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 Object identification is one of the major application areas of deep learning 

that provides significantly better feature extraction and representation than 

more conventional methods of recognition. Driven by the growing 

significance of conjunction of objects detection and color interpretation in 

contemporary computer vision systems, the current work proposes an 

integrated, real-time deep learning system that completes the task of object 

localization and color analysis. It is suggested that the proposed system 

employs a faster region-based convolutional neural network (Faster R-CNN) 

with backbone of ResNet-50 and supplemented with a feature pyramid 

network to perform multi-scale feature aggregation. The model was trained 

and tested using the Pascal VOC 2012 dataset and it showed good results 

with the average precision of 0.8114, F1 of 0.6232 and IoU of 0.7096. The 

large set of experiments on different learning rates and training epochs 

allowed optimizing the detector to work well in a variety of conditions. To 

enhance even more, visualization histogram of oriented gradients (HOG) 

and gradient-weighted class activation mapping (Grad-CAM) was used to 

gain a more profound understanding of the significance of features and the 

logic behind a model. This study complements image perception with color 

by combining object recognition and color in a single architecture, which 

can result in fruitful applications in areas of autonomous vehicles, industrial 

automation, and medical imaging. 
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1. INTRODUCTION 

Object detection is one of the most important and one of the most popular tasks of computer vision 

and a fundamental field of artificial intelligence. It provides a basis for a variety of practical applications, 

such as autonomous navigation, industrial quality control, robotics, and medical diagnostics. Over the last 

few years, deep learning, particularly convolutional neural networks (CNNs) have had multiple profound 

implications on object detection, including automated learning of features and providing very robust 

classification and localization performance. Conventional computer vision methods were intensive on 

statistical models likely to fail in the presence of variability in the appearance of objects, lighting, and 

complexity of the background. With the emergence of deep learning, CNNs [1], [2] have so far transformed 

object detection by automatically acquiring hierarchical feature representations using raw image inputs. The 

https://creativecommons.org/licenses/by-sa/4.0/
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state-of-the-art object detection models like the Faster R-CNN model [3], you only look once (YOLO) [4], 

[5]. The proposed model in [6] is carried out using less memory and less processing power and processing 

mass data using Pascal VOC and Microsoft COCO datasets. Quick detection algorithm can discriminate the 

object in 0.82 and above seconds. 

However, there is a critical gap in existing literature that has not been fully used, i.e., the use of 

intrinsic object attributes, e.g. color information in these detection pipelines. The current models are mainly 

based on features of space and shape without much focus on color features which are essential in various 

practical situations. To demonstrate, one of the main distinctions in the use of color is in traffic signal 

detection, sorting of fruits in agriculture, or the scanning of defects on industrial products. The failure to pay 

attention to color may result in misclassifications in situations where color coded objects or appearance 

similar objects are separated primarily by color. Moreover, the second significant drawback of the state-of-

the-art is the inability to interpret deep learning models. Even though CNN-based detectors are highly 

performing, they are black boxes, which means that end-users in safety-critical systems (autonomous 

vehicles or medical devices) cannot rely on model output unless there is an interpretability mechanism. To 

overcome them, we introduce a new hybrid framework that will involve CNN-based object detection (Fast  

R-CNN with ResNet50-feature pyramid network (FPN) backbone), color analysis with the k-means 

clustering algorithm and explainable artificial intelligence (AI) methods through gradient-weighted class 

activation mapping (Grad-CAM) and histogram of oriented gradients (HOG) [7]. 

The remainder of this article is structured as: Section 2 provides a brief overview of related  

work. Section 3 outlines the method. In section 4 results are discussed, and finally section 6 concludes the 

article. 

 

 

2. RELATED WORK 

Recent advances in object detection technologies have been significantly improved in various fields 

and architecture. Studies [8] have shown that integrating ResNet-50 with detection with transformers (DETR) 

(a transformer-based model) achieved approximately 90% better results than traditional CNNs, while 

transformers combined with CNNs achieved an average precision (AP) of 20.6 for small objects [9]. Faster 

R-CNN has been effective in niche applications such as manga character and text detection, achieving 

metrics as high as 0.816 and 0.898, respectively [10]. Satellite imagery analysis [11] using a custom CNN 

approach achieved an accuracy of 94.65% to detect vehicles, buildings, and trees. Traffic sign detection with 

a two-stage Faster R-CNN model achieved a detection precision of 88.99% [12], while specialized 

applications such as unmanned aerial vehicle (UAV) detection showed better results with LSL Net [13]. 

Detection of household objects using ResNet50 and support vector machine (SVM) is presented in [14]. 

