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The color contour detection model used for simulating the cone photoreceptor cell- lateral geniculate nucleus
(LGN) - primary visual cortex (V1) visual pathway has achieved reliable results. In contrast, the rod photore-
ceptor cells employ a dark adaptive mechanism, which plays a key role in contour extraction in poorly lit en-
vironments. We employ this mechanism to propose a bionic model for contour detection. The proposed model
divides the dark adaptation process into several stages and extracts the image information at each stage for
subsequent integration. For evaluation, we applied the proposed dark adaptation model as the front-end pro-
cessing method of the gray and color contour detection model, and performed experimental verification on the
RuG, BSDS300/500, and NYUD databases. In comparison with a similar state-of-the-art model, the detection
performance of the proposed model has several advantages; in particular, it extracts contour information more
effectively in interior scenes lit with dim colors.
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1. Introduction

The Contour is the most essential information regard-
ing a target in a natural image. An effective contour
detection method can extract the contour features
of the target from complex interference information,
which is conducive to improving the robustness of
subsequent advanced visual tasks, such as target rec-
ognition [24] and image segmentation [32].

Contour detection is a highly challenging problem
in the field of image processing. Unlike edge detec-
tion, contours are a part of the edge information, and
hence, the results of edge detection cannot be used to

define the contours. In digital images, edge detection
finds and identifies points with significant changes
in brightness, which usually includes texture edge
information. In contrast, contour detection involves
the extraction of target contours from digital images
containing both targets and backgrounds, while ig-
noring the background effects, internal textures, and
noise interference in the images. Common edge dif-
ferential operators include Prewitt [37], Roberts [46],
Sobel [11], and Laplace [33]. These operators are usu-
ally sensitive to noise, and their edge detection perfor-
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mance in simple scenes is acceptable. However, their
performance has been found to significantly reduce in
images portraying more complicated scenes. In 1986,
Canny [4] proposed a multi-level edge detection algo-
rithm. However, indicating a surplus of noise when the
Canny’s algorithm is used. To improve the accuracy of
the target contour, researchers have proposed the use
of several traditional contour detection methodsbased
on edge detection. These include statistical approach-
es, phase congruency and local energy, grouping pixels
into contours according to Gestalt principles, and con-
tour detection in the scale space [25].

Owing to the advancement of intelligent computing
over the past few years, convolutional neural net-
works (CNN) have been widely used in the field of
computer vision. CNNs are being applied to numer-
ous image processing tasks, such as image classi-
fication [37], which has significantly improved the
accuracy of these tasks as compared to the case us-
ing traditional methods. Presently, numerous CNN-
based contour detection methods have been pro-
posed. These methods employ the VGG or RESNET
as the encoding networks, use their own decoding
networks, train the original images and prescribed
contours into the network, and adjust the parame-
ters of the convolution kernel in the network using
the loss function, such that the contour of the output
of the network corresponds to the specified contour.
For example, PMI [10], COB [20], and CED [34] have
achieved good experimental results. However, these
methods use supervised learning, the performance
of which relies heavily on the availability of a large
amount of data. Furthermore, the learning process is
also highly time-consuming. Furthermore, it cannot
flexibly and rapidly process specific images, and the
calculation cost is generally very high.

In the recent years, research on bionic contour detec-
tion has attracted significant attention. Physiological
studies have shown that target contour information
is mainly extracted from the first visual pathway of
biological vision (retina-LGN-V1). Inspired by this
mechanism, numerous biomimetic contour detection
models have been proposed, which are mainly divided
into gray and color image models. In the retina, these
two models employ different physiological mecha-
nisms. Models for grayscale information processing
mainly mimic the physiological mechanism of the
ganglion cell layer in the retina, while models for col-

2024/4/53

or information processing mainly simulate the photo-
receptors (cones) in the retina [14, 29].

