89.6%, respectively. Therefore, the proposed 
model successfully detects objects in images using a simple net as a feature 

extractor and a random forest for object classification, achieving better 

accuracy than VGG16.  
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1. INTRODUCTION 

Computers have a unique way of interpreting visuals. While human brains understand images, 

computers break them into numerical values and use algorithms to identify significant elements in still photos, 

videos, graphics, and live feeds. This process is known as computer vision. Image processing algorithms 

computers can interpret and comprehend visuals from a single or series of pictures. Figure 1 shows the various 

object detection in an image. By analyzing and filtering millions of user-uploaded photos, machine vision can 

accurately detect people and automobiles on the road [1].  

Numerous companies are investing in image recognition technology to analyze visual data as 

computer vision advances. This technique is utilized in various fields, such as medical picture analysis, 

autonomous object identification in automobiles, and facial recognition in security systems [2]. Using machine 

vision, artificial intelligence (AI), and trained algorithms, a program or system can identify objects, people, 

locations, and activities in photographs [3]. Image recognition has become increasingly popular due to 

advancements in machine learning and processing capacity [4]. The aim is to locate and recognize objects 

within an image. Classification involves determining the object type within the bounding box [5]. Object 

identification can be challenging due to occlusion, clutter, item appearance, size, and orientation differences. 

Object recognition methods use image processing, machine learning, and computer vision techniques [6], [7].  

https://creativecommons.org/licenses/by-sa/4.0/
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Object detection has numerous industrial and field applications. Many surveillance systems use object 

detection to monitor the real-time movement of people, vehicles, and other objects. It is also crucial to 

autonomous driving systems, which must recognize and track other cars, pedestrians, and obstacles to ensure 

safe navigation [8].  

 

 

 
 

Figure 1. Object detection in an image 

 

 

Object detection is also used in medical imaging to locate tumours, lesions, and other pathological 

signs, aiding diagnosis and therapy planning. In addition to these applications, object detection is utilized in 

agriculture to identify crops, monitor plant health, and track crop growth. It is also used in sports analytics to 

monitor player and ball movement throughout games, assisting coaches and analysts in creating better team 

strategies. Art and cultural heritage applications employ object detection to identify and evaluate objects within 

paintings, sculptures, and other artefacts [9]. This technology enables researchers and historians better to 

understand these objects’ historical significance and cultural importance.  

 

 

2. RELATED WORK 

Sultana et al. [1] studied object identification models like region-based convolutional neural networks 

(RCNN) and RefineDet, which can be classified into one-stage and two-stage methods. Several new models 

have given researchers hope for quicker and more accurate real-time item detection. Haque et al. [2] proposed 

a visual geometry group (VGG)-residual network (ResNet) network object identification model that reduced 

the VGG network training error and improved tiny item detection. The model combined the VGG and ResNet 

network to decrease layer size and training error. The upgraded convolutional architecture of the model 

performed well, with an object detection accuracy of 85.8%. Radovic et al. [3] suggested a convolutional neural 

networks (CNN)-based object identification model for aerial images. The you only look once (YOLO) platform 

uses a CNN to follow, recognize, and classify unmanned aerial vehicles (UAV) video streams in real time. 

Despite having 84% accuracy in detection and classification, the YOLO platform is more efficient than typical 

machine learning methods. It is perfect for UAV autonomous flying. Galvez et al. [7] suggested a CNN model 

for object detection. This model used CNN to recognize environmental items. Single shot detector (SSD) with 

MobileNet offers great detection speed but poor accuracy, whereas faster-RCNN with InceptionV2 has low 

speed but higher accuracy. SSD with MobileNet is ideal for detecting objects quickly, particularly in real-time 

applications. For high-accuracy detection, one should use faster-RCNN with InceptionV2. 

Kang et al. [8] proposed using tubelets with CNN for video object detection (VOD). This model 

introduced a deep learning (DL) framework for video object recognition using temporal information. This 

framework won the VOD challenge with given data and performed well on ImageNet object identification 

from video. Yu et al. [9] presented an advanced object detection network unit box. This study examined the 

unique bounding box prediction loss, intersection over union (IoU). Instead of four independent variables, the 

IoU loss layer regresses an object candidate’s bounding box, speeding computation and improving object 
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localization. They also presented the UnitBox, a sophisticated object identification network for face recognition 

that performs world-class based on IoU loss. In their research on image classification, Tammina [10] utilized 

transfer learning along with VGG16 and deep CNN. The pre-trained model information was used in this study 

to achieve Gao et al. [11] introduced deep spatial feature transformation (DSFT) for oriented aerial object 

detection. They used DSFT networks to identify objects in aerial photos. They found that the aerial detector 

requires a lot of rotating data since ordinary CNNs cannot represent direction change. They also presented the 

polarization function to construct essential feature selection and detection features. 