CNN is used to detect objects, ResNet50 is used to classify the images into objects, and then the SVM is  

used to train objects and stored in the object database. A two-phase approach combining correlative filter 

tracking and CNN showed significant improvements in study [15] for various scenarios. A Faster R-CNN 

model with a regional proposal network [16] showed strong results on benchmarks, such as MS COCO and 

Pascal VOC [17].  

The object identification algorithm based on the characteristic color with the YUV color space is 

presented in study [18]. A study - expansion algorithm to obtain the spatial distribution of the compatible 

object color characteristic. The images containing CCTV faces are segmented in study [19], experiments 

were carried out on a single face image in mask detection, resulting in an accuracy of 97.33%. Similarly, 

thermal image detection reported a mean AP (mAP) of 26.5% [20]. In other applications, an masked image 

modeling (MIM)-pretrained vanilla vision transformer (ViT) [21] encoder achieved an AP of 51.5, and vision 

transformers demonstrated promising open-vocabulary detection, achieving an AP of 31.2% on the LVIS 

v1.0 dataset [22]. Specialized underwater detection models for low-power systems, such as the Raspberry Pi, 

demonstrated by using multi-scale feature learning to improve computational efficiency [23]. Images 

captured from roads or hilly regions often suffer from poor visibility due to haze [24]. Removing this haze 

can significantly enhance color recognition. The proposed system addresses this by integrating two key 

techniques: first, it employs the dark channel prior method to eliminate haze; next, it utilizes CNN for feature 

learning. Once the features are extracted, an effective classification method, such as the SVM, is used to 

perform the final classification. Python-OpenCV [25] has proven effective in RGB color recognition for 

color detection in computer vision. Gupta et al. [26] highlight how the model utilizes deep learning and 

natural language processing techniques to generate concise descriptions of input images. Comprehensive 

review of recent advances, methods, challenges, and future directions in object detection and color 

identification, focusing on deep learning and practical applications [27]. 
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3. METHOD 

The framework as illustrated in Figure 1 introduces a real time object detection and color analysis 

object of raw images system. It is based on a Faster R-CNN framework with a ResNet-50 backbone and a 

FPN that is used to detect objects with high levels of robustness and at multiple scales. The initial stage 

involves pre-processing and augmentation of the images and then through detection network. An expert color 

recognition unit operates on the identified areas through an analysis of clustering to find the prevailing colors 

and their percentages. The system can visualize the results with boundaries, color details, and heatmaps of 

Grad-CAM, which have continuous dynamic updates, to offer better user experience. 

 

 

 
 

Figure 1. Proposed framework 

 

 

3.1.  Faster R-CNN 

Faster R-CNN (Algorithm 1) serves as the primary detection module due to its strong accuracy in 

region-based object localization. The system uses a ResNet-50 backbone with an FPN to extract rich multi-

scale features suitable for detecting objects of different sizes. A region proposal network (RPN) then 

generates candidate object regions by evaluating anchor boxes of various scales and aspect ratios and 

predicting object ness scores and refined coordinates. The top proposals are processed using region of interest 

(ROI) align, which produces spatially consistent, fixed-size feature maps, enabling precise classification and 

bounding box refinement. 

 

3.2.  Color recognition integration 

The integration of color recognition into the Faster R-CNN framework involves analyzing the ROIs 

detected by the object detection model and performing detailed color analysis for each identified object. The 

process (Algorithm 2) starts by extracting a circular region from the center of each detected object's bounding 

box, ensuring the analysis focuses on the most representative part of the object while minimizing background 

interference. This extracted region is then subjected to k-means clustering, an efficient and widely used 

algorithm for identifying dominant colors within image patches by grouping similar pixel colors into clusters 

based on their proximity to cluster centers. The number of clusters (k) can be predefined, and the center of 

each cluster represents a dominant color found in the object region. This method enables robust and 

automated color identification for each detected object, supporting tasks that require precise color 

information within object detection pipelines. 

 

3.3.  Visualization 

The framework integrates explainable AI methods HOG and Grad-CAM to improve transparency 

and interpretability in object detection and color analysis. HOG provides a traditional, hand-crafted visual 

explanation by mapping edge orientations and gradients, emphasizing shapes and contours that support object 

recognition. It allows comparison between conventional feature extraction and neural representations.  

Grad-CAM complements this by visualizing model attention using gradient-based heatmaps from deep 

networks like ResNet-50 with FPN. These maps highlight the image regions most influential in the model’s 
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classification and localization decisions, revealing how the network focuses on specific spatial features 

during detection. 

