Detecting Land Cover Change Using an Extended
Kalman Filter on MODIS NDVI Time Series Data

W. Kleynhans, J.C. Olivier, K.J. Wessels, B.P. Salmon, IR dan Bergh and K. Steenkamp

Abstract—A method for detecting land cover change using  Unsupervised methods make use of a change metric that
NDVI time series data derived from 500m MODIS satellite indicates the level of change. In many cases, Univariate
data is proposed. The algorithm acts as a per pixel change Image Differencing (UID) is used [9]. Two spatially regisd
alarm and takes as input the NDVI time series of a 3x3 grid high resolution images acquired at two different instarares
of MODIS pixels. The NDVI time series for each of these syptracted on a pixel basis. Each pixel is classified asreithe
pixels was modeled as a triply (mean, phase and amplitude) helonging to the change or no change class by comparing
modulated cosine function, and an Extended Kalman Filter wa  the difference of two co-located pixels to a threshold value
used to estimate the parameters of the modulated cosine futian [10],[11]. The selection of this threshold value is howenet
through time. A spatial comparison between the center pixel a tri'vial task [12], [13]. The problem with the comparison
of éhe th$t3(>1<3 grid an(tj each of its neightaoring tpixel'ls n|1etan of only two imaées ié that similar land cover types can
and amplitude parameter sequence was done to calculate a S : :
change metric which yields a change or no-change decisiontef gfcf)vstir ::aganslgﬁg?tg;ggfe[;i?t 'Ia'thZa{é%jSo?‘ggf?:q%fe;hcey"?tltjhe

thresholding. Although the development of new settlementss . L
the most prevalent form of land cover change in South Africa, f€Mote sensing data acquisitions should thus be adequate

it is rarely mapped and known examples amounts to a limited {0 distinguish change events from phenological cycles,[15]
number of changed MODIS pixels. Therefore simulated change [16]. The high temporal frequency of course spatial resmfut
data was generated and used for preliminary optimization of imagery makes it very attractive for change detection [17].
the change detection method. After optimization the methoovas Recently, a method proposed in [14] explored the use of
evaluated on examples of known land cover change in the study multi-temporal Moderate-resolution Imaging Spectrooaok-
area and experimental results indicate a 89% change detean ter (MODIS) Normalized Difference Vegetation Index (NDVI)
accuracy, while a traditional annual NDVI differencing method data to provide an automated change detection alarm.

could only achieve a 63% change detection accuracy. It was proposed in [18] that the MODIS 8-day NDVI time
Index Terms—change detection, extended Kalman filter, time- Series be modeled as a single, but triply modulated cosine
series function, where the meap, amplitudea and the phase
values are a function of time. The parameters of the triply
. INTRODUCTION modulated cosine function were estimated using a non4linea

Anthropogenic land cover change has a major impact extended Kalman filter (EKF) and the consequent EKF derived
hydrology, climate and ecology [1]. Remote sensing s#telliparameter sequences of the mean and amplitude were found
data provide researchers with an effective way to monittw be highly separable for natural vegetation and settlémen
and evaluate land cover changes [2], [3]. Operator-dependiind cover types [18]. This paper extended this methodology
image to image comparison is still the most prevalent way tf the change detection case by calculating a change metric
operationally mapping change, but is time consuming and gy means of spatial comparison of the EKF derived mean and
source intensive. Automated change detection reducesrhuramplitude parameter sequences of any given pixel with that o
interaction and enables large datasets to potentially be pits neighboring pixels (hereafter referred to as the EKmglea
cessed in a fraction of the time. Using multi-temporal cearsletection method). The underlying idea is that if the center
resolution satellite imagery to perform automated landecovpixel’s parameter sequences change significantly relative
change detection has however proved challenging [4]. Gharthe parameter sequences of its neighboring pixels, a change
detection using coarse resolution data could potentigliyded detected. It should also be noted that a change can be dktecte
as a first step in alerting and tasking high resolution stsll in the event that the neighboring pixels change concusrentl
of potential change events within the envisaged autonomouigh the center pixel, as this influences the neighborhood
Earth Observation sensor web [5]. Fully supervised changtistics.
detection methods using temporal satellite data have showrThe objective was to demonstrate that by making use of the
potential, but require a considerable amount of traininta daspatial, EKF-derived change metric and a threshold opéchiz
to be useful [6], [7], [8], [4]. The dearth of regional landusing simulated land cover change, an unsupervised change
cover training data makes unsupervised change detectiodetection method can be formulated that accurately detects
more attractive solution. change using MODIS NDVI time series data. In particular,
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Fig. 1. 500m MODIS Pixel covering Natural Vegetation andtiSetent land Fig. 2. NDVI time series of natural vegetation, settlement aimulated
cover in close proximity (courtesy of GoogMEarth) change pixels where the simulated change time series hadibg periods
of 6, 12 and 24 months respectively.

