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Vehicle detection plays a vital role in Intelligent Transportation 
Systems (ITS). However, shadows present a significant challenge to the 
accuracy of traffic monitoring systems, often leading to the 
misclassification of shadows as vehicle components, distortion of 
object shapes, and compromised detection precision. Addressing this 
issue is crucial for enhancing the performance of ITS, as effective 
shadow detection and removal can improve vehicle detection accuracy, 
optimize traffic flow management, strengthen safety measures, and 
provide more reliable data for informed decision-making. This study 
proposes an improved approach to shadow removal that integrates the 
Gaussian Mixture Model (GMM) for vehicle detection with shadow 
removal using the HSV colour model, further refined by the Graph Cuts 
algorithm for improved segmentation. The video dataset used in this 
study is from the public Kaggle repository. The initial stage of shadow 
removal utilized the HSV colour model to process foreground features, 
followed by frame segmentation with Graph Cuts to eliminate residual 
shadow outlines, addressing the limitations of the colour model-based 
method. Comparative analysis revealed that incorporating Graph Cuts 
significantly enhanced shadow removal performance. The proposed 
algorithm achieved an average shadow detection rate of 92.10% 
without Graph Cuts and 98.25% with Graph Cuts. Furthermore, the 
method consistently maintained shadow discrimination rates 
exceeding 99% across all vehicle colours. These experimental results 
underscore the efficacy of the proposed framework in eliminating 
vehicle shadow outlines and enhancing the accuracy of vehicle 
detection, offering a robust solution for ITS applications. 
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1. Introduction 

In recent years, roads have been an essential mode of transportation; there has been an annual increase in the 
number of events that occur on them worldwide [1]. Therefore, Intelligent Transportation Systems (ITS) for 
vehicle detection are receiving growing attention. ITS utilises advanced data transmission technologies to combine 
communication, computing, information, and other systems in the transportation industry [2]. To obtain accurate 
and reliable data, video analysis plays an important role in managing traffic and analysing traffic flow. This 
includes the use of technologies that can identify moving objects, track objects through a series of images, classify 
the tracked targets, and analyse the behaviours of objects [3].  

The presence of shadows is one of the challenges to developing an effective traffic monitoring system [4]. 
When detecting moving vehicles, shadows are often incorrectly identified as part of the vehicle. This leads to the 
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loss of objects or alteration of their shape, resulting in incorrect data. Addressing this issue is crucial for enhancing 
the performance of ITS, as effective shadow detection and removal can improve vehicle detection accuracy, 
optimize traffic flow management, strengthen safety measures, and provide more reliable data for informed 
decision-making. 

Numerous methods have been conducted on object detection and shadow removal. Many researchers [5], [6], 
[7] and [8] have conducted an improved Gaussian Mixture Model (GMM) for vehicle detection. Their research 
findings proved to achieve higher accuracy in system detection and extract relevant moving target from the video. 
Several GMM-based approaches have been proposed to effectively identify and remove shadows from moving 
objects. [9] combined GMM with visual saliency maps; results indicate that it removes shadows and reduces the 
impact of camera jitter on moving objects. [10] improved the GMM by combining texture and colour features for 
shadow removal.  

While colour models are also often used for shadow removal, notable examples include [4] and [8] studies 
using the HSV colour model in shadow removal for moving object detection. [11] proposed a cast shadow removal 
technique using YCbCr colour space shadow removal algorithm with optimised image segmentation using 
topological cuts. Some research utilising grayscale information is conducted by [3], [4] and [12]. Among the colour 
models, this study used the HSV colour model for its closer alignment with human perception of colour and its 
superior accuracy in distinguishing between objects and shadows. 

This study focuses on determining vehicle detection using GMM and performing shadow removal of the 
vehicle using the HSV colour model. Moreover, it improves the performance of vehicle shadow removal with Graph 
Cuts. In this study cast shadows will be removed from the detected vehicle. The video sample included in this 
research is gathered from the available highway traffic recordings on Kaggle [13], focusing on outdoor highway 
traffic conditions during daytime under a clear sky. Vehicle detection and shadow removal methods are applied 
using OpenCV in Python programming language in Jupyter Notebook. The proposed method based on GMM and 
HSV colour space with Graph Cuts is expected to improve image segmentation and effectively remove shadow 
regions, thereby enhancing the accuracy of vehicle detection.  

