A 2D+t Feature-preserving Non-local Means Filter for Image Denoising and Improved Detection of
Small and Weak Particles
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Denoising of images containing small and weak plarike objects has A particle probability image (PPI) based on 2D+tFHtlassifications is
many important applications in both civil and natig areas [1,2]. A defined as the ratio

feature-preserving non-local means (FP-NLM) fihass been developed P(i) = (AN/Ngot ) (4)
recently for denoising such images [3]. It explotles commonly used A

non-local means (NLM) filter to employ two similgrimeasurementswWhereNy is the total number of pixels in a given argaentred at ;
taken in the original greyscale image and a feaftmage which &N is the number of pixels satisfying Eqg. (3) and Eigtconnected.
measures the particle probability in the origimahge. In this paper, we In our new 2D+t FP-NLM filter, the processedgralues of a noisy
report a new approach to image mapping for constigidhe feature imageF at pixeli are given as the weighted average of all pixel
image by incorporating both spatial and tempor8l+ characteristics greyscale values in a search windeycentred ati

of objects. We present a 2D+t FP-NLM filter basedthe improved ) o

particle probability image. Experiments show thag¢ hew filter can FPNLM 2D+t(F)(I)=ZjDNw(I,J)F () (5)
achieve better balance between particle enhanceamehtbackground '
smoothing for images under severe noise contamimasind has a
greater capability in detecting particles of ingtri@ such environments.
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where F' is a pre-processed image Bf(eg. mean filtered) and

(6)

n-At-tanp Ai) h2 gz

the weight, A() the normalization constantN;) and P(N;) the vectors
of the pixel grey values and the particle probapiialues taken from
the neighborhood\; , respectively. The first term in Eq. 6 measures th
similarity of pixel grey values, as in the NLM @it [4], whereas the
T Lrarn®  second term measures the similarity of particléophilities between the
Figure 1: (a-c) 2D Haar WIndOV\/Sk(I 9 (k= 123) [3] (d-e) 2D+t Haar- same neighborhoods but taken from the PPI. By gpiately setting the

like features: (d) a moving particle iN = 2n+1 consecutive frames tf
pass through pixel at timet ; (e) parameters at timier nAt .

achieve more balanced feature preservation andjbmahd smoothing.
Fig. 2 shows the test results of a live imagguence of EB1-GFP,
Motion continuity is an unambiguous property identifying objects expressed in theDrosophila egg chamber where the microtubule
of interest in an image sequence. We here makefusgch property to cytoskeleton is complex and the imaging is challegg The ROC
improve the accuracy of particle classificationsdzhon the spatial (2D)curves demonstrate that 2D+t FP-NLM filtered imalas higher
Haar-like features (HLFs) as depicted in Fig. 1)(g3]. Assuming sen3|t|V|ty to pick out true partlcle pixels thasveral eX|st|ng methods.
constant velocity and direction of particle-likej@tts in neighbouring ;

frames, trajectories of a particle iR consecutive frames that pass
through the pixeli at timet are depicted in Fig. 1(d). For a trajectory
that has the coordinatgs,t’) at time pointt’, we can apply the 2D
Haar windows to compute local contrasts at this elpix
Hi (i",t',8) =My, (i",t',8) - My, (i",t',s), wheres is a given scaIeMUk

and My, are the means of the pixel values in the shadeal &gg and
in the white areayy , centred at this pixel. We define 2D+t HLFs as

Hic(i.t) = maxs g 4{7(1,6,.t,9) [Hi (.9} (1) S
k=1,2,3,where the coefficient
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) 1 UHRAL (Hy(t,9) - Hi (,6,4.t, .
'i("9'¢1t’5)=ex{—ND‘_2 [ Kl ﬁi)(i 9;(: S)¢ S)] /21’2] @) Flgure 2: Test on a EB1-GFP |mage (a); (b) 2D+t FLFMNlItered (c)
rtnAt B ROC curves; (d) manually identified particles froraudbregion marked
measures the consistency of the local contrastpeted for all possible green: strong, yellow: weak, red: not visible; Yd?PI by 2D+tHLFs
trajectories inN frames, Wherei, .6,.t.s _% t+nAt Hi(it,s) IS and filtered; (g-h) PPI by 2D HLFs and filtered; XiLM filtered.
—nAt
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