Among the bionic studies on contour detection in gray-
scale, the bionic model of the single primary visual cor-
tex is the most widely used and yields good results. In
2003, Grigorescu et al. [8] first proposed a contour de-
tection method based on a non-classical receptive field
by utilizing isotropic inhibition (ISO) and anisotropic
inhibition (ANI). However, some regions that are not
classical receptive fields exhibit facilitation rather than
inhibition during the information response process. To
this end, Zeng et al. [44] proposed a butterfly-shaped
inhibition model, using a unilateral regional inhibi-
tion algorithm to simulate the mechanism around the
cell center with high accuracy. In the same year, they
improvised this model [43] and proposed a two-sided
+ two-ended (adaptive) suppression algorithm, which
effectively simulated the effect of the non-classical re-
ceptive field on the center and improved the accuracy
of contour detection. However, all these algorithms
perform contour extraction at a single scale, which re-
sults in the loss of information. Therefore, the multi-
scale fusion method [36] was proposed, which effec-
tively improved the accuracy of contour detection. The
proposed model was used all around in front of the lo-
cal information of inhibition and did not consider the
direction of the cell response. Thus, Xiao and Cai [38]
introduced a novel angle as a measure of the neighbor-
ing neuron response in the optimal direction and the
difference in the optimal neuron direction angle in the
response center, to determine the mechanism of the
action of neurons to the center of. In this method, the
separation of the facilitation and inhibition regions can
be avoided, and the corner and t-shape contours can be
effectively enhanced. Furthermore, Cao et al. [5] ap-
plied the center-periphery mechanism and proposed a
method to extract the local center-periphery contrast
information from natural images using the normalized
Gaussian difference function and the sigmoid activa-
tion function. In comparison with the traditional algo-
rithm, the computational complexity of this method is
low, computational speed is faster, and performance is
superior. Although the bionic model employs periph-
eral modulation to emphasize the directional modula-
tion characteristics of all the peripheral information,
it is difficult to extract the contour defined by other
clues, although several models have been proposed to
improve the contour detection ability using the multi-
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scale strategy [12]. To employ more image information
for contour detection, Yang et al. [42] suggested that a
combination of multiple clues could be used to further
enhance the suppression of texture information. By in-
troducing the direction, brightness, and contrast, the
weight of the suppressed items could be adjusted to
further improve the contour detection effect.

To simulate the retina (ganglion cells), Wei at el.
[35] proposed an image preprocessing model for the
ganglion cells layer and the difference of Gaussians
(DoG) function is used to calculate the equivalent
values of the red, green, and blue levels in the image
to dynamically adjusted the size of the sensory field.
To simulate the LGN layer, Azzopardi and Petkov [2]
proposed a computational model for contour detec-
tion in the combined receptive field (CORF), consid-
ering the arrangement of On and Off receptive fields
in the LGN layer. Parameters such as polarity, scale,
radius, and polar angle were introduced, which reflect
the informational characteristics of the receptive
field. In 2014, the CORF model was improved, and a
push-pull CORF model was proposed. The response
mode (excitation or suppression) was determined
according to the polarity preference of CORF (On or
Off), which had a good effect on noise suppression [3].
With regard to the retina (ganglion cells) - LGN - pri-
mary visual cortex, Spratling [28] considered oppo-
nent properties of the On and Off receptive fields of
the LGN layer, and introduced a sparse coding algo-
rithm in the V1 layer model to establish the contour
detection model of the LGN to the V1 layer visual
pathway. Inspired by the physiological mechanism of
the x-y visual pathway, Lin et al. [18] introduced the
summative characteristics of the field space of Y cells
into the visual processing mechanism of the V1 layer
and proposed alinear and nonlinear suppression con-
tour detection model based on the x-y visual pathway
by combining the various scale image information of
X and Y cells into a single inhibition term. Melotti et
al. [22] proposed a contour operator that combines
the push-pull and surround suppression. The pro-
posed model is a combination of the receptive field
(CORF) model and the push-pull inhibition, extended
with surround suppression, which inhibits a part of
the texture to a certain extent.