Mohsin et al. [12] surveyed deep neural networks and algorithms for defect detection. They wanted to 

understand the functioning of the latest industrial Technologies for detecting faults in quality control and how 

they can be applied in more complex ways. They also discussed improving inference performance, model 

correctness for tiny errors, network design for deployment on low-resource devices, and deep model training 

with less processing power. Shankar et al. [13] worked on images to retrieve the data by using a genetic 

algorithm. Their model reduces the time interval and increases precision using the content-based image retrieval 

(CBIR) model. Alharthi et al. [14] presented 3-dimensional convolutional networks (C3D)-based on massive 

crowd abnormal behavior recognition. They evaluated ways to improve aberrant behaviour detection using the 

Hajj crowd dataset. They explored DL algorithms to categorize Hajj dataset videos as anomalous. The C3D 

model achieved excellent F1-score, precision, and accuracy on the test set, with scores of 0.90, 0.89, and 0.88. 

Kahler et al. [15] proposed an AI-based approach to detect surface defects in aviation components for 

rectification. They presented a defect monitoring system for landing gear components using AI to identify the 

endpoint of the process. Song et al. [16] used an objective and synthetic data-trained YOLOv4 object detection 

network to detect corrosion, monitor grinding, and offer feedback when the endpoint is achieved. To manipulate 

the video database to detect duplicate videos using frames and their identification [17].  

Ahmed et al. [18] presented an internet of things (IoT)-enabled DL framework for multiple object 

recognition in aerial remote-sensing photos. The study used the pyramid scene parsing network (PSPNet) DL-

based segmentation model to separate objects using AI and achieved high accuracy rates using VGG16, 

ResNet-0, and MobileNet models. Loraksa et al. [19] proposed an SSD-VGG16-based model to identify 

cancer-causing osteosarcoma lung nodules. The study aimed to build an AI system that can recognize lung 

nodules using a straightforward model with high accuracy rates. Ma et al. [20] suggested an end-to-end  

scale-aware split-merge-enhancement network for remote sensing object recognition using various modules 

that improve object saliency, object segmentation, and feature alignment. Wang et al. [21] proposed a hybrid 

feature-aligned network (HFANet) to recognize salient objects in optical remote sensing images. The study 

used an adjacent feature-aligned module (AFAM) to integrate nearby features using unparameterized 

alignment and devised a new interactive guidance loss (IGLoss) to blend edge detection and saliency. To 

recognize objects like flower species using DL models, the authors achieved excellent results [22].  

Loganathan et al. [23] suggested using upgraded global pooling (GP)-RCNN to identify and recognize multiple 

objects. The study showed that GP-RCNN outperformed RCNN by 21% in detecting tiny and large objects.  

Shankar et al. [24] classified the voice using various machine learning models. Their work obtained 

good results compared with the existing models. Yasaswini et al. [25] identified the model to avoid road 

accidents using DL models. Abdu and Noor [26] presented a VGG16-based DL model for domestic trash 

classification to classify trash items, achieving over 96% precision appropriately. Shyam et al. [27] suggested 

an unsupervised domain adaptation technique that leverages a simulator-created synthetic dataset to ensure 

performance consistency of multi-object-tracking (MOT) algorithms over various manually annotated real 

situations. Li et al. [28] proposed a self-knowledge distillation-based few-shot object identification approach 

to reduce overfitting in few-shot object recognition. They demonstrated their method’s applicability and 

practicality using benchmark datasets. Pravallika and Baskar [29] studied using VGG16 and support vector 

machine (SVM) algorithms for brain tumour magnetic resonance imaging (MRI) image classification. VGG16 

outperformed SVM in accuracy and precision, improving the overall performance. Sajjad and Hemavathi [30] 

explored object-detecting methods and how to build models for accurate results using DL techniques.  

