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A conceptual flow chart of the proposed method.
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degrades the target detection and the recognition perfor- Recently presented, transform based gamma correction
mance [12] [14]. (TGC) method uses an automatic transformation technique

Conversely, many studies have proposed solutions foand an adaptive gamma correction with weighting distri-
overcoming the low dynamic and over-saturated image outbution (AGCWD) to improve the brightness of dimmed
puts by GHE. The brightness preserving bi-histogram equalimages [21]. It offers great performance in comparison with
ization (BBHE) and particle swarm optimization (PSO) other methods, however, it returns low contrast enhancement
based local entropy weighted histogram equalization separesults for white-saturated images. The contrast enhancement
rates an original image histogram into two sub-histogramsalgorithm based on gap adjustment for HE (CegaHE) adjusts
based on the mean value of the input image and performghe gaps between two gray levels using the adjustment equa-
HE using recombined two sub-histograms [15], [16]. The tion [22]. The interlace histogram equalization (IHE) method
local area processing (LAP) based methods are applied tases a simple cross fusion method [23]. However, it shows
improve contrast for entire areas of images. The contrast limsevere non-uniformity problems for background image areas.
ited adaptive histogram equalization (CLAHE) is a method In this study, we propose a new, ef cient contrast enhance-
based on LAP principle [17]. However, the decisions of ment method with a high contrast expansion ratio, low noise
optimal limit values and divided units are not easily tted output and fast computation time. This approach imple-
for various image characteristics. Furthermore, the dualisiments the concept of adaptive suppression of non-uniformity
tic sub-image histogram equalization (DSIHE) separates afASNU) with the maximum spatial occupancy of the 3D
image to equal two sub-images using the median value [18]histogram. The main concept of the proposed method is the
It focuses on maintaining image brightness quality afterimage cross fusion (CF) on the output of ASNU stages. Fig. 1
HE process, but it does not perform well in high contrast shows the overall outline of the proposed method as a block
stretching. diagram. In the rst step, a low contrast input imagg is

The brightness preserving dynamic histogram equalizatiordecomposed intd + v units to be used in 3D histograms
(BPDHE) uses, the local maxima of the smoothed histogranfor probability distribution functionsPn(j), Py(i). Acquired
to divide the histogram into dynamic level ranges [19]. The 3D histograms enter three stages of the ASNU step before
authors of singular value decomposition discrete waveletentering the nal cross fusion step.
transform (SVD-DWT) method studied singular value based In the rst stage of ASNU, the interpolation for decom-
image equalization (SVE) [20]. These approaches are utiposed neighboring histograrn®(j) and Py (i) is performed.
lized to eliminate image saturation problems. However,In the second stage, the cumulative distribution function
the SVD-DWT method has little effect on the contrast expan-(CDF) of interpolated histogramB; (j) and Py(i) is adap-
sion ratio and is computationally expensive. tively re-shaped according to the image characteristics of
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each histogram usingy; bj parameters. In the third stage,
the re-shaped COFand CDEF, are passed through rational
transfer function (RTF) Iter for restoration of the dark and
white pixel levels. Finally, as the output of ASNU, C[A)
and CDE(j) are derived and delivered to the CF step. In the (a) (b) ©
QF step, the CDE{j) and CDF/(j) are mapped to the sub- Examples of low dynamic ranged images. (a) GT, (b) a low
image values, andl,, for the nal CF output imagé gyt dynamic image(dark), (c) a low dynamic image(white).

The experimental results show the CE images and their
histograms obtained using selected methods and the proposed
method which are compared with the images obtained usingvherel is the maximum value of intensity in the image (in the
the IRST products from UAV systems. The visual assessmengase of 8-bit image, the is 255).M x N is the total number
of performance shows which method is most suitable for ef - of pixels in theM x N array,n; is the number of pixels with
cient SML detection or target detection in conditions yielding Same intensity, and hist(i) is normalized pixel value if¢in
low dynamic images. In addition, we present the resultingintensity level. The following equation 2 is used to calculate
images and histograms froRemote sensingurveillance, the cumulative distribution function (CDF) from the hist(i):
Grayscale, andRGBdatasets for an extended validation. In
the results, we also show the performance of the methods on CDF(i) = hist(i); )
real-time video sequences where the image dynamic range is i=0
continuously changed from dark to white values with a nar- o1 cDF is expressed as a graph of the hist(i) accumulating
row (_jynamlc band._Thg results con m which metths canbe pixel order. The maximum value on the x-axisis L, and the
appliedtoreal a_pplllca'uons where the image dyngmu_:s Chang?naximum response value on the y-axis is 1.
a lot. For quantitative measurement, the normalization index ]
for time, entropy, PSNR, SSIM, and RMSE are presented in IGHE = Int(% x L): ()
the comprehensive evaluation of experimental results. M x N