In comparison to grayscale, a color image provides
more detailed features. Results indicate that the con-
tour detection method based on color features, which
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mainly adopts the retinal (cone cell) -LGN-V1 visual
pathway, is superior to that based on gray features.
Zhang et al. [45] proposed a color information de-
scriptor based on the color antagonism mechanism,
which effectively improved the performance of tasks
such as target recognition and boundary detection.
Other similar methods employ the information pro-
cessing method of color antagonism to improve the
algorithm performance. For example, Martin et al.
[21] calculated the local image gradients in red-green
and blue-yellow opponent channels to detect col-
or boundaries. However, these methods, which are
based on color opponents, only detect the boundary
contour based on the color, whereas that of brightness
is not addressed. Therefore, to extract the boundary
information from a color image (the natural image
usually contains both brightness and color bound-
aries), it is often necessary to detect the brightness
features. Yang et al. [40] presented a CO model that
uses the retinal photoreceptor cone - LGN - V1 visual
pathway, where the visual cone cells in the retina use
a Gaussian function to receive information from the
color information extraction. Furthermore, for the
LGN and V1 layer, the model uses the theory of color
single antagonism and dual antagonism to extract the
target contours in the image. For more accurate con-
tour extraction from color images, Yang proposed the
SCO [41] model, which is based on the CO model, and
suggested a sparse coding mechanism for the extra
texture in the CO model to reduce texture doping in
the contour regions.

In summary, the contour extraction model for the
grayscale image is mainly based on the single simu-
lation of V1, retinal ganglion cells, LGN, and retinal
ganglion cells-LGN-V1. The color model mainly sim-
ulates the retinal cone photoreceptor cells-LGN-V1.
Although both the grayscale and color bionic contour
detection models involve simulation of the retina,
the results obtained are not comprehensive. They
are mainly applied to retinal ganglion cells (grayscale
model) and retinal photoreceptor cones (color model)
and are not effective in the case of other types of pho-
toreceptor-rod cells. For photoreceptors, the visual
acuity of the retina decreases in the presence of light
(light adaptation) and increases in darkness (dark ad-
aptation), thereby maintaining an appropriate visual
acuity over a wide range of illuminance. The visual
adaptation system adapts to the current environment
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by coordinating the pupil, the rod and cone system,
photochemical reactions, and neural mechanisms
[7]. Shlaer et al. [27] argued that the visual acuity of
human eyes is related to the brightness of the envi-
ronment. In a dim environment, human eyes become
extremely sensitive, which gives them the ability to
detect subtle changes in brightness at the cost of the
ability to recognize detailed features and colors of
objects. In an environment lit with sufficient bright
light, human eyes have relatively good color vision and
strong visual acuity. However, the sensitivity to the
change of brightness becomes lower in this scenar-
io, and therefore, only a significant change in bright-
ness can be detected by the human eye. Hecht et al.
[9] pointed out that light and dark adaptation simply
indicates habituation to lower or higher levels of am-
bient lighting. Although we may not be clearly aware
of this mechanism, our visual performance changes
dramatically based on the situation. Dark adaptation
occurs because of the increased synthesis of rhodop-
sininrod cells. Drawing inspiration from these mech-
anisms, we propose a simulation model of the dark ad-
aptation process by investigating the dark adaptation
mechanism in the retina. We simulate the adaptation
process at different stages for various types of target
information and subsequently integrate the results to
obtain a highly comprehensive information, extract
the relatively complete details. Finally, we use DA
to refer to the dark adaptation model, and the terms
DAG and DAC to refer to the gray and color dark adap-
tation contour detection models, respectively.

The remainder of this article is organized as follows:
Section 2 describes the proposed DA model in detail.
In Section 3, the grayscale and color dark adaptive
contour detection models are introduced. Section
4 evaluates the contour extraction performance of
the proposed model in grayscale and color images
through multiple data sets. Section 5 describes the
experimental results of combining the model without
non-maximum suppression with deep learning con-
tour detection algorithms in this paper. The discus-
sion and conclusions are provided in Section 6.

2. Dark Adaptation Model

In this study, the dark adaptation mechanism on
the retina was simulated, and the theoretical-maxi-
mum-luminance image of the corresponding stage is
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obtained using the formulas (1) and (2). Subsequent-
ly, this image is compared with the original image,
and the pixel points that meet the requirements are
screened out to generate the actual-maximum-lumi-
nance image. The framework of the DA model is il-
lustrated in Figure 1. For a better understanding, fol-
low-up DA models were illustrated in four stages. The
process of dark adaptation refers to the gradual in-
crease in visual sensitivity when entering a dark area
from strong light or when lighting suddenly stops, al-
lowing for the resolution of surrounding objects. This
process can be divided into four stages.