2. Methodology 

This section presents methods for vehicle detection and shadow removal in video surveillance systems. Phase 1 
involves the use of Gaussian Mixture Model (GMM) for detecting moving vehicles and updating the foreground 
frame. Phase 2 focuses on shadow removal, which is achieved through the implementation of an algorithm based 
on the HSV colour space. To enhance shadow removal accuracy, Phase 3 applies a Graph Cuts algorithm to the 
processed image. Lastly, the image output performance is analysed, and conclusions are made. All the processes 
in this study can be summarized as in flow chart in Fig. 1. 
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Fig. 1 Flowchart of the research methodology 
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2.1 Phase 1: Vehicle Detection 

Gaussian Mixture Model (GMM) is implemented in background subtraction to detect vehicles in motion. Suppose 
the recent history of each pixel is {𝑥1, 𝑥2, … , 𝑥𝑡}, and the probability of identifying the current pixel value is defined 
as: 
 

𝑃(𝑥𝑡) =∑𝑊𝑖,𝑡 ∙ 𝜂(𝑥𝑡 , 𝜇𝑖,𝑡 , ∑𝑖,𝑡)

𝐾

𝑖=1

 (1) 

 
where K is the number of distributions. 𝜇𝑖,𝑡  represents the mean value of the 𝑖-th Gaussian,

 
𝑊𝑖,𝑡  represents an 

estimate of the weight of the 𝑖-th Gaussian in the mixture at time 𝑡, ∑𝑖,𝑡  denotes the covariance matrix of the 𝑖-th 

Gaussian, and  𝜂(𝑥𝑡, 𝜇𝑖,𝑡 , ∑𝑖,𝑡) represents a Gaussian probability density function: 

 

𝜂(𝑥𝑡 , 𝜇𝑖,𝑡 , ∑𝑖,𝑡) =
1

(2𝜋)
𝑛
2 ∙ |∑𝑖,𝑡|

1
2

∙ 𝑒−
1
2
(𝑥𝑡−𝜇𝑖,𝑡)

𝑇
∙∑ (𝑥𝑡−𝜇𝑖,𝑡)
−1
𝑖,𝑡  (2) 

 
where n indicates the pixel intensity dimension. The covariance matrix is assumed as follows: 
 

∑𝑖,𝑡 = 𝜎𝑖,𝑡
2 𝐼 (3) 

 
where 𝐼 is the image sequences obtained at time 𝑡 and 𝜎 𝑖,𝑡

2  represents the variance of the 𝑖-th Gaussian at time 𝑡. 

The GMM assumes that the pixel values for RGB colour, that is red, green, and blue have equal variance and are 
mutually independent. This assumption can prevent the need for a computationally expensive matrix inversion 
up to a certain level of accuracy. 

The process of estimating the background model begins by comparing each pixel value to the current Gaussian 
distribution value K and stops when a match is found. A pixel value that falls within a range of 2.5 standard 
deviations from the distribution is deemed to be a match. If the distribution of matches discovered for the new 
pixel value does not correspond to one of the background models, it is classified as the foreground. Otherwise, it 
is the background. As the background model, the B Gaussian distribution is selected and surpasses a specific 
threshold, expressed as: 

𝐵 = 𝑎𝑟𝑔𝑚𝑖𝑛(∑W𝑖 > 𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑

𝑏

𝑖=1

) (4) 

 
The Gaussian models needed to be updated when it matched the current pixel. For the matched models, the 

parameters are updated as follows: 
 

𝑊𝑖,𝑡 = (1 − 𝜅)𝑊𝑖,𝑡−1 + 𝜅(𝑁𝑖,𝑡) (5) 

𝜇𝑡 = (1 − 𝜌)𝜇𝑡−1 + 𝜌(𝑥𝑡)
 

(6) 

𝜎𝑡
2 = (1 − 𝜌)𝜇𝑡−1

2 + 𝜌(𝑥𝑡 − 𝜇𝑡)
𝑇(𝑥𝑡 − 𝜇𝑡)

 

(7) 
 
where 𝜅 is the learning rate and 𝜌 is the second learning rate which is defined by: 
 