In this work, we propose an effective contrast enhancement Equations 1 to 3 de ne how the GHE method normalizes
with low computational complexity and robust image quality. the histogram, accumulates it in the CDF, and distributes it
This approach is based on a concept of the image cross fusiamiformly. The GHE extends histograms which are concen-
with ASNU for a maximal spatial Il factor of 3D histograms. trated in a narrow range to the entire range of the intensity.

The GHE seemed to be the best countermeasure for low

Il. RELATED WORK dynamic images, but it shows limitations such as low contrast

A. LOW DYNAMIC AND SATURATION PROBLEMS resolution and image saturation problems [23].
The most important role of an image signal processor for_ S @ more advanced method, the BBHE divides an image

the IR image sensor is to increase the contrast ratio in thdt© wo areas: (1) dark level of the histogram and (2) bright

process of converting the detected photon energy from focaevel of the histogram. It stretches the intensity values more

plane area of semiconductor sensors to a digital signal outpufffectively than the GHE method. As other LAP based meth-

The Fig. 2(a) shows a result image after contrast enhance2dS: the CLAHE tries to enhance the image by using a

ment method (CEM) and non-uniformity correction applied Ioc?I HE chalchqla;lon as units Ofl sgparatﬁd squahrg sut;magt:])es.
o the original input image shown in Fig. 2(b). In order 'tSNOWS the high contrast resolution and stretching effect, but

to improve such low dynamic images, most advanced IRit has a lot of noise and_ sgtur_ated image parts remains.
image sensors focus on the ef cient CEM process. However, To overcome these limitations, the SVD-DWT, AGCWD,

if IR images are acquired when moisture particles like aand CegaHE are studied. Methods try to solve over-

fog or haze are present in the environment, the output image&retching or under-stretching problems as well as high

are degraded substantially. As shown in Fig. 2(c), in suchcontrast enhancement effects [20] [22]. However, the SVD-

cases the white saturation phenomenon occurs due to thBWT is computationally very expensive due to the complex
distribution of bright pixels, so the images are saturated toP'0¢€SS€sS such as wavelet trangform. I_n order to solv_e the
white levels. To solve these problems, we developedametho&forement'oned problems associated with the conventional

which improves the black and white low dynamic image and?P h|stogram equarlllzgtlohr! r::zthod, we anarllyz_e the 3D hl's
is at the same time computationally ef cient. togram using a method which decomposes the image into line

units and tries to nd the reasons for the fundamental problem

of conventional methods. When a white-saturated image as
B. MOTIVATION shown in Fig. 3(a) is adjusted by the GHE method, the output
The main conceptual mathematics of the GHE method iss the Fig. 3(b). The histogram of the image is well stretched

L6

4ﬁﬂh\h“-"\w1(li MM\\HH"H
@

represented by the following three simple equations: from the lowest intensity level to the highest intensity level
using conventional 2D histogram analysis.
N However, as a result of the 3D histogram, you can see

hist(i) = hist(x = i) =

Mx N’ O=i<L (@) thatthe pixel values are stretched to the whole range from
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Image Original GHE CLAHE AGCHE Proposed
IIé.S“T:UAV 138f 136'18 ggg 13747 ‘1‘25 FIGURE 4. The basic principles for CF process. (a) An example of input
iy-sky : ' . : . image, (b) processes of horizontal direction, (c) processes of vertical
KNU-HQ 7.5 6.8 114 7.5 43.3 direction, (d) an example output of CF process.

minimum to maximum pixel values, but the pixels that can non-uniformity (ASNU) before the output image is recom-
be represented are not being used to widen the distributegosed by CF calculation.

areas. Fig. 3(c) shows an example of a 3D histogram using The CF operation for the output imabg; is implemented
the proposed method, and it utilizes the pixels that can beas a simple weighted sum de ne by:

represented in a wide pixel intensity range. We measure the
grades of such pixel representation of the |l factor (FF),
and the calculation of the FF are de ned with equation 4.