Figure 1

Dark adaptation model flow chart. The original brightness
image was compared with the theoretical-maximum-
luminance image of each stage, and the actual-maximum-
luminance image of each stage was obtained
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Primary adaptation period: In a bright environ-
ment, most of the rhodopsin (a chemical substance
sensitive to weak light) in the rod cells is broken
down, so when entering darkness, the rod cells have
a weaker response to weak light. As time goes by, the
synthesis of rhodopsin begins and the rod cells gradu-
ally recover their function.
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Intermediate adaptation period: With the contin-
uous synthesis of rhodopsin, the sensitivity of rod
cells to weak light gradually increases. The pupils
are further dilated to increase the amount of light
entering the eyes, thereby further enhancing visual
sensitivity.

Advanced adaptation period: At this point, the rod
cells have fully recovered and are in their optimal
working state, able to produce sufficient photorecep-
tor. The visual nerve center has also undergone corre-
sponding adjustments to adapt to low light conditions.
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Long term adaptation period: Rod cells will contin-
ue to play arole in the dark environment, maintaining
an adaptive state of vision. The synthesis of rhodop-
sin will also continue, increasing the sensitivity of
the eyes to low light. This process can last for several
hours or even longer.

‘We simulate the adaptation process of the brightness
and consider the brightness of the original image as
the end of the adaptation process. Because the dark
adaptation process occurs when going from a well-lit
areatoadark area, we have V,€(0,1).In[13], afunction
was used to simulate the change in the light sensitivi-
ty of the adaptive state of the visual cell. Therefore, we
set the calculation function of the theoretical-maxi-
mum-luminance value at the current adaptation time
as follows:

t
At =1- e_;. ®

In rod cells, the photosensitivity of the nerve can be
adjusted within 200 ms, t€(1,200), and the adaptation
time of the rod cells is given by 7 = 150 ms [26]. To fil-
ter out the optimal theoretical-maximum-luminance
during the adaptation process, we divide the time ¢

Figure 2
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into n equal parts and use the brightness level corre-
sponding to the time as the theoretical-maximum-lu-
minance at that moment. Next, we set the brightness
value of all the pixels in the image to the theoreti-
cal-maximum-luminance, and refer to the current
image as the theoretical-maximum-luminance image
V.. The brightness adaptation time of different pixels
varies significantly; for example, when a pixel reaches
the brightness level of the original image before the
adaptation process is completed (¢#200), the pixel is
considered to have completed the brightness adapta-
tion (pixel complete adaptation), its brightness value
no longer changes, and the unfinished pixels contin-
ue with the remainder of the adaptation process. We
compare the obtained theoretical-maximum-lumi-
nance image with the original brightness image V to
obtain the actual-maximum-luminance at the cur-
rent moment:

V(x,y) V(x,y) <Vi(x,y)
Va.(x,y) = { . .
N = y) V) > Vi y) @
In Figure 2, four stages are presented as examples to
illustrate the detailed changes of apixelina 5 x 5 area

Detailed process of brightness changes in dark adaptation. In each stage, the theoretical-maximum-luminance image is
compared with the original brightness image to select the points whose brightness is less than the theoretical-maximum-
luminance (if the comparison is \/, the pixel is kept as the actual maximum value of the current stage; if it is, it is not handled),
Finally, the unprocessed pixels and the pixels retained after the comparison are combined to form the actual-maximum-

luminance image at the current stage
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in an image under different theoretical-maximum-lu-
minance during the adaptation process. The number
of pixels that reach the actual-maximum-luminance
at different adaptation moments is different. When
all the image pixels reach the actual-maximum-lu-
minance, the adaptation process is considered to be
complete.

As mentioned above, the number of restored bright-
ness points in the image at each moment is different,
as the information is not the same at every moment.
Thus, we perform a weighted fusion of the images at
different adaptation moments, using the ratio of the
number of pixels fully adapted to the total number of
pixels at the current moment as the weight:

Wy =

2|\..

n
1y) = ) L), @
t=1

where j represents the number of pixels that have
completed adaptation at the current moment (exclud-
ing the pixels that completed adaptation at the previ-
ous moment), and I(x, y) is the image after adaptation.