𝜌 = 𝜅 ∙ 𝜂(𝑥𝑡 , 𝜇𝑖 , 𝜎𝑖) (8) 
 
If the model is a match, the value of 𝑁𝑖,𝑡  is 1, while for the other models, it is 0. The mean and variance will 

remain the same, if the model is not matched. Once the weight is updated, the weight is then normalised. A new 
model is created if the current pixel does not correspond to any of the existing K Gaussian models. The Gaussian 
model with the lowest probability is substituted with a distribution that has the present value as its mean, a high 

initial variance, and a low current weight. The Gaussians are ranked by replacing the new value with 
𝑊

𝜎
 . The value 

will rise when the distribution acquires additional evidence, and the variance decreases as reported in [14]. 

2.2 Phase 2: Shadow Removal 

To achieve accurate segmented vehicle with no cast shadow, the HSV colour space is employed to detect and 
remove potential shadow pixels. HSV colour space accurately represents colours based on human perception, 
resulting in a more intuitive colour characterization. Hue (H) refers to the colour that commonly corresponds with 
a specific wavelength. Saturation (S) refers to the level of colour purity, which should fall between the highest 
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level of purity (bright colour) and the absence of colour (grey level). The value (V) represents the measurement 
of colour light intensity and should fall within the range of absolute black and white [15]. The shadow detection's 
discriminative function is expressed as follows: 
 

𝑆𝑝(𝑥, 𝑦) =

{
 
 

 
 1 𝑖𝑓 𝛼 ≤

𝐼𝑉(𝑥, 𝑦)

𝐵𝑉(𝑥, 𝑦)
≤ 𝛽

𝑎𝑛𝑑 |𝐼𝑆(𝑥, 𝑦) − 𝐵𝑆(𝑥, 𝑦)| ≤ 𝜏𝑆
𝑎𝑛𝑑 |𝐼𝐻(𝑥, 𝑦) − 𝐵𝐻(𝑥, 𝑦)| ≤ 𝜏𝐻

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (9) 

 
where 𝐼𝐻(𝑥, 𝑦), 𝐼𝑆(𝑥, 𝑦) and 𝐼𝑉(𝑥, 𝑦) refers to the H, S, and V components of the current frame pixel, respectively. 
𝐵𝐻(𝑥, 𝑦), 𝐵𝑆(𝑥, 𝑦) and 𝐵𝑉(𝑥, 𝑦) are the H, S, and V components of the background pixel. When 𝑆𝑝(𝑥, 𝑦) is 1, it 
indicates that the pixel is a shadow; otherwise, it belongs to the vehicle. 𝜏𝑆and 𝜏𝐻 represent the threshold of 
difference between saturation and hue, respectively. 𝛼 is associated with the intensity of shadow, and 𝛽 is referred 
to the intensity of light as discussed in [16] and [17]. 

2.3 Phase 3: Graph Cuts 

Lastly, Graph Cuts is applied to the final segmentation and refinement of the object contour. Graph Cuts involves 
an image represented as an array of grey values, denoted as 𝓏 = (𝓏1, … , 𝓏𝑛 , … , 𝓏𝑁) , where n is the index [18]. Each 
𝓏𝑛 represents a binary vector that indicates the assignments of pixel 𝑛 in set 𝑁. Subsequently, the binary labels 
are assigned a value of 1 for the foreground and 0 for the background. The energy cost function 𝐸(𝓏) is defined by 
the equation: 
 

𝐸(𝓏) = 𝛼𝑅(𝓏) + 𝐵(𝓏) (10) 
 
where  refers to the properties of the “region” of 𝓏 and represents the penalties associated with assigning 
the pixel  to either the “object” or the “background”.  represents the combined “boundary” characteristics 
and is understood as a penalty for lack of continuity between the pixels.  is an influencing component. The  
represents the energy cost function, and the lowest value is achieved when all the pixels in the graph are 
categorised as either “object” or “background”. 

