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Introduction:Gradient vector flow (GVF) has been proven as an e�ective external

force for active contours. However, its smoothness constraint does not take the

image structure into account, such that the GVF di�usion is isotropic and cannot

preserve weak edges well.

Methods: In this article, an image structure adaptive gradient vector flow (ISAGVF)

external force is proposed for active contours. In the proposed ISAGVF model, the

smoothness constraint is first reformulated in matrix form, and then the image

structure tensor is incorporated. As the structure tensor characterizes the image

structurewell, the proposed ISAGVFmodel can be adaptive to image structure, and

the ISAGVF snake performs well on weak edge preservation and deep concavity

convergence while possessing some other desirable properties of the GVF snake,

such as enlarged capture range and insensitivity to initialization.

Results: Experiments on synthetic and real images manifest these properties of

the ISAGVF snake.

KEYWORDS

image segmentation, active contour, gradient vector flow, image structure tensor,

di�usion tensor

1. Introduction

Snakes or active contours are dynamic curves defined within an image domain that can

move under the influence of internal and external forces [1]. Usually, the internal force comes

from the geometrical properties of the contours and the external force is computed from the

image data so that the snake will conform to an object boundary or other desired features

within an image. The active contour model has been one of the most successful methods for

region of interest (ROI) segmentation, and it can be grouped into two categories: parametric

active contours [1] and geometric active contours [2–12]. Although deep learning-based

methods launch an upsurge of image segmentation at present [13–17], the active contours

are still an active topic (e.g., [18–29]), and we also focus on parametric active contours in

this study.

As the external force plays a leading role in the evolution of active contours, and that of

the traditional snake model is derived as the gradient vector of the edge map, the traditional

snakes suffer from initialization sensitivity and concavity convergence. To this end, several

useful external forces have been proposed, such as the balloon forces [30, 31]. However, both

issues were not solved satisfactorily until the emergence of the gradient vector flow (GVF)

[32]. TheGVF snake has an enlarged capture range and canmove into the concave boundary.

Since the effectiveness of the GVF model became apparent, it became the focus of many

studies and there have been many improved variants, e.g., the GGVF [33], CN-GGVF [34],

harmonic gradient vector flow (HGVF) [35], GVF based on the minimal surface [36] and
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FIGURE 2

Concavity convergence of the snakes. The first testing image is an “E”-shaped image with an upper concavity width of 3 pixels and depth of 35 pixels

and the bottom concavity has a width of 3 pixels and length of 40 pixels. The second image is a “T”-shaped image with a horizontal concavity with a

width of 5 pixels and depth of 40 pixels, and a vertical concavity with a width of 3 pixels and depth of 40 pixels. The third one is a cross-shaped image

with four concavities each with a width of 3 pixels and depth of 50 pixels. The convergence results of (A) GVF, (B) GGVF, (C) NGVF, (D) ILGVF, (E) BVF,

(F) VEF, and (G) ISAGVF snakes are shown as solid red lines.

Frontiers in AppliedMathematics and Statistics 06 frontiersin.org



Wang et al. 10.3389/fams.2023.1271296

FIGURE 3

Weak edge preserving demonstrations. There are two weak edge examples. (A) The test images. (B) Edge maps. The convergence results of (C) GVF,

(D) GGVF, (E) NGVF, (F) ILGVF, (G) BVF, (H) VEF, and (I) ISAGVF snakes are shown as solid red lines, and the dash-point circles in red are the initial

contours.

for this reason, only the proposed ISAGVF snake can successfully

converge to the other two concave regions. When the close-ups

of the converged results of each method are inspected, the GVF

snake cannot preserve the head of the person and the thin stick

(see Figure 7C), while the GGVF snake can correctly capture the

head and the thin stick; however, it failed to converge to the concave

region (see Figure 7D). In the case of NGVF, the diffusion continues

in the normal direction and the convergence result is irregular

(Figure 7E). The result of the BVF snake in Figure 7F shows that it

can capture the head of the person correctly but cannot capture the

thin stick and cannot enter the concavity. Although the VEF snake

can extract the head of the person, it fails to catch the stick (see

Figure 7G). In addition, the proposed ISAGVF snake can catch the

thin stick and enter the concave region successfully (see Figure 7H).

The superiority of the ISAGVF snake by taking the image structure

into account is demonstrated thoroughly.

Figure 8 shows an image of a USB flash disk on the back of a

hand. The disk yields a strong edge near the sleeve opening thatmay

probably attract the snake contour. The results show that only the

proposed ISAGVF snake can resist the lure of the strong edge and

correctly capture the shape of the hand. Figure 9 showsmore results

of the ISAGVF snake on real images, and the results are satisfactory.