Figure 3
Fusion weight calculation
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3. Contour Detection Model

The contour detection model comprises two compo-
nents: the color information response (Section 3.1),
which mainly performs color processing of the im-
age. In the first component, the input RGB image is
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converted to a HSV color space (V), than changing
the brightness for many times, the theoretical-max-
imum- luminance image is obtained, and compared
with the original brightness image to get the actu-
al-maximum- luminance image, following which a
dynamic adaptation process is generated, and sub-
sequently, RGB color space is transformed for each
image, and the transformed image is fused by linear
weighting. The other component of the model consti-
tutes the grayscale information response provided by
the rod cells (Section 3.2): here, the image is visually
processed mainly in grayscale, and the dark adaption
process is similar to the process of color information
response. Finally, the grayscale images obtained from
each stage are linearly weighted and fused.

3.1. Color Information Response

This study simulates the dark adaptation process of
vision, where the color information response first
transfers the input RGB image to the HSV color space
as follows:

0 ,A=0
. (G —F ,
60" x (“——+0) ,Crax =R
=! . (B-FR .
60 ><< x +2>  Conaxe = G ®
. (R =G )
60" X (5 +4) Cax =B
0 Cnax =0
S = A (6)
C, *0
Cmax max
V = Chax, (7)

where R'=R/255; G'=G/; B'=B/255, C,,,, and C,,,, rep-

resent the maximum value of each point in the RGB

channel, C,  =max(R',G',B’),C,,, =min(R,G,B).A=
C, o~ Conin TePTESENTS the difference between the max-

imum and minimum at each point.

After the brightness V is processed by the DA model,
the actual-maximum-luminance images of n stages
are transferred back to the RGB color space one by
one, and n color images of different adaptive moments
are obtained as follows:

C=Va, xS, X=Cx(1-
|(H/60%)mod 2 — 1|), m = Va, — C. ®
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Figure 4
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DAC model flow chart. After the DA model, images of each stage are transferred back to the RGB color space for weighted fusion

(Rt" Gt'l Bt,) R
(€,x,0), 0°<H<mn/3
(X,€,0, w/3<H<2n/3
_)©,¢,x), 2n/3<H<m (9)
(0,X,0), n<H<4n/3’
(X,0,C), 4m/3 <H <5n/3"
\c,0%), sn/3<H<2n
I, = (R, G, B) = (R, +m) x 255, (G’
+m) x 255, (B, (10)
+m) x 255.

Finally, the target contour Re,, (x, y) in the output
image is extracted using the color opponent principle
[7], as depicted in Figure 4.

Figure 5
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3.2. Grayscale Information Response

The method for the processing grayscale image infor-
mation is similar to that used in the case of color im-
ages. Equations (1)-(2) are used to adapt the grayscale
image, and linear weighted fusion Equations (3)-(4)
are used to obtain the gray information response out-
put of the retina.

Finally, the Gabor function model [6] proposed by
Daugman and sparse coding (SP) [41] was used to
extract the target contour in the output image in re-
sponse to the grayscale information of the retina, as
depicted in Figure 5.

DAG model flow chart. After the DA model, images of each stage were directly weighted and fused
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4. Experiment and Analysis

We perform non-maximum suppression on the en-
tire output contour [8]. Subsequently, we evaluate
the performance of our model on the RuG, Berkeley
segmentation (BSDS300 / 500), and NYUD datasets
[15] using the standard F-measure evaluation meth-
od [41]. We set the tolerance parameter maxDist to

Ny Codi
Gabor .Sparse oding .

0.0075 in all benchmark test, which represents the
error tolerance of the contour.

o 2PR
T P+R o
P P (12)
= — 12
TP + FP
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R = L, (13)
TP+FN

where TP represents the number of contour pix-
els that are correctly detected, FP represents the
number of contour pixels that are incorrectly de-
tected, FN represents the number of contour pixels
that are missed; P represents precision, and R rep-
resents recall rate, F' is the harmonic average of the
both, which represents the similarity between the
detected contour and the ground truth. ODS, OIS,
and AP evaluated the performance of edge detection
algorithms from different perspectives. ODS focus-
es on the average performance of the algorithm on
the entire dataset, OIS focuses on the optimal per-
formance of the algorithm on a single image, and
AP provides an evaluation of the average perfor-
mance of the algorithm over the entire recall range.
These three indicators complement each other and
together constitute a comprehensive evaluation of
algorithm performance. Generally, the F-measure
evaluation method corresponds to three standard
performance indicators: ODS (the optimal threshold
for the entire data set), OIS (the optimal threshold
for each image), and AP (average accuracy).

