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Abstract: In this paper, we propose a novel explicit image 

filter called guided filter. The filtering output is locally a 

linear transform of the guidance image. On one hand, the 

guided filter has good edge-preserving smoothing properties 

like the bilateral filter, but it does not suffer from the 

gradient reversal artifacts. On the other hand, the guided 

filter can be used beyond smoothing.  With the help of the 

guidance image, it can make the filtering output more 

structured and less smoothed than the input. We 

demonstrate that the guided filter performs very well in a 

great variety of applications, including image 

smoothing/enhancement, flash/no-flash denoising, image 

matting/feathering, dehazing. 

Index Terms: Edge-preserving filtering, bilateral filter, 

Guided filtering Introduction 

 
I. INTRODUCTION 

Most applications in computer vision and computer graphics 

involve image filtering to suppress and/or extract content in 

images. Simple linear translation-invariant (LTI) filters with 

explicit kernels, such as the mean, Gaussian, Laplacian and 

Sobel filters have been widely used in image restoration, 

blurring/sharpening, edge detection, feature extraction, etc. 

The LTI filtering kernels are spatially invariant and 

independent of image content. But usually one may want to 

consider additional information from a given guidance 

image. The pioneer work of anisotropic diffusion uses the 

gradients of the filtering image itself to guide a diffusion 
process, avoiding smoothing edges. The weighted least 

squares (WLS) filter utilizes the filtering input as the 

guidance, and optimizes a quadratic function, which is 

equivalent to anisotropic diffusion with a nontrivial steady 

state. The guidance image can also be another image besides 

the filtering input in many applications. For example, in 

colorization the chrominance channels should not bleed 

across luminance edges; in image matting the alpha matte 

should capture the thin structures in a composite image; in 

haze removal the depth layer should be consistent with the 

scene. In these cases, we regard the chrominance/alpha/depth 
layers as the image to be filtered, and the 

luminance/composite/scene as the guidance image, 

respectively. The filtering process is achieved by optimizing 

a quadratic cost function weighted by the guidance image. 

The solution is given by solving a large sparse matrix which 

solely depends on the guide. This inhomogeneous matrix 

implicitly defines a translation-variant filtering kernel. While 

these optimization-based approaches often yield state-of-the-

art quality, it comes with the price of expensive 

computational time. Another way to take advantage of the  

 

guidance image is to explicitly build it into the filter kernels. 

The bilateral filter generalized is perhaps the most popular 

one of such explicit filters. Its output at a pixel is a weighted 

average of the nearby pixels, where the weights depend on 

the intensity/color similarities in the guidance image. The 
guidance image can be the filter input itself or another 

image. The bilateral filter can smooth small fluctuations and 

while preserving edges. Though this filter is effective in 

many situations, it may have unwanted gradient reversal 

artifacts near edges. The fast implementation of the bilateral 

filter is also a challenging problem. The structure of rest of 

this paper is as follows: Literature review of guided filter is 

described in subsequent section. The proposed work is 

described in section III.  In Section IV discuss test results 

running on matlab. While conclusion of the work is drawn in 

section V. 
 

II. LITERATURE REVIEW 

A. Explicit Weighted-Average Filters 

The bilateral filter is perhaps the simplest and most intuitive 

one among explicit weighted-average filters. It computes the 

filtering output at each pixel as the average of neighboring 

pixels, weighted by the Gaussian of both spatial and intensity 

distance. The bilateral filter smooths the image while 

preserving edges. It has been widely used in noise reduction, 

multiscale detail decomposition and image abstraction. It is 

generalized to the joint bilateral filter where the weights are 

computed from another guidance image rather than the 
filtering input. The joint bilateral filter is particularly favored 

when the image to be filtered is not reliable to provide edge 

information, e.g., when it is very noisy or is an intermediate 

result, such as in flash/no-flash denoising etc. The bilateral 

filter has limitations despite its popularity. It has been 

noticed that the bilateral filter may suffer from ―gradient 

reversal‖ artifacts (unwanted sharpening of edges). The 

reason is that when a pixel (often on an edge) has few similar 

pixels around it, the Gaussian weighted average is unstable. 