4.6. Discussion

As we know, it is contradictory to preserve weak edges and

smooth noise simultaneously for the external force of the snake

model. Parameter K in the proposed ISAGVF model serves as the

gradient threshold, the value of which depends on the preservation

of the magnitude of the gradient of the weak edge. Through a
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FIGURE 4

Demonstration and comparison of complex concavity convergence. The convergence results of (A) GVF, (B) GGVF, (C) NGVF, (D) ILGVF, (E) BVF, (F)

VEF, and (G) ISAGVF snakes are shown by the solid red lines, and the dash-point circles in red are the initial contours.
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FIGURE 5

Segmentation of an echocardiographic image. (A) Original image. (B) The edge map. (C–G) The convergence results of the (C) GVF, (D) GGVF, (E)

NGVF, (F) VEF, and (G) ISAGVF snakes are shown by the solid red lines, and the dash-point circles in red are the initial contours.

FIGURE 6

Demonstration of a vessel image. (A) Original image. (B) The edge map. (C–H) The convergence results of the (C) GVF, (D) GGVF, (E) NGVF, (F) BVF,

(G) VEF, and (H) ISAGVF snakes are shown by the solid red lines, and the dash-point circles in red are the initial contours.

lot of tests, we found that, for the vast majority of the images,

K ranges from 0.01 to 0.5. At the same time, a large K can also

suppress noise to some degree; if the image has a lot of noise, we

can choose a relatively larger K to suppress it without disturbing

the edge. As shown in the top row of Figure 10, the snake model

stuck in the concavity due to noise with the smallest K. However,

as K increases, it resists noise more and becomes better at entering

concavities. Additionally, when there are some weak edges in the
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FIGURE 7

Demonstration of a horse image. (A) Original image. (B) The edge map. (C–H) The convergence results of the (C) GVF, (D) GGVF, (E) NGVF, (F) BVF,

(G) VEF, and (H) ISAGVF snakes are shown by the solid red lines, and the dash-point circles in red are the initial contours. The results in the second

row in (C–H) are the close-ups of the corresponding results in the first row in the red rectangle in (B).

FIGURE 8

Demonstration on an image of a hand. (A) Original image, (B) The edge map. (C–G) The convergence results of the (C) GVF, (D) GGVF, (E) NGVF, (F)

VEF, and (G) ISAGVF snakes are shown by the solid red lines, and the dash-point circles in red are the initial contours. The image in (A) was smoothed

using a Gaussian filter with a standard deviation of 1.
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FIGURE 9

More results of the proposed ISAGVF snake on real images. The dash-point lines in yellow are the initial contours and the solid green lines are the

convergence results.

FIGURE 10

Test of the parameters K and µ. Top row: the segmentation results of images with noise. Second row: the segmentation results of images where

there are strong edges nearby weak edges. The µ is 0.2 and K-values from left to right are 0.01, 0.05, 0.1, and 0.5, respectively. For the third row, K is

0.1 and µ values from left to right are 0.001, 0.02, 0.1, and 0.2, respectively.

image, we should make it smaller to preserve the edge of the

object. The results in the bottom row of Figure 10 demonstrate

our analysis, i.e., a K that is too large will lead to weak boundary

leakage. Parameter µ mainly controls the diffusion degree of the

external force field in homogeneous region. The larger µ is, the

larger the diffusion degree of the external force field. In other words,
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a large µ helps to smooth noise and results in a large capture range.

Therefore, K and µ are closely linked. As we can see from the

third row in Figure 10, when µ takes a smaller value, the capture

range of the vector field is not enough, and thus the initialization

needs to be close to the boundary of the object, but at the same

time the weak edge can be protected. As µ increases, the capture

range becomes increasingly larger, and finally, the strong edge may

attract the weak edge. In short, the parameters K and µ can change

interactively to smooth noise, preserve weak edges, and extend the

capture range.

5. Conclusion

A novel external force called image structure adaptive gradient

vector flow (ISAGVF) is proposed for active contours. Given

that the smoothness constraint of the GVF model does not

take the image structure into account, the smoothness constraint

was rewritten in a matrix form and the image structure tensor

was introduced into the smoothness constraint, such that the

proposed ISAGVF model behaves in an anisotropic manner. A

simple and effective method was also adopted to construct the

diffusion tensor from the image structure tensor. Experimental

results on both synthetic and real images showed that the ISAGVF

snake is superior to other popular models in terms of weak

edge preservation, deep concavity entering, and some complex

image convergence.
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