 

𝑑(𝑝, 𝑞) = √(𝛴(𝑝𝑖 − 𝑞𝑖)) 𝑓𝑜𝑟 𝑖 = 1 𝑡𝑜 𝑛 (1) 

 

The pixels within the identified region are used as inputs to the k-means algorithm (Algorithm 3) 

which clusters them into a specified number of clusters of colors with (1) (Euclidean distance) as the distance 

measure. The method allows breaking down not only one dominant color but also it gives an allocation of the 

major colors that form in the object. The most representative colors of an object are then the centroids of each 

cluster. The centers of these clusters are the most descriptive colors of the object. It has a color-naming 

component which maps the RGB values of cluster centroid to the closest named colors in a pre-existing color 

space, e.g. CSS3 color names [28], [29]. This assists in converting colors of objects into a human 

understandable format, which can be used in cases where the application requires the use of natural language 

colors. 

 

3.4.  Implementation 

Figure 2 shows the implementation of the proposed framework. The PyTorch deep learning 

framework is used in the framework. The methods used consisted of random horizontal flipping at  

50 percent frequency, random application of the rotations of ±10 degrees and brightness and contrast 

manipulation. The photos were resized to 800 pixels on the shorter dimension keeping the original aspect 

ratio to make sure that the input is as homogeneous as possible and that the significant visual information is 

not lost. The stochastic gradient descent (SGD) algorithm was used in the training stage where a momentum 

factor of 0.9 and a weight decay rate of 0.0005 were applied. In the analysis of color, k-means clustering 

algorithm is used to determine the prevailing color patterns in the detected object regions. It was 

experimentally tested that the five cluster approach (K=5) offered a good balance between computation 

efficiency and capacity to describe adequate color variability. To make the sampling constant and 

representative, a circular region is sampled out of any given observed object, and the radius is defined as a 

quarter of the lesser side of the bounding box of the object. The sampling strategy is uniform, which makes 

the method consistent in analyzing color information of objects of different shapes and sizes. All experiments 

were conducted using Python 3.10 with the PyTorch 2.x deep learning framework on a system equipped with 

an 12th gen intel(r) core(tm) i5-12500, 3000 Mhz 6 cores, 12 threads, 32 GB RAM, and Ubuntu 20.04. 

 

 

 
 

Figure 2. Flow chart 
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Algorithm 1. Object detection using Faster R-CNN 
1: Feature Extraction 

2: Extract features using ResNet50 backbone 

3: Create multi-scale feature maps using FPN 

4: Region proposal network (RPN) 

5: Generate anchor boxes 

6: Predict object proposals 

7: Filter and refine proposals 

8: Region of Interest (RoI) Processing 

9: Align multi-scale feature maps with region proposals to get RoI features 

10: Final Prediction 

11: for each RoI do 

12: Classify the RoI 

13: Refine bounding box for the RoI 

14: end for 

15: Return Results 

 

Algorithm 2. Color analysis procedure 
Require: image, bounding box 

Ensure: dominant color, color name, cluster centers, counts  

1: Extract circular region from the bounding box. 

2: Get dominant color: 

3: Reshape images to 2D and remove black pixels. 

4: if pixels are not empty then 

5: Perform k-means clustering. 

6: Calculate mean color. 

7: Find closest centroid to the mean color. 

8: Store dominant color, cluster centers, and counts. 

9: end if 

10: Return Results: 

11: if dominant color is found then 

12: Get color name from RGB value. 

13: return dominant color, color name, cluster centers, counts. 

14: else 

15: return None, None, None, None. 

16: end if 

 

Algorithm 3. k-means clustering procedure 
Require: dataset D, number of clusters k, maximum iterations max iterations 

Ensure: centroids, assignments 

1: Initialize k centroids randomly 

2: for iteration = 1 to max iterations do 

3: Assign each point in D to the nearest centroid 

4: Update centroids as the mean of the assigned points 

5: if centroids do not change then 

6: break  

7: end if  

8: end for 

9: return Final centroids, Cluster assignments 

 

 

4. RESULTS AND DISCUSSION 
The performance of our proposed framework is tabulated in Table 1. Experiment 10 (learning  

rate = 0.005 and epochs = 50) shows the highest mean precision of 0.81%, mAP 0.81%, and solid F1 score of 

0.62%, indicating that more epochs (50) at a moderate learning rate yield the best overall performance. 

Experiments 1 and 6 also show high precision and mAP (0.77% and 0.74%), suggesting that 30 epochs with 

0.005 or 0.001 learning rate also perform well. Similarly, experiment 7 (learning rate = 0.0001, epochs = 20) 

has the lowest performance in all metrics, especially with an extremely low F1 score (0. 09%) and mAP  

(0. 15%), indicating that too low a learning rate with fewer epochs leads to underfitting. Experiments 2  

(30 epochs) and 8 (50 epochs) show similar metrics, which shows that higher epochs prevent further gain 

after a point, due to early convergence. 