In this case, the results may exhibit unwanted profiles around 

edges, usually observed in detail enhancement. Another issue 
concerning bilateral filter is its efficiency. A brute-force 

implementation takes O (N𝑟2) time with kernel radius r. 

 

B. Implicit Weighted-Average Filters 

A series of approaches optimize a quadratic cost function 
and solve a linear system, which is equivalent to implicitly 

filtering an image by an inverse matrix. In image 

segmentation and colorization the affinities of this matrix are 

Gaussian functions of the color similarities. In image 

matting, a matting Laplacian matrix is designed to enforce 
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the alpha matte as a local linear transform of the image 

colors. This matrix is also applied in haze removal. The 

weighted least squares filter in adjusts the matrix affinities 

according to the image gradients and produces halo-free 
edge-preserving smoothing. Although these optimization-

based approaches often generate high quality results, solving 

the linear system is time-consuming. Direct solvers like 

Gaussian Elimination are not practical due to the memory - 

demanding  ―filled in‖ problem. Iterative solvers like the 

Jacobi method, Successive Over-Relaxation (SOR), and 

Conjugate Gradients  are too slow to converge. 

 

C. Nonaverage Filters 

Nonaverage Filters Edge-preserving filtering can also be 

achieved by nonaverage filters. The median filter is a well-

known edge-aware operator, and is a special case of local 

histogram filters. Histogram filters have O(N) time 

implementations in a way as the bilateral grid. The Total-
Variation (TV) filters optimize an L1-regularized cost 

function, and are shown equivalent to iterative median 

filtering. The L1 cost function can also be optimized via half-

quadratic split, alternating between a quadratic model and 

soft shrinkage (thresholding). Recently a method was 

proposed to manipulate the coefficients of the Laplacian 

Pyramid around each pixel for edge-aware filtering and 

optimizing an L0-regularized cost function favoring 

piecewise constant solutions. The nonaverage filters are often 

computationally expensive. 

 

III. PROPOSED WORK 
We define the guided filter. The key assumption of the 

guided filter is a local linear model between the guidance I 

and the filtering output q. We assume that q is a linear 

transform of I in a window wk centered at the pixel k: 

𝑞𝑖 = 𝑎𝑘 𝐼𝑖 + 𝑏𝑘       ∀𝑖 ∈ 𝑤𝑘     …1 

where (𝑎𝑘 ,𝑏𝑘) are some linear coefficients assumed to be 

constant in 𝑤𝑘 . We use a square window of a radius r. This 

local linear model ensures that q has an edge only if I has an 

edge, because ∇q = a∇I. To determine the linear coefficients 

(𝑎𝑘 ,𝑏𝑘) we need constraints from the filtering input p. We 

model the output q as the input p subtracting some unwanted 

components like noise/textures: 

𝑞𝑖 = 𝑝𝑖 − 𝑛𝑖           …2 

We seek a solution that minimizes the difference between q 

and p while maintaining the linear model (1). Specifically, 

we minimize the following cost function in the window 𝑤𝑘 : 

𝐸(𝑎𝑘 ,𝑏𝑘) =  ( 𝑎𝑘 𝐼𝑖 + 𝑏𝑘 − 𝑝𝑖 
2 +∈ 𝑎𝑘

2)𝑖∈𝑤𝑘
 …3 

Here, ∈ is a regularization parameter penalizing large ak. 

Equation is the linear ridge regression model and its solution 

is given by 

𝑎𝑘 =

1

 𝑤  
 𝐼𝑖𝑝𝑖−𝜇𝑘𝑝 𝑘𝑖∈𝑤𝑘

𝜎𝑘
2+∈

  …4 

𝑏𝑘 = 𝑝 𝑘 − 𝑎𝑘𝜇𝑘…………5 

Here, 𝜇𝑘  and 𝜎𝑘
2 are the mean and variance of I in 𝑤𝑘 , 𝑤  is 

the number of pixels in 𝑤𝑘 and 𝑝 𝑘 =
1

 𝑤 
 𝑝𝑖𝑖∈𝑤𝑘

 is the mean 

of p in 𝑤𝑘 . Having obtained the linear coefficients (𝑎𝑘 ,𝑏𝑘), 

we can compute the filtering output 𝑞𝑖  by equation 1.  