4.1. Grayscale Model Performance Analysis

To test the effectiveness of the algorithm on gray-
scale images, we applied the DA model to the gray-
scale dataset and evaluated the performance of the
algorithm from multiple perspectives. In this experi-
ment, we set the receptive field size o =6 the direction
ntheat=8, spatial sparseness coding window size
ws=5. As we can see that the DAG model superior to
the other bionic contour extraction models on the
RuG dataset.

To test the effectiveness of the algorithm on gray-
scale images, we applied the DA model to the gray-
scale dataset and evaluated the performance of the
algorithm from multiple perspectives. In this experi-
ment, we set the receptive field size =6 the direction
ntheat=8, spatial sparseness coding window size
ws=5. As we can see that the DAG model superior to
the other bionic contour extraction models on the
RuG dataset.

The proposed model has very low computational cost
because its building blocks are simple simple con-
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volution and mathematical operations. With this in
mind, we report the average computational time of
some algorithms for RUG in Table 1; Although the
MATLAB implementation of DAG is slow, it outper-
forms nearly every method considered. We only used
a single CPU core for computation and o mitted the
computational time of the post-processing actions of
NMS and hysteresis thresholding.

Table 1

Average computational time (s) of eight-edge detection
models on RUG in the MATLAB framework with Intel(R)
Core (TM) i5-9300H CPU @ 2.40GHz

Model Time(s)
ISO[37] 0.22
Gabor + SP [41, 6] 0.34
CORF [5] 162
CORF+PP [5] 2.25
LI[43] 10.28
MCI [43] 23.06
DAG 0.66

In Figure 6, we show the qualitative experimental re-
sults of the DAG model with the RuG dataset. In the
figure, we select the results of the improved optimal
algorithm for qualitative comparison such as use
CORF+PP instead of CORF.

4.2. Color Model Performance Analysis

When visual information from the environment en-
ters the human brain, the information is first pro-
cessed by the retina. An important physiological
mechanism in this process is visual adaptation, from
which various target information from different stag-
es can be obtained. In this study, the number of stag-
es of the process that we must adapt to are discussed,
and the different data concentration curves of ODS,
OIS, and AP are plotted and depicted. The maximum
of each curve is marked, in the work the number of op-
timal stages is selected based on the maximum ODS
(for NYUD, we use the RGB image screening test re-
sults datasets), as shown in Figure 7.
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Figure 6

Binary contour images of six images from the RuG dataset. From top to bottom: the input image, corresponding ground
truth, ISO [37], Gabor + SP [6, 41], CORF+PP [5], MCI [43], and DAG model. The values in the upper-right corner denote
the P-scores
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Figure 7

Data indicator curves of datasets (a) BSDS300 (b) BSDS500, and (¢) NYUD (RGB)
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In Figure 8, function curve A,(¢)
illustrates the change in bright-
ness, and the marked lines cor-
respond to the optimal n values
for different datasets. The theo-
retical-maximum-luminance is
marked by the intersection of each
marked line and the brightness
curve, such that different theoreti-
cal-maximum-luminance are used
to generate the theoretical-maxi-
mum-luminance image at differ-
ent times. When t > 200, the adap-
tation is considered complete, and
the theoretical-maximum-lumi-
nance value is taken as 1.

The contour information ob-
tained at different stages of adap-
tation are different. Therefore, we
randomly select three different
stages of information extraction
in the adaptation process as an
example. Figures 9b, 9¢, and 9d
depict the images corresponding
to the time of adaptation t1, t2,
and t3, respectively, whereas, 9f,
9¢g, and 9h represent the contour
effect images extracted at the
three adaptation times. The con-
tour information in the image in-
dicates the variability across the
three selected moments, and the
parts marked in red correspond
to the focus of contour extraction
at each adaptive moment.