2.4 Evaluation Metrics 

To measure the performance of the shadow detection method, two evaluation indicators proposed by [19] is 
applied: the shadow detection rate 𝛾 and shadow discrimination rate 𝜉, which are given as follows: 
 

𝛾 =
𝑇𝑃𝑆

𝑇𝑃𝑆 + 𝐹𝑁𝑆
× 100% (11) 

𝜉 =
𝑇𝑃𝐹

𝐹𝑁𝐹 + 𝑇𝑃𝐹
× 100% (12) 

 
where the subscript F stands for foreground and S for shadow. 𝑇𝑃𝑆 and 𝑇𝑃𝐹 , respectively, denote the number of 
true positive shadow pixels and foreground object pixels. Likewise, 𝐹𝑁𝑠 and 𝐹𝑁𝐹 , respectively, indicate the 
number of false negative shadow pixels and foreground object pixels [15]. 

2.5 Computational Algorithm 

The Gaussian mixture model algorithm has been implemented to detect moving vehicles in a video. A video is 
inputted into the algorithms and extracted as frames for further processing. In each video frame, the foreground 
of the moving vehicle is obtained. Furthermore, the frame is converted to HSV colour space to remove the moving 
vehicle's shadow. The shadow region is detected and removed by defining the HSV values range in these shadow 
regions. Graph Cuts is an image segmentation technique. Initially, we draw a rectangle around the foreground 
region. Everything outside the rectangle will be recognized as background. Then, the algorithm segments the 
foreground object iteratively to obtain the outcome. The Graph Cuts was added to the algorithm to increase 
shadow removal performance further. The steps are as follows: 
 

 Phase 1: Vehicle detection 
 Step 1: Define parameters for the Gaussian Mixture Model (GMM) to separate foreground (vehicles) and 

background. 
 Step 2: The GMM was applied to identify foreground and background regions for each frame 
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 Step 3: Morphological operation is applied to clean up the noise in the foreground mask 
 Step 4: Save the cleaned-up foreground frame as an output image. 
 Step 5: Read the next frame and steps 2 to 4 were repeated. Stop when no more frames are available. 
 Phase 2: Shadow removal 
 Step 6: Frames with clear visibility and minimal motion blur were selected 
 Step 7: A rectangular bounding box is drawn tightly around the selected foreground object (vehicle) 

with a shadow in each selected frame 
 Step 8: The frame is converted from RGB to HSV color space for shadow detection 
 Step 9: HSV thresholds (lower and upper bounds) were defined to identify shadow regions. 
 Step 10: Detected shadow regions were subtracted from the foreground mask (Phase 1) to isolate the 

foreground object without shadows. 
 Phase 3: Improving Accuracy with Graph Cuts 
 Step 11: Shadow-free frames from Phase 2 is selected for further refinement. 
 Step 12: A rectangular bounding box is drawn tightly around the selected foreground object (vehicle) 

without shadow in each selected frame. 
 Step 13: Graph Cuts algorithm is applied to enhance the accuracy of the shadow removal. 
 Step 14: The refined foreground object is saved as the final output. 
 Step 15: Steps 12 to 14 are repeated for other selected frames. 

3. Results and Discussion 

This study uses the Gaussian Mixture Model (GMM) to detect moving vehicles. HSV colour model is used to identify 
shadows. Then, the outcome is further improved by applying Graph Cuts. The effectiveness of the proposed 
method in identifying moving vehicles and shadow removal in different car colours is demonstrated. Additionally, 
comparisons are conducted to evaluate the improvements in detection when the Graph Cuts is applied. 

3.1 Performance of Different Vehicle Colours 

In this study, an investigation of a traffic monitoring video dataset retrieved from Kaggle [13] is performed to 
evaluate the proposed method. Vehicle detection will first be conducted using the Gaussian Mixture Model (GMM) 
and producing a binary frame where the moving foreground will become white, whereas the background will be 
black. Fig. 2(a) shows the original frame before GMM. Fig. 2(b) shows the binary map of the foreground object 
detected using GMM. 
 

 

 

 

 

 

Fig. 2 (a) Original frame72 retrieved from Kaggle [13]; (b) Binary map of the foreground object 

Before conducting the shadow removal on the vehicle, a rectangular bounding box is drawn to isolate a 
specific vehicle colour within the frame to focus on its binary map and exclude irrelevant regions. A white car in 
Fig. 3(a) has been selected to evaluate the performance of the proposed shadow removal method as shown in Fig. 
3. GMM is then applied to detect the white vehicle from the video and generate a binary map frame, as illustrated 
in Fig. 3(b). The binary map of the shadow region is determined using the HSV colour model, as shown in Fig. 3 
(c). Finally, the shadow region is removed by subtracting it from the foreground. The final binary map of the white 
car, following shadow removal, is presented in Fig. 3(d). 