Yang et al. [31] proposed a method for identifying hidden objects in passive millimeter-wave images. This 

method is a one-stage anchor-free detector that is fast and accurate. It utilizes convolution techniques and 

transformer analysis. After conducting research, it was found that this approach is superior to the most 

advanced techniques in speed and accuracy. 

 

 

3. METHODOLOGY 

Machines must be able to recognize objects in images to understand and interpret the visual world, 

just like humans do. Computer vision is a field that relies on machines recognizing and identifying things in 

pictures and videos. Object detection is used in various disciplines, including robotics, to help robots 

understand and interpret visual information. Significantly improve productivity, safety, and efficiency across 

many sectors. To find objects in an input picture, the deep convolutional neural network (DCNN) VGG16 can 
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be used. The goal is to detect visual objects and create bounding boxes accurately. To train the model, tagged 

photos and object annotations should be used. The ultimate objective is to achieve high object detection 

accuracy with minimal false positives and negatives. Applications such as autonomous driving, picture 

segmentation, and object identification are mainly used. 

 

3.1.  Objectives 

The main goal is to recognize objects in photos and sort them into specific categories. The primary 

objectives are to detect objects from a greater distance and in the shortest possible time. Compared to earlier 

models, the aim is to categorize objects into more categories. The objective is to identify objects in low-quality 

images without converting them into high-quality photos. 

 

3.2.  Dataset 

The Canadian Institute For Advanced Research (CIFAR-10) provides images commonly used to train 

machine learning and computer vision algorithms. This dataset is one of the most popular choices for this 

purpose. Machine learning algorithms that identify objects in images learn by example, and CIFAR-10 pictures 

are beneficial for this type of training. The dataset is designed to help computers distinguish between different 

objects in images, and it is an excellent resource for researchers who want to test multiple algorithms. The 

pictures in CIFAR-10 are relatively low-resolution (32×32), which makes them particularly useful for testing 

different CNN. 

 

3.2.1. Dataset description 

CIFAR-10 contains 60,000 32×32 color pictures in 10 categories. Figure 2 shows that airplanes, cars, 

birds, cats, deer, dogs, frogs, horses, ships, and trucks each have 6,000 photos. The dataset contains 50,000 

training and 10,000 test photos. Five batches of 10,000 training pictures exist. One set of 1,000 test photographs 

per category is used. The training photos are randomly sorted, with some batches having more of one type. 

Every training batch has 5,000 photos from each category. CIFAR-10 contains 60,000 32×32 color pictures in 

10 categories. Figure 2 shows that airplanes, cars, birds, cats, deer, dogs, frogs, horses, ships, and trucks each 

have 6,000 photos. The dataset contains 50,000 training and 10,000 test photos. Five batches of 10,000 training 

pictures exist. One set of 1,000 test photographs per category is used. The training photos are randomly sorted, 

with some batches having more of one type. Every training batch has 5,000 photos from each category.  

 

 

 
 

Figure 2. Sample dataset for object detection 
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3.3.  Models used 

To reach the objective of this work, we used VGG16, YOLO-v3, YOLO-v4, and the proposed model, 

which consists of simplenet-random forest models. For these models, we have evaluated various performance 

metrics. Those are accuracy, precision, recall, and F1 score. This section describes each model clearly to help 

the reader understand this work. 

 

3.3.1. VGG16 

VGG16 is a DCNN architecture developed by the Oxford visual geometry group. The network was 

trained using ImageNet, a collection of millions of tagged pictures organized into 1,000 categories. VGG16 

consists of 3 fully connected and 13 convolutional layers, and it utilizes max-pooling layers with 2×2 filters 

and a stride of 2 pixels. The convolutional layers use small 3×3 filters with 1. The network has more filters, 

ranging from 64 in the first layer to 512 in the final layer. You can find the model’s architecture in Figure 3.  

 

 

 
 

Figure 3. VGG architecture 

 

 

Algorithm 1: VGG16 

Step 1: Define the transformations for training and testing data 

Step 2: Define a function for loading training data 

a. `train_transform` is used to define the transformation. 

b. Load the CIFAR10 dataset for training using `torch-vision Datasets.’ 

c. CIFAR10`, and then use the `DataLoader` class from `torch.utils.data` to load the data.  

d. Return the data loader. 

Step 3: Create a function for loading testing data, using ̀ test_transform` to define the transformation.  

a. Load the CIFAR10 dataset for testing using ̀ torchvision.datasets.CIFAR10`, then use the 

`DataLoader` class to load the data.  

b. Return the data loader. 