4.2.1. BSDS Dataset
Experiment

Tables 2-3 list the quantitative
results of the DAC and other
models tested on the BSDS data-
set (BSDS300/500). In this ex-
periment, we set ¢ =0.8, ntheat =
6, and ws = 5. We observe that the
ODS of our model is 0.67, and the
BSDS500 is 0.68. The DAC mod-
el only uses the V1 region. If SED
only considers the information
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Figure 8

Theoretical-maximum-luminance value at each adaptation stage and moment. BSDS300, BSDS500, NYUD datasets are
represented by red, blue, and green, respectively. At(t) shows the change in brightness with respect to time. The intersection
of'each marked line and the brightness curve depicts the theoretical-maximum-luminance value at that moment
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Figure ©

Information extraction stages in the adaptation process. (a) Original image; Images at times (b) t1, (¢) t2, and (d) t3 during
the adaptation process. (¢)Ground truth; Information extraction at time (f) t1, (g) t2, and (h) t3 during the adaptation
process. Red marks correspond to the focus of contour extraction at each adaptive moment
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Table 2
Quantitative results for several contour detection models applied to color images of BSDS300/500

Model BSDS 300
OoDs OIS AP
CO[22] 0.64 0.66 0.64
SCO [24] 0.66 0.68 0.70
SED (only V1) [1] 0.66 0.70 0.70
Pb[28] 0.65 0.68 0.64
FDAG [19] 0.63 0.66 0.67
SCO+DL[11] 0.67 0.68 070

DAC 0.67 0.69 0.70
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Table 3
Quantitative results for several contour detection models applied to color images of BSDS500
T BSDS 500
ODS OIS AP
CO [40] 0.65 0.68 0.65
SCO [41] 0.67 0.71 0.71
SED (only V1) [1] 0.67 071 0.70
Pb [28] 0.67 0.70 0.65
FDAG [6] 0.67 0.70 076
SCO+DL[15] 0.68 071 071
DAC 0.68 072 073

processing in the V1region, the ODS of'its experimen-
tal results is 0.66. The DAC model, therefore, has ad-
vantages over the SED (only V1) under the same con-
ditions. Although the ODS of our model is the same as
the SCO+DL, but there are still advantages over the
other two parameters

Figure 10

To highlight the contribution of the visual adaptive
processing model in information extraction, we ran-
domly selected five images from the BSDS300/500
dataset for testing. The DAC model adds the DA mod-
el to the SCO model. Therefore, Figure 10 shows the
comparison of the contour extraction performance of

Comparison of DA and SCO models. Red marks correspond to the detection effect better than SCO

Ground truth
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Figure 11

Quantitative comparison of several detection models on
BSDS300/ 500

BSDS300/500
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the DAC and the SCO models. The visual adaptation
mechanism ontheretinahasalarge effect on informa-
tion extraction. Notably, the information obtained at
different adaptation stages is different. Furthermore,
detailed target information is obtained after inte-
grating all the information. If only the original image
is processed, some information may be lost, thereby
reducing the accuracy of contour extraction. As indi-
cated by the red marks on the image, the DAC model
effectively extracts the contours that are similar in
color and brightness, whereas the SCO model per-
forms poorly Figure 11 shows the P-R curve of sever-
al bionic contour detection algorithms CO [40], SCO
[41], SED (only V1) [1], and DAC on BSDS300/500.

Figure 11 compares the DAC model with that of the
SCO model proposed by Yang and the Pb [28] model
proposed by Martin et al. The results indicate that the
DAC model performs well in information extraction.

To prove that the DA model has good robustness, and
it can maintain great contour detection performance
in dim visual scene, we perform gamma transforma-

Model comparison by experiment. The last column shows the F-measure for each model contour
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tion on all the images in the test data set. When the y
is greater than 1, It stretches areas of higher gray lev-
els in the image, while compressing lower gray levels
(reducing the contrast of the image to simulate a dim
visual scene). In this work, we select the contour de-
tection effect comparison of two images under differ-
ent y. The experimental results prove that when y =2,
the effect of the DAC model on the contour detection
is significantly smaller than SCO model, and when the
y continues to increase, the image information is lost
more seriously, which has a great impact on the result
of contour detection. However, it can still be seen that
the contour detection effect of the DAC model is supe-
rior to the SCO model.

We select the contour extraction effect of the two
images under different y for analysis. As can be seen
from Figure 13, the blue marked area of the first im-
age (the contour area of the reflection in the water
surface) DAC model is better than the SCO model in
retention effect of the contour when the a continues
toincrease. In the second image, the blue marked area
(the non-contour area of the background in the im-
age) DAC model is significantly better than the SCO
model in the suppression effect of non-contour when
the y continues to increase. In summary, the DAC

Figure 13

2024/4/53

model proposed in this paper has great robustness
and it can extract relatively good target contours in a
dim environment.