opted for during the optimization phase, since new settieme 2001/01 to 2008/01. As the majority of traditional change
are infrequently mapped on an ad hoc basis in South Africetection methods using time series data is based on NDVI
and the data on known settlement development amount t¢14], it was used in this paper to maximize comparabilityeTh
relatively small number of MODIS pixels. Second, the startse of Enhanced Vegetation Index (EVI) was considered but
date and rate of the land cover change could be controlledpreliminary results showed an insignificant performande ga
the simulated or synthetic data which greatly facilitates t over NDVI for the proposed method.

development and evaluation phases. After the method was op-

timized and performing well on simulated (synthetic) changC. Smulated Change Data

data, it was evaluated by applying it to examples of known neimulated change data were created by linearly blending a
settlement development in South Africa. The change detectiime series of a pixel covered by natural vegetation with tha

accuracy of the EKF method was also compared with that gf a pixel of a settlement which is in close proximity to eresur
an annual MODIS NDVI differencing method introduced byhat the rainfall, soil type and local climate was simildgufe

Lunetta et al. [14]. 1 shows a typical MODIS pixel covered by natural vegetation
and a settlement pixel in close proximity. Figure 2 shows the

[I. DATA DESCRIPTION corresponding NDVI time series from 2001/01 to 2008/01 for

A. Sudy Area each of these pixels as well as the simulated time seriesewher

The study area is located in northern South Africa and E(e blending period was set at 6, 12 and 24 months respegtivel

. X | ith the midpoint of the blending period being 2004/04. The
mostly covered by natural vegetation which predominantll -+ qate of change does not affect the method as long as
Eonsmft .Off graslslan?t,l sava?na an% shrubland. 'ﬁl large Nuills” change does not occur within the first two years of the
er t% In %rm"f[‘ tﬁe emen grhare . (c)jwever rapidly €Xpanipy| time series. The reason for this is that an initial two
Ing ‘throughout the aréa. The Study aréa COVErsS an afky: heriod should be allowed for the EKF to effectively krac
proximate 25000 krh having an upper left coordinate of

p e e00o e 7 . . the parameters of the triply modulated cosine model for each
(23°2012.09"S ; 28°35'25.18"E) and a lower right coordinate NDVI time series [18]. As will be described in section Il gh

of (25°00"14.59"S ; 30°06'58.30"E). algorithm uses a 3x3 pixel grid with the center pixel being

A total of 1497 examples of natural vegetation 500 . ; ; ; Y
MODIS pixels andi735 examples of settlement 500m MODlgtEompared to all neighboring pixels. It is however not reilis

pixels were identified within the study area. Each of thesg.:

X . . ; ighboring pixels remaining unchanged. For this readmm, t
pixels "‘f[ﬁ“?[ evaluat(]::‘cihusm% SPOTS high r%solutloln %ata &nter pixel together with a range of neighboring pixelsdze
ensure that noné of them nave experienced any 1and Coyel eight) were subjected to a simulated land cover change
change during the study period.