Step 4: Use the functions created in step 2 and step 3 to get the train and test data loaders, 

respectively. 

Step 5: Define a dictionary class. 

Step 6: Create the Bottleneck class,  

a. Initialize the bottleneck block layers using the `init` function. 

b. Define the forward function to pass input through the bottleneck. 

Step 7: Create the Transition class 

a. Initialize the transition block layers using the `init` function 

b. Set the forward function to pass input via the transition block. 

Step 8: Create the VGG16network by initializing the VGG16network layers using the ̀ init` function.  
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a. Set the inner_channels and conv1 layers, and create dense and transition blocks using 

`_make_dense_layers.  

b. Add the final batch norm and rectified linear unit (ReLU) activation layer, and classify 

using average pooling and fully linked layers.  

c. Define the VGG16network input forward function with the appropriate parameters. 

Step 9: Create a VGG16network with the appropriate parameters. 

 
For the explanation for Algorithm 1, we need to import several libraries, including numpy, pandas, 

os, time, matplotlib, and PyTorch. We must also import related modules for data processing, model 

development, and training, such as torch and torchvision. Next, we perform data preprocessing to prepare the 

data for the model. This involves using train_transform and test_transform to perform data augmentation 

methods such as random horizontal flip, rotation, and normalization. We then use get_training_dataloader and 

get_testing_dataloader to generate data loaders for loading training and testing data batches. These functions 

preprocess the data using train_transform and test_transform transformers. 

Once the data is prepared, we move on to data visualization using Matplotlib. Here, we plot the first 

25 training data pictures, displaying images with their class names in a 5×5 grid. The next step is model 

architecture, where we implement DenseNet using PyTorch modules. The design includes a bottleneck layer, 

a transition layer, and a dense block. The bottleneck layer consists of three layers: batch normalization, rectified 

linear unit (ReLU) activation, and convolutional. After applying these layers to the input feature map, the 

output feature map is concatenated with it along the channel axis to form the final output. The transition layer 

consists of batch normalization and convolutional layers. After applying these layers to the input feature map, 

the output feature map is sent through an average pooling layer to downsample its spatial dimensions by 2. The 

bottleneck layers and the input feature map form the dense block along the channel axis bottleneck layers 

output feature maps from concatenated feature maps. Concatenating the output feature maps from each 

bottleneck layer with the input feature map along the channel axis produces the final output. 

We also use the VGG16model, which uses bottleneck, transition, and dense block layers. After one 

convolutional layer, dense blocks and transition layers make up the model. The final dense block output 

undergoes batch normalization and ReLU activation before a global average pooling layer. Final output class 

probabilities are produced by passing the global average pooling layer output via a fully connected layer. 

Finally, we train the model using the stochastic gradient descent (SGD) optimizer and learning rate scheduler. 

The training procedure involves iterating over batches of training data, calculating the forward pass,  

cross-entropy loss function, gradients, and optimizer model weight updates. After a predetermined number of 

training epochs, the model’s performance is assessed using testing data. After training, the model’s accuracy 

and loss of testing data are displayed. 

 
3.3.2. Hybrid model (simpleNet-random forest) 

The simpleNet-random forest hybrid model is an machine learning approach that improves the 

categorization of picture datasets. The model combines two techniques: SimpleNet, a CNN that extracts 

relevant features from raw picture data, and a random forest classifier, which handles high-dimensional input 

data. This hybrid model uses the strengths of both techniques to achieve better performance in picture 

classification tasks. SimpleNet effectively extracts the features from raw picture data. At the same time, the 

random forest classifier generalizes well to new cases and handles high-dimensional input data—the 

architecture of this hybrid model is presented in Figure 4.  

 
 

 
 

Figure 4. Architecture of hybrid model (simpleNet-RF) 
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Algorithm 2: Hybrid model (simplenet-random forest) 

Step 1: Import numpy, matplotlib.pyplot, RandomForestClassifier, classification_report, confusion_matrix, 

cifar10, Model, Input, Conv2D, Dense, Flatten, np_utils, EarlyStopping, and ModelCheckpoint. 

Step 2: Divide the CIFAR-10 dataset into training and testing sets using cifar10.load_data(). Divide each 

pixel value by 255 to normalize data. One-hot encode labels with np_utils.to_categorical(). 