 

    
(a) (b) (c) (d) 

Fig. 3 (a) Original frame; (b) Detected foreground; (c) Binary map of shadow region; (d) Binary map after 
shadow removal 

  
(a) (b) 
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The process of shadow removal is applied uniformly across vehicles with different colours, following the same 
steps and methodology. This study evaluates shadow removal in vehicles using Kaggle video datasets. The colours, 
including white, silver, red, green, beige, silvery blue, dark pink, blue, dark blue, dark red, and black, are listed in 
ascending order of brightness value, starting from the lighter colour and progressing to the darker colour. Shadow 
detection rate (11) measures the accuracy of an algorithm in identifying shadow pixels, while the shadow 
discrimination rate (12) measures the correct classification of non-shadow regions. In Table 1, the result for each 
respective vehicle colour is shown. Table 2 shows the result of shadow removal performance for each respective 
vehicle colour. 

Table 1 Result for a vehicle after shadow removal 

Vehicle 
Colour Foreground object 

Foreground object 
after shadow 

removal 

Vehicle 
Colour Foreground object 

Foreground object 
after shadow 

removal 
White 

  

Dark 
pink 

  
Silver 

  

Blue 

  
Red 

  

Dark 
blue 

  
Green 

  

Dark red 

  
Beige 

  

Black 

 

  
Silvery 
blue 

  

   

 
 
 
 



86 Enhanced Knowledge in Sciences and Technology Vol. 5 No. 2 (2025) p. 80-89 

 

 

Table 2 Shadow removal performance result 

Vehicle Colours Shadow detection rate (𝛾) 
Shadow discrimination rate 

(𝜉) 

White 0.8904 0.9964 

Silver 0.8998 0.9986 

Red 0.9026 0.9964 

Green 0.9033 0.9914 

Beige 0.9248 0.9970 

Silvery blue 0.9545 0.9975 

Dark pink 0.9438 0.9934 

Blue 0.8756 0.9991 

Dark blue 0.9551 0.9938 

Dark red 0.9257 0.9937 

Black 0.9559 0.9927 

 
Based on Table 2, all darker-coloured vehicles have higher shadow detection rates compared to lighter 

vehicles' colours, are likely due to shadows creating a reduction in light. On darker surfaces, this reduction is more 
pronounced because there is a heightened contrast between the shadow and the darker colour of the car. However, 
blue as a darker coloured has the lowest shadow detection rate due to its specific tone blending with the shadow 
regions. Observing Table 1, dark blue and dark pink vehicles notably suffered the most significant vehicle form 
loss due to their colour similarity to the grey shadow, resulting in partial removal. All colour vehicles performed 
with high shadow discrimination rates, with values consistently above 99%. Moreover, despite the high 
discrimination rates, there are still some residual shadow outlines in the images. 

3.2 Performance of Different Vehicle Colours with Graph Cuts 

The disadvantage of traditional shadow removal using colour space is that it often leaves the residual outlines of 
shadows, which can negatively impact the quality and accuracy of the processed image. To address this problem, 
the Graph Cuts algorithm is used to segment the result to remove the shadow outline. 

The process of Graph Cuts is illustrated in Fig. 4. Fig. 4(a) is the binary map result of the white car derived 
from the preceding shadow removal process in Fig. 3(d). Subsequently, a bounding box is manually defined by the 
user according to the location of the white car within the frame. This bounding box is illustrated as a green 
rectangle in Fig. 4(b), while the foreground object is highlighted in yellow by the Graph Cuts algorithm. The 
shadow region extracted during the process is illustrated in Fig. 4(c), while Fig. 4(d) shows the final output of the 
shadow removal process with the Graph Cuts algorithm.  
 