The FF are representing the ratio of the occupied area in 3D . ) ] .
histogram space. Table 1 shows the FF result values for 1he fusion ratio (FR) parameter for the typical quality of

representative image data from the experimental dataset. THE'2g€ improvementis 0.5. Depending on the systeRcan
proposed method has advantages according to high FF valU€ adjusted if stronger or weaker stretching is required.

lout = FR x (In—asNnu + lv—AsNu) (6)
=1 i=1

calculated by: In successfully cross f_used images, noise is ampli ed in
" " # the form of non-uniformity and overstretching due to the
Fill factor — LN — num(hisko(i) = 0) =LN: () decomposition and re-synthesis of the image. To counter this

- we use ASNU method.
I=

whereL is the maximum intensity level (255), amdl is the B. ADAPTIVE SUPPRESSION OF NON-UNIFORMITY
number of lines obtained in the image decomposition Process;) |NTERPOLATION OF DECOMPOSED HISTOGRAMS (IDH)
.hiSt3D(i) denotes t.he number of pixels in each sequence (i)The IDH process prevents the components that are decom-
in the entire 3D histogram area. Therefore, the equat|.on Abosed in the line direction from being streaked with a sudden
represents the lled Ievels of the region occupied by pixels brightness distribution difference. An interpolation method
with a value in the 3D histogram. is a representative method for preventing non-uniformity
improvement or quantization phenomenon in the image. In
lll. METHODS general, the interpolation method is a directimage processing
A. THE CROSS FUSION PROCESS method of changing image pixel values and is used to softly

An ef cient end adaptive contrast enhancement method for empty pixels that need to be generated when enlarging an
low dynamic black and white saturated images, and theoutputimage.

method for expressing the image in detail with maximum FF -~ \ye yse a modi ed interpolation concept in the IDH method
yalue,'beglns with a cross fusmn (CF) process. This approacky smoothly connect decomposed histograms.

is motlvate'd by the analysis of the 3D histogram and the' 3D e can improve the components of the histogram of each
n|stogram is u_sed for tne C_F process of the decomposed inpy, o Ph(j) and Py(i) as an indirect improvement method for
images. As displayed in Fig. 4, the CF procedure starts fromy o, iationally less expensive implementation. In addition,

the decomposition of the inputimage (a) into line units in dif- \ o ,sed bicubic interpolation curves to derive the interpo-
ferent directions as shown in (b) and (c). The aforementioneqtion functions hy = [ ] in advance to enable fast

3D histogram decomposition operation described in Fig. 1 IScomputation:
expressed by the following two equations: 3 2 3
: : . . Pn( — 1) Py(i — 1)
Ph() = lin()=M;  Py(i) = lin(i)=N: (5) () =4Pn(+0)5 x n; PUGi) =4Py(i+0)5 x
The input imageli, decomposition in each line unit per- Pn( + 1) Pu(i+1)
forms following L and M to the adaptive suppression of (1)

15350 VOLUME 8, 2020



B. H. Kimet al.: CF-Based Low Dynamic and Saturated Image Enhancement for IRST Systems IEEEACC@SS

MFI =244

i
-
Number of pixels
oH g

Cli / 3 Results of CDF-reshaping and dark restoration. (a) Input CDF,
=/ E ) (b) result by CDF-reshaping, (c) result after dark area restoration.
L s 25!

(" e
The basic principles for CDF reshaping. (a),(d), and (g) ) ) ) ) )
Examples of decomposed histograms, (b), (), and (h) results of adaptive where thedL is length of denominating terms. This equation
suppression, (c), (f), and (i) output histograms of CDF reshaping process. can be applied for the CDF-reshaping as shown in:
1
ey L , -
2) CDF RESHAPING CDR() = g [CDFh() + CDFLG —1)
This process is the second step of ASNU. The purpose of this +---+ CDFR,(j — (dL — 1))] (13)

step is to reduce the black and white noise that is generated as o _

a result of expanding the uniform areas and does not require CDFr(i) s also calculated in the same manner as de ned
the contrast enhancement. The operation principle of CDFPY €guation 13ln_asnu and lv—asnu from the CDFs are
reshaping is shown in Fig. 5. First, the most frequent intensityc@/culated as shown in:

(MFI), my is detected in the input image for each decomposed CDR;, —1
component as shown in Fig. 5(a), (d), and (g) and is de ned Ih—AsnU = mt(T x 255) (14)
as: DFE/ —1
i : lv—Asnu = |nt(C+ x 255) (15)
m = argxmaxph;x:lﬂ)i (8) N