GUIDED FILTER ALGORITHM 

Input: filtering input image p, guidance image I, radius r, 

regularization ɛ 

Output: filtering output q 
1: mean I = f mean (I) 

 mean p = f mean (p) 

 corr I = f mean (I.*I) 

 corr Ip = f mean (I.* p) 

2: var I = corr I - mean I . * mean I 

 covIp = corr Ip – mean I . * mean P 

3: a = cov Ip /(var I + ɛ ) 

 b = mean p – a . * mean I 

4: mean a = f mean (a) 

 mean b = f mean (b) 

5: q = mean a .* I + mean b 

f mean is a mean filter with wide variety of O(N) time 
methods. 

 

IV. APPLICATIONS AND RESULTS 

Detail Enhancement: It is the process of enhancing the 

features of interest in an image. The results using the guided 

and bilateral filters are provided. As shown in the zoom-in 

patches, the bilateral filter leads to gradient reversal artifacts. 

 
Fig 1: Detail enhancement using Guided Filter and Bilateral 

filter. 

Flash Denoising : It is the process of denoising a no-flash 

image under the guidance of its flashed version. Fig 2 shows 
a comparison using the joint bilateral filter and guided filter. 

The gradient reversal artifacts are noticeable near some 

edges in the joint bilateral filter result. 

 
Fig 2: Flash Denoising using guided filter and bilateral filter 
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Image matting: It is the process of extracting the foreground 

of an image. Our result is visually comparable with the 

closed-form solution in this short hair case (fig 3). Both our 

method and Photoshop provide fast feedback (< 1 s) for this 
6-mega-pixel image, while the closed-form solution takes 

about two minutes to solve a huge linear system. Combined 

with the global sampling method, the guided filter is the best 

performed filtering-based matting method in the 

alphamatting benchmark.  

 
Fig 3: Comparison of Image matting using Guided Filter and 

Photoshop. 

Image Dehazing: It is the process of removal of unwanted 

features such as fog, mist in an image. Here we simply filter 
the raw transmission map under the guidance of the hazy 

image (we first apply a max filter to counteract the 

morphological effects of the min filter ), and consider this as 

the filtering input of the guided filter. The results are visually 

similar (Fig 4). The zoom-in windows in Fig. 4 also 

demonstrate the structure - transferring property of the filter. 

The running time of the guided filter is about 40 ms for this 

600 x 400 image, in contrast to 10 seconds using the matting 

Laplacian matrix. 

 
Fig. 4. Haze removal. (a) Hazy image. (b) Raw transmission 

map (c) The raw transmission map is refined by the guided 
filter (d) Using the matting Laplacian (e) Recovered image 

using (c). 

 

V. LIMITATIONS 

The guided filter has a common limitation of other explicit 

filters—it may exhibit halos near some edges. ―Halos‖ refer 

to the artifacts of unwanted smoothing of edges. (On the 

contrary, ―gradient reversal‖ refers to the artifacts of 

unwanted sharpening of edges. In the literature, some studies 

do not distinguish these two kinds of artifacts and simply 

refer to them as ―halos. Halos are unavoidable for local 

filters when the filters are forced to smooth some edges. For 
example, if strong textures are to be smoothed (see Fig. 5), 

the weaker edges would also be smoothed. Local filters like 

guided/bilateral filters would concentrate the blurring near 

these edges and introduce halos (Fig. 5). Global 

optimization-based filters (e.g. the WLS filter) would 

distribute such blurring more globally. The halos are 

suppressed at the price of global intensity shifting. 

Fig 5 The Halo artifacts for guided filter, bilateral filter and 

WLS filter and input signals, filtering results on a scan line. 

 

VI. CONCLUSION 

In this paper, we have presented a novel filter which is 

widely applicable in computer vision and graphics. 
Differently from the recent trend toward accelerating the 

bilateral filter we design a new filter that exhibits the nice 

property of edge preserving smoothing but which can be 

computed efficiently and non approximately. Our filter is 

more generic than ―smoothing‖ and is applicable for 

structure-transferring, enabling novel applications of filtering 

- based feathering/matting and dehazing. Since the local 

linear model is a kind of patch-wise unsupervised learning, 

other advanced models/features might be applied to obtain 

new filters. We leave this for future studies. 
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