Step 3: Use Keras’ functional API to define SimpleNet—model compilation using 

categorical_crossentropy loss, Adam optimizer, and accuracy metric. Save the best model 

throughout training using early stopping and model checkpoint callbacks. 

Step 4: Train SimpleNet using the model fit (), batch size 128, 20 epochs, and 10% validation data. Load 

the stored best SimpleNet model using model.load_weights(). 

Step 5: Use best_model.predict() to extract training and test SimpleNet features. Reshape retrieved 

features to a 2D array using reshape, 

Step 6: Train a Random Forests model using RandomForestClassifier(), 100 estimators, entropy criteria, 

and 42 random states. Test the Random Forests model using classification_report() and 

confusion_matrix(). 

Step 7: Chart loss and accuracy using matplotlib. Pyplot. 

Step 8: Use matplotlib. Python uses the Random Forests model to show the accurate and predicted labels 

for the first 10 test photos. 
 

− Algorithm explanation 

The explanation for Algorithm 2 is that the process involves using the CIFAR-10 dataset to develop 

a DL model known as simpleNet. This model is then used to extract features from the dataset, after which the 

images in the dataset are classified using a random forest classifier based on the retrieved features. The NumPy, 

matplotlib, and Keras modules are imported for the CIFAR-10 dataset, model architecture components, and 

callback methods to begin the process. The scikit-learn’s random forest classifier, classification report, and 

confusion matrix (CFM) functions are also imported. The CIFAR-10 dataset is loaded and normalized, and the 

labels are one-hot encoded using np_utils.to_categorical. The simpleNet model comprises six convolutional 

layers and a dense output layer with ten units per CIFAR-10 class. The model uses categorical cross-entropy 

as the loss function, Adam optimizer, and accuracy metric. 

The simpleNet model is trained on CIFAR-10 for 20 epochs, with a batch size of 128 and a validation 

split of 0.1. If the validation loss does not improve after five epochs, training is stopped, and the best model is 

saved using the ModelCheckpoint callback method. After loading the best simpleNet model, the reshape method 

is used to flatten the training and test sets into one-dimensional arrays for feature extraction. These features then 

train a random forest classifier with 100 trees and entropy for node splitting. The classification report and CFM 

functions are used to output the test set picture labels the trained random forest classifier predicted. The approach 

also displays simpleNet model loss and accuracy curves during training. Finally, the algorithm runs over the 

first 10 test photos, indicating the actual and predicted labels and showing the image using matplotlib. 

We initially imported the dataset from Keras and loaded it using dataloaders. Data preparation involved 

using train_transform and test_transform after data collection. These transformers employ random horizontal flips, 

random rotation, and normalization to prepare data for the model. Finally, we used get_training_dataloader and 

get_testing_dataloader to construct the training and testing data loaders. After splitting the data, we used DL 

techniques like VGG16 and a hybrid model (simpleNet-random forest) to recognize objects in images. We 

evaluated the outcomes using accuracy metrics, which showed that the hybrid model had an accuracy of 89.6%. 
 

 

4. RESULTS 

The dataset is preprocessed after collection. Data preparation involves using train_transform and 

test_transform to train and test the model by loading batches of preprocessed data. The best simpleNet model is 

loaded, and the reshape method is used to flatten the training and test sets into one-dimensional arrays to extract 

features. These features are then utilized to train a random forest classifier with 100 trees and entropy for node 

splitting. The classification report and CFM functions output the test set picture labels predicted by the trained 

random forest classifier. We discovered that VGG16 has an accuracy of 84.7%, while the hybrid model 

(simpleNet-random forest) has an accuracy of 89.6%. Therefore, the hybrid model is 89.6% more accurate.  