Fig. 6(a) shows an input CDF, Fig. 6(b) shows an inter-
The weight and bias parameters for CDF reshaping are calcUnediate CDF, and Fig. 6(c) shows a result using the CDF-
lated with equations 9 and 10 using the derived MFI paramereshaping processes. On the x-axes of three gures are pixel
ters agny andm. values, and on the y-axes are accumulated numbers for each
W =1+m x (1=MN); bj = (w; — 1:0)=2y  (9) vaI}Je. The numbers Qflli.nes on one gure are N, where
_ ) N N is the number of divisions of the histogram. Fig. 6(a)
Wi =1+m x (1=MN); bi =(w —1.0)=2w (10) shows the CDF before correction with the IDH procedure is
Finally, CDF reshaping is performed as de ned in equa- performed on image components obtained by decomposing
tion 11 below. The computation of the vertically decomposedthe image into N components. Fig. 6(b) shows the interme-
components is performed in a similar way. diate result in which CDF-reshaping is performed by the
. o parametersy; andb; from Fig. 6(a). Here, we can derive
CDF;,(j) = CDFn(j)=w + by (1) improved CIZJ)Fthat Jadaptively suppress the non-uniformity
due to amplifying the contrast ratio in uniform areas from
3) DARK AREA RESTORATION CDF. The Fig. 6(c) is the result obtained using nal reshaped
The results of CDF reshaping accordingvicandb can be ~ CDF for dark area restoration and precision ltering by
missing black and white components in the calculation of uni-the RTF.
form image components. In addition, according to Weber's We have described the IHD, CDF-reshaping, and dark
law, human vision has a high resolving power for levels closerestoration processes de ned by three stages of ASNU. The
to dark gray [24]. Gamma correction is generally used to nal outputs In—asnu andly—asnu of the process are output
increase resolution for dark image components [25]. We usdo the nal image by performing the CF procedure according
the rational transfer function (RTF) to compensate for theto equation 6.
dark pixel area restoration. It works for mutual heterogeneity
suppression of the decomposed images as well as restorinty. EXPERIMENTAL RESULTS
the dark pixel areas. In addition, the RTF lIter achieves a In this section, we compare the results of methods: CLAHE,
low-pass lter effect, and thus provides dark area correctionwhich is widely used for improving the contrast ratio in the
and produces smooth images. Furthermore, the RTF Iterregions as well as traditional methods such as GHE, BBHE,
is simple and fast without complex processing. As such it,DSIHE, BPDHE, IHE, SVD-DWT, AGCWD, CegaHE, and
is suitable for real-time imaging sensor systems. the proposed method. The experimental results were obtained
The basic formula of RTF is: for images from ve image datasets and a real-time video
1 sequence dataset using 10 above-mentioned methods. The
y(n) = aL X()+x(n—1)---+x(n—(@dL-1))]; (12)  GHE is a representative method of processing the contrast
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Truck white low-dynamic image (upper rows: results of FIGURE 12. An eye white low-dynamic image (upper rows: results of
images, lower rows: results of histogram [x-axis: levels of intensity, y-axis: images, lower rows: results of histogram [x-axis: levels of intensity, y-axis:
number of pixels]) (a) GT, (b) Input, (c) GHE, (d) BBHE, (e) CLAHE, (f) IHE, number of pixels]) (a) GT, (b) Input, (c) GHE, (d) BBHE, (e) CLAHE, (f) IHE,
(9) DSIHE, (h) BPDHE, (i) SVD-DWT, (j) AGCWD, (k) CegaHE, () Proposed. (9) DSIHE, (h) BPDHE, (i) SVD-DWT, (j) AGCWD, (k) CegaHE, (I) Proposed.

Following, the input image in Fig. 11(b), results show
white saturation occurs in images of all methods except
in Fig. 11(k). The result in Fig. 11(k) does not show white
saturation, but it shows a low dynamic image which is biased
to the dark area. The resulting image of the proposed method
shown in Fig. 11(I) displays the truck and the background are
preserved well without dark and white saturation.