. . The simulated change for each of the neighboring pixels was
_Ofthe available 1479 natural vegetation and 1735 settlém ne in a similar ma?mer ensuring that theginitial s%ali[)e chea
pixels identified in the study area, a subset of 750 natulglisphoring pixel is in a vegetated state and graduallydsen
vegetation and 750 settlement pixels were used in the devel a settlement state
ment phase to create a simulated change and no-changetdatase ’
used to tentatively evaluate the change detection methoel. B known Change Data
remaining pixels where used together with the examples of

real change to determine the accuracy of the change dmec@amples of confirmed settlement development were obtained
method. y means of visual interpretation of high resolution Landsa

and SPOT images in 2000 and 2008 respectively. All settle-

ments identified in 2008 were referenced back to the same
B. MODIS Data physical area in 2000 and all the new settlement polygone wer
The 250 m MODIS NDVI (MOD13) data was initially con- mapped and the corresponding MODIS pixets 117) were
sidered for this application, but the bidirectional refteste so identified. At least 70% of the pixel had to have changed
distribution function (BRDF) effects caused a high degrder inclusion into the real change dataset. The data on known
of noise. The NDVI time series data was therefore derivezttiement development were used to obtain experimental
from 8 daily composite MCD43 BRDF-corrected, MODISesults using the EKF change detection method developed and
data with a spatial resolution of 500 m [21] for the perio®ptimized with the aid of the simulated data set.



I1l. M ETHODOLOGY whereé is a single valued change metric for the center pixel
A. EKF framework of the 3x3 pixel grid. The change metric for each of the pixels

in the study area was thus calculated by sliding a 3x3 pixel

The NDVI time series for a given pixel was modeled by arid over the entire study area and calculatinfgr the center
triply modulated cosine function given as pixel in each case

Y = i + oy cos(wk + ér) + vi, 1)

where y;, denotes the observed value of the NDVI time€. Annual NDVI Differencing Method

series at timek and v, is the noise sample at time. The The EKF change detection method was compared to a com-
cosine function is based on the angular frequencymean pytationally simple change detection method proposed by
p, amplitudea and the phase. The angular frequency can| ynettaet al. [14]. Using this method, the NDVI time series
be explicitly computed as» = 27 f where f is based on the \yas firstly filtered and cleaned using Fourier transfornmatio
annual vegetation growth cycle. Given the 8 daily compositgtering, thereafter the cumulative annual NDVI for each of
MCD43 MODIS data,f was calculated to be 8/365. Thethe pixels in the study area were calculated and differenced
values of ug, o and ¢, are functions of time, and mustfor consecutive years. A normal distribution is estimated f
be estimated given, for k € 1,...,N. An EKF was used the difference values of each year. Using standard normal
to estimate these parameters for every increment.othe gjstribution statistics, the pixels exhibiting the largesiuction

estimated values faty, = [u ax ¢x]" over timek effectively in total annual NDVI are labeled as changed pixels [14].
results in a time series for each of the three parameters [18]

B. EKF Change Detection Method IV. RESULTS AND DISCUSSION
Having the parameter sequence for, oy and ¢, for k € A. Optimizing the Method Using Smulated Change
1,..., N for a given pixel, a change detection method was The algorithm was firstly run on examples of natural vege-

formulated by comparing the parameter sequences of thé pitation pixels known not to have changed within the seven year
with that of its direct neighboring pixels. This effectiyel study period. The value of as calculated in Equation 6 was

means focusing on the center pixel o &3 grid of pixels and recorded for each pixel. Next, the algorithm was run on the
examining each neighboring pixel’s EKF parameter sequersienulated changed pixels as described in section 1I-C where
relative to the center pixel. It was previously establisheitie blending period was 6, 12 and 24 months respectively. The
that the¢ parameter sequence does not yield any significavdlue of§ was again calculated and recorded for each pixel.

separability between natural vegetation and settlemard la The change detection accuracy of the change detection
cover types and consequently only theand « parameter method having a varying blending period (6,12 and 24 months)
sequences were considered [18]. Theand « parameter as well as varying number of pixels having changed within the
sequence difference between the center pixel and an aybitrax3 pixel grid is shown in table I. The true positive (TP) and

neighboring pixel at timé: can be written as true negative (TN) values, which corresponds to the change
detection accuracy and false alarm rate respectivelythege
Dﬁ(n) =|ur—pupl nel,....8, (2) with the optimal decision threshold*) is shown for each

instance. The optimal threshold was calculated by conisiger
the probability density function af in the case of change and
no-change respectively and calculating the decision bagynd
WhereDk is the distance between tmq)arameter Sequencethat minimized the !:Otal probablllty of error. It is eViddnbm
of a selecrfed pixely() with its n’th neighboring pixel () the results shown in table | that the overall accuracy of the
at time k