 

4.1.  Confusion matrix for VGG16 

The CFM for the proposed system VGG16 is shown in Figure 5. The validation curves for VGG16 

are shown in Figures 6 and 7. Using this CFM makes it easy to evaluate the performance of metrics to predict 

accurate results. For that purpose, we have calculated the CFM. Accuracy and loss for VGG16 are also shown 

in Figures 6 and 7.  
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Figure 5. CFM for VGG16 
 

 

 
 

Figure 6. Validation curve of accuracy for VGG16 
 

 

 

 

Figure 7. Validation curve of loss for VGG16 
 

 

4.2.  Confusion matrix for hybrid model (simpleNet-random forest) 

The CFM for the hybrid model is shown in Figure 8. The validation curve for the hybrid model is 

shown in Figure 9. The performance metrics used in this work are shown in Table 1. Using this CFM makes it 

easy to evaluate the performance of metrics to predict accurate results. For that purpose, we have calculated 

the CFM. Accuracy and loss for hybrid models are also shown in Figure 9. 
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Figure 8. CFM for hybrid model 
 

 

 
 

Figure 9. Validation curves for the hybrid model 
 

 

Table 1 observed that accuracy was 89.6%, precision was 76%, recall was 78.5%, F1-score was 81%, 

and Matthews correlation coefficient (MCC) got 0.82% for the proposed model by comparing it with existing 

models. From Table 1, the obtained values for accuracy are shown in Figure 10, the performance metrics like 

precision, recall, and F1-score graph are shown in Figure 11, and the graph for MCC is shown in Figure 12. 

The outcomes are evaluated based on accuracy, precision, and recall when testing data to make predictions. 

The best model is recommended after comparing the predictions made by different algorithms. Among the 

suggested techniques, VGG16 achieved a classification accuracy of 84.7%, while the hybrid model  

(simpleNet-random forest) attained an accuracy of 89.6%. Based on the results, the hybrid model performed 

better between the two methods. 
 

 

Table 1. Performance of the model 
S. No Model Accuracy Precision Recall F1-score MCC 

1 VGG16 84.7 72.3 73.5 75 0.68 

2 YOLO-v3 82.8 71 69.8 73.4 0.71 

3 YOLO-v4 85.7 74.2 75.6 79 0.74 

4 Proposed model (SimpleNet-random forest) 89.6 76 78.5 81 0.82 

 
 

  
 

Figure 10. Graph for accuracy with various models 
 

Figure 11. Graph for various performance metrics 
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Figure 12. Graph for MCC with various models 

 

 

The input photos are depicted in Figure 13(a), while the cropped ones are shown in Figure 13(b). We 

excluded blurry photos by trimming them. The cropped pictures are displayed in Figure 13. To identify and 

count items, we developed custom YOLOv4 functions. A high confidence score implies a high probability that 

the detected item is a member of the class that YOLOv4 predicted. Utilizing a threshold allowed us to exclude 

detections with a low confidence level. 

 

 

  

 
 

 

 

 

 

 

 

(a) (b) 

 

Figure 13. Output screens for the images as given in (a) input images and from that (b) output images 
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5. DISCUSSION 

When it came to picture classification, the prior technique was used, and just a few training examples 

were required for each category. The purpose of classifying the pictures using CNN depended on the process 

of passing the input images through many different layers, including convolutional, pooling, flattening, and 

fully connected layers. On the other hand, the system had a low level of accuracy when it came to identifying 

things in photographs and was ineffective when assigning objects to the appropriate categories. Utilizing the 

VGG16 model and the CIFAR-10 datasets, which are comprised of ten different classes, is the recommendation 

that has been made to enhance the object identification system. A pre-trained model known as VGG16 can 

adequately distinguish between a wide variety of items based on a substantial collection of photographs. The 

network incorporates convolutional filters into its operations to extract features of varying sizes and resolutions 

from an input picture. These characteristics are subsequently processed via ultimately linked layers to 

determine whether or not the items in the picture are present and where they are located. Transfer learning is 

another prominent method that may be used to decrease the amount of time and data required for training. This 

method includes employing a model that has already been trained to train on fresh datasets. Generally, the 

suggested object detection system uses VGG16 to perform feature extraction and object prediction. The 

advanced deep neural network known as VGG16 exhibits exceptional accuracy when identifying objects in 

photos of varying sizes and degrees of orientation. 

 

 

6. CONCLUSION 

We proposed a method that utilizes DL techniques such as VGG16, implement, and random forest 

classifier to identify objects in CIFAR-10 images. These models can handle input sizes effectively. We tested 

various methods on a Keras dataset and compared the classification accuracy of VGG16 and a hybrid model 

(simpleNet-random forest). The VGG16 method achieved 84.7% classification accuracy, while the hybrid 

model achieved 89.6%, indicating it was more accurate. Based on our results, we can say that our system can 

detect objects in CIFAR-10 dataset images with 89.6% accuracy. 
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