The Pascal VOC 2012 dataset is used for experimental purposes. This data set comprises 1 

1,530 images with 27,450 annotated ROIs and 6,929 segmentations in 20 unique object classes. The proposed 

framework effectively detected and localized objects in various settings. In Figure 3, it accurately identified a 

horse with high confidence, correctly drawing the bounding boxes. The model also recognized the horse’s 

dominant coat color as dark slate gray (RGB: 54, 54, 52), demonstrating its ability to provide detailed 

information about detected objects. Similarly, the framework demonstrated strong cow image detection in 

Figure 4, with a high confidence score of 0.97. The results show that factors such as cow posture, lighting, 

and the extent to which the animal occupies the frame can significantly influence the model’s confidence. 
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The model could be improved to perform more consistently in different variations of the same object class. 

Its color analysis system provides accurate color information, as shown by correctly identifying the ‘Sienna’ 

colors. 

 

 

Table 1. Performance metrics across experiments 
Exp. Learning rate Epochs Mean precision Mean recall Mean F1 score Mean IoU mAP 

1 0.005 30 0.7778 0.4579 0.5501 0.6873 0.7778 

2 0.005 30 0.5347 0.4769 0.4657 0.6661 0.5347 
3 0.001 20 0.6122 0.5951 0.5789 0.6700 0.6122 

4 0.010 20 0.2510 0.1231 0.1542 0.6901 0.2510 

5 0.005 20 0.5588 0.3147 0.3737 0.6514 0.5588 
6 0.001 30 0.7463 0.5802 0.6242 0.7040 0.7463 

7 0.0001 20 0.1500 0.0755 0.0988 0.6693 0.1500 

8 0.0001 50 0.5347 0.4769 0.4657 0.6661 0.5347 
9 0.005 10 0.6667 0.3446 0.4306 0.6744 0.6667 

10 0.005 50 0.8119 0.5376 0.6232 0.7096 0.8119 

 

 

 
 

Figure 3. Object detection and color identification of horse 

 

 

 
 

Figure 4. Object detection and color identification of cow 

 

 

HOG is a widely used feature descriptor in computer vision and image processing for object 

detection. HOG visualizations provide information about how an image is characterized by its edge 

orientations and intensities. Figures 5 and 6 show HOG visualization of an aircraft and a bus, respectively. In 

Figure 5, strong gradient patterns along the wings, fuselage, and tail of the plane highlight its aerodynamic 

features and show that the framework focuses on sharp edges and contours. Similarly, the HOG visualization 

in Figure 6 highlights strong horizontal and vertical gradients around key bus features like the windshield and 

headlights. This indicates that the framework identifies buses by focusing on geometric shapes and edge 

patterns, effectively using structural and angular characteristics for vehicle recognition. 
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Grad-CAM visualizations are a powerful tool for interpreting our convolutional neural network, 

revealing which areas of an image are the most influential in the model predictions. Grad-CAM heatmap in 

Figures 7 and 8 shows that the model mainly highlights the cow’s body and head. The framework focuses on 

parts of the animal rich in category-defining features and demonstrates its ability to accurately identify and 

locate cows in the image. This visualization shows that the model relies not only on the overall shape of the 

cow, but also on variations in surface patterns, colors, and textures when making its predictions. 

 

 

 
 

Figure 5. HOG visualization of plane 

 

 

 
 

Figure 6. HOG visualization of bus 

 

 

 
 

Figure 7. Grad-CAM visualization of cow 

 

 

 
 

Figure 8. Grad-CAM visualization of cow 
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5. CONCLUSION 
Finally, this study also brings a contribution to the integrated examination of object detection and 

color interpretation because of using large-scale datasets, complex augmentation methods, and the most 

recent deep learning models, including Faster R-CNN with a ResNet-50 backbone and feature pyramid 

networks. The proposed system has a high quantitative performance with a mAP of 0.8119 on the Pascal 

VOC 2012 dataset and shows resilience in a variety of object categories and demanding visual settings due to 

the integration of k-means clustering to extract dominant colors and explainable AI solutions like HOG and 

Grad-CAM. The capability of the model to give accurate object localization along with semantically 

descriptive color features makes it a useful tool in real-world applications in such fields as industrial 

inspection, autonomous systems and medical imaging. Generally, the work presents a valuable and developed 

framework that stitches the disparity between theoretical developments and practical aspects of computer 

vision needs. This framework will be extended in future directions to facilitate real-time processing, adaptive 

behavior, domain generalization and explainability thus increasing its capability to be further used in practice 

and real-life situations. 
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