4.2.2. NYUD Data Set Experiment

To better demonstrate the advantages of the DAC mod-
el, we conducted additional verification experiments
onthe NYUD dataset. In this experiment, we set 6 =1.2,
ntheat = 6, and ws=5. The NUYD dataset comprises
RGB images and HHA depth images. Therefore, the
results obtained were as follows: NYUD-RGB image
processing results, NYUD-HHA image processing re-
sults, and NYUD-RGB-HHA image processing results,
which are obtained by combining the first two sets of
results. Figure 14 depicts that the P-R curves of sever-
al bionic contour detection models in RGB, HHA, and
RGN-HHA respectively, including CO [40], SCO [41],
SED (Only V1) [1], and DAC.

The contour extraction performance of the same model
varies depending on the dataset used. From the results
obtained on the BSDS300 / 500 and NYUD datasets, it
can be concluded that the DA model exhibits great gen-
erality. In comparison with the other models, the detec-
tion effect in the case of the NYUD dataset is more reli-
able, as the indoor lighting is dim compared to outdoor

Comparison of DAC model and SCO model under different y. In each image, the top is the SCO model, and the bottom is
the DAC model. In the Ground truth, the red mark indicates the area we selected for comparison, and the blue marked area
indicates the influence on the contour detection effect of the DAC model and the SCO model as the y changes
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Figure 14

Quantitative comparison of several detection models on NYUD dataset
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lighting. Using the DAC model to
integrate the extracted information
therefore yields better performance
in the extraction of darker edges of
the indoor scene, as indicated by the
red box in Figure 15.

5. Bionic Mechanism
Combined with Deep
Learning

Inspired by ConvNets using biolog-
ically inspired mechanisms for con-
volutional neural networks [16]. To
discuss the possibility of combining
bionics and deep learning meth-
ods, this paper fuses the proposed
methods with deep learning mod-
els. Our method has some changes
to the original image, it plays a sig-
nificant role in texture suppression
and detail extraction. Therefore, I
think that fusing our method with
the deep learning model has certain
research significance. Thus, we use
the adaptive image as a new feature,
and combine the original RGB im-
age as the input of the convolutional
neural network. Table 4 shows the
quantitative results of our method
combined with the deep learning
model and compared with the orig-
inal deep learning model. In this
experiment, we use the enhanced
data of BSDS500 and the flipped
PASCAL VOC context data set [23]
as training data. The original HED
[39] has only single-scale results, so
that HED+DA is also single-scale re-
sults in the table, and the others are
multi-scale. Furthermore, ODS and
OIS are usually related to the perfor-
mance evaluation of edge detection,
while AP is more commonly used
in object detection or classification
tasks. This task places greater em-
phasis on the continuity and accura-
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cy of the edges, therefore AP is only used as a reference
value. The results of the DA model imported into the
CED preprocessing network will have a certain impact
on the overall quality of the image, which actually indi-
rectly improves the robustness of the model. Therefore,
the AP value will decrease to some extent.

Table 4
The comparison on BSDS500 dataset

BSDS 500
Model

ODS OIS AP
HED [39] 788 .808 .840
RCF [19] 811 .830 .846
CED [34] .815 .833 .889
LRC[17] .816 .836 .864
HED+DA 799 817 .833
RCF+DA .813 .832 .856
CED+DA .816 .834 .869
LRC+DA 817 .840 .868

6. Discussion and Conclusions

Contour detection is usually performed in two steps;
first, the target information is extracted, and then, the
texture information is suppressed. Various physio-
logical mechanism-based models have been proposed
and effectively applied to numerous image processing
tasks. To extract target information, a model based
on visual adaptation of the retina is proposed in this
study. This model is capable of extracting a large
amount target information even in complex scenes.

The main contribution of this study can be summa-
rized as follows. the process of information extraction
in humans must be a gradual one, and the information
presented to the mind at different visualization stag-
es must also be different. Unlike in previous studies,
before the information processing step, we added a vi-
sual gradient processing step to simulate the gradient
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