    
(a) (b) (c) (d) 

Fig. 4 (a) Binary map after shadow removal; (b) Segmentation with Graph Cuts; (c) Shadow region extracted 
with Graph Cuts; (d) Binary map after shadow removal with Graph Cuts 

The results of shadow removal, as documented in Table 1, are incorporated into Table 3 under the column 
representing the foreground object without the application of the Graph Cuts for comparison purposes. The 
results clearly indicate that the post-processed output, achieved through Graph Cuts, exhibits a cleaner 
appearance with the removal of shadow outlines. The results of the comparative analysis are presented in Table 
4. The difference in shadow detection rate is calculated by subtracting the shadow detection rate (with the Graph 
Cuts) from the shadow detection rate (without the Graph Cuts). 
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Table 3 Result for vehicle shadow removal with Graph Cuts 

Vehicle 
Colour 

Foreground object 
without Graph Cuts 

Foreground object 
with Graph Cuts 

Vehicle 
Colour 

Foreground object 
without Graph Cuts 

Foreground object 
with Graph Cuts 

White 

  

Dark 
pink 

  
Silver 

  

Blue 

  
Red 

  

Dark 
blue 

  
Green 

  

Dark red 

  
Beige 

  

Black 

  
Silver 
blue 

  

   

 
Let 𝛾1 be the shadow detection rate without Graph Cuts as from Table 2, whereas 𝛾2 is the new shadow detection 
with the application of Graph Cuts. Based on Table 4, the calculated difference 
𝛾2 − 𝛾1 , reveals that the shadow detection rate improved across all vehicle colours. The Graph Cuts algorithm 
demonstrated its effectiveness in refining the shadow removal process, regardless of whether the colour is darker 
or lighter.  
Conversely, the shadow discrimination rates remain unchanged with the Graph Cuts, indicating that the removed 
shadow outlines are part of the shadow region rather than non-shadow areas. It is evident that incorporating 
Graph Cuts improves the accuracy of shadow removal. 
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Table 4 Shadow removal performance comparison with and without Graph Cuts 

Vehicle 
Colours 

Without Graph Cuts With Graph Cuts Difference in 
shadow detection 

rate 

𝛾2 − 𝛾1  
𝛾1 𝛾2  

White 0.8904 0.9816 0.0912 

Silver 0.8998 0.9852 0.0854 

Red 0.9026 0.9865 0.0839 

Green 0.9033 0.9736 0.0703 

Beige 0.9248 0.9861 0.0613 

Silvery blue 0.9545 0.9860 0.0315 

Dark pink 0.9438 0.9906 0.0468 

Blue 0.8756 0.9586 0.0830 

Dark blue 0.9551 0.9854 0.0303 

Dark red 0.9257 0.9856 0.0599 

Black 0.9559 0.9880 0.0321 
 

4. Conclusion 

Traffic monitoring has long been a critical application in transportation planning and engineering, serving to 
extract valuable and accurate traffic data for traffic image classification and flow control. Effective vehicle 
detection necessitates the removal of shadows cast by vehicles. This study proposed a shadow removal method 
based on the Gaussian Mixture Model (GMM) and enhanced using HSV colour space combined with the Graph Cuts 
algorithm to improve shadow detection and removal. The proposed approach has been shown to be effective in 
achieving high shadow detection and discrimination rates. Compared to lighter vehicles, all darker-coloured 
vehicles have higher shadow detection rates, which is mainly due to the reduction of shadows, making darker 
surfaces more noticeable. The results from the investigation, as demonstrated in Table 4, show an increase in 
shadow detection rate when comparing the method without Graph Cuts to the method with Graph Cuts, 
highlighting the method's robustness and effectiveness in shadow removal. Consequently, all objectives of the 
study were successfully achieved. 

However, the Graph Cuts method has certain limitations. It assumes the presence of a single foreground object 
within a specified rectangular region, rendering it unsuitable for scenarios involving multiple distinct objects, such 
as frames containing multiple vehicles. Additionally, its performance is highly dependent on the accuracy of the 
initial bounding box, which may compromise results if the bounding box is inaccurately defined. 

A recommendation for future work is to develop a more automated and real-time method for vehicle shadow 
removal to achieve more robust results. Moreover, future studies should consider exploring the combined 
characteristics of road surfaces and shadows, as this could provide a deeper understanding and refinement of 
shadow removal methodologies. 
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