D. VISUAL ASSESSMENT OF AN EYE DATASET
Fig. 12(a) shows a retinal optical coherence tomography
image of an eye used for ophthalmological diagnosis. It is
very important to carefully inspect all areas of the image
and to nd any abnormal cells or blood vessels for de ning
accurate diagnosis.
In Fig. 12(e) and (f), the features of the blood vessels are
very clear, but it is dif cult to diagnose any abnormal tissue Hazy white low-dynamic image (upper rows: results of
in the boundary areas due to the partial white saturationimages, lower rows: results of histogram [x-axis: levels of intensity, y-axis:

. . number of pixels]) (a) GT, (b) Input, (c) GHE, (d) BBHE, (e) CLAHE, (f) IHE,
On the other hand, the method proposed in Fig. 12(l) doegyg) psiHE, (h) BPDHE, (i) SVD-DWT, (j) AGCWD, (k) CegaHE, (1) Proposed.

not saturate the background and object components, and the
histogram resolution for all image area is high.

shown in Fig. 13(c) to (I). In this case, Fig. 13(c) and (f) show
E. VISUAL ASSESSMENT OF THE HAZY DATASET good performance, but the glare of many of lights is visible
In previous sections, we showed that the proposed methoih the visual evaluation. The resulting image of the proposed
can be applied to IR sensor images, security images, mednethod shown in Fig. 13(I) expresses an adequate amount of
ical images, and a wide range of monochrome images likecomfortable light and high contrast resolution and at the same
IR or grayscale. It was also shown that the proposed methoime eliminates the hazy areas.
can be used for performance improvement. We have also
attempted to evaluate whether the proposed method can be REAL-TIME VIDEO SEQUENCES
used to solve saturation problems in conditions such as fodt is very important to improve the performance of real-time
and high illumination in color images. Fig. 13(a) is a rep- IRST products at the same time as further develop counter-
resentative low-dynamic color image including fog, where measures. Itis necessary to con rm the result of the improve-
we compare the performance of the 10 methods in the samment of the contrast performance of continuous images as a
way as in the previous experiments. Using each methodresult of applying the method to the actual product. For this
the input image shown in Fig. 13(b) can be improved asexperiment, we use a real-time video dataset with reduced
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Quantitative measurement using the nTEPSR index and an analysis of running time.

Datasets GHE BBHE CLAHE IHE DSIHE BPDHE SVD-DWT AGCWD CegaHE Proposed
IRST 0.64 0.63 0.66 0.66 0.59 0.62 0.46 0.56 0.53 0.71
Remote-sensing 0.57 0.57 0.67 0.70 0.58 0.61 0.43 0.56 0.44 0.76
Surveillance 0.59 0.58 0.60 0.64 0.56 0.51 0.43 0.50 0.46 0.68
General-grayscale 0.57 0.55 0.55 0.61 0.50 0.51 0.39 0.49 0.66 0.73
General-RGB 0.71 0.69 0.65 0.75 0.61 0.65 0.41 0.64 0.48 0.76
Average nTEPSR 0.62 0.60 0.63 0.67 0.57 0.58 0.42 0.55 0.51 0.73
Variation nTEPSR 0.14 0.14 0.12 0.14 0.11 0.14 0.07 0.15 0.22 0.08

Running time (msec) 20 37 62 62 41 23 361 10 446 89

FPS 50.9 26.9 16.0 16.0 24.6 43.0 2.7 99.7 2.2 11.2

T T T T T T T
\ & IRST A Remote-sensing [> Surveillance O Grayscale O RGB * Average\
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07} ©
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GHE IHE

Measurement results of average normalized TEPSR. [x-axis:
methods, y-axis: integrated measurement values], (a) nTEPSR of each
dataset with an average (b) maximum variation of NnTEPSR.

(5]

(6]

In this study, we proposed a new contrast enhancement”’
method for low dynamic images acquired by IRST, EO/IR,
and grayscale or RGB vision sensor systems. The motivation[8]
of the proposed method is 3D histogram analysis and a three-
step ASNU process for improving image quality after CF.
For the rst step in ASNU, the IDH reduces channel noise. [9]
In the second step, the CDF-reshaping process is used to
suppress non-uniformity in images. In the third step, a dark;;q
arearestoration process recovers dark pixel levels and reduces
the noise at the same time. (11]

Compared with conventional methods, not only does the
proposed method to show the high contrast enhancementiz;
effect in black and white saturation simultaneously, but also
allows real-time operation capable speed and contains Iovyls]
noise levels in the resulting images. As a result of this study,
it is expected that the detection and recognition distance caft4]
be extended by applying the gated mode image processing fCH5]
use with IRST and EO/IR systems in the haze or low-visibility
environment.

As part of future work, we have a plan to apply the pro- [16]
posed method for improvement of detection performance of
a supervised deep learning algorithm as an advanced training

15358

data generation technique and pre-processing step for object
a detection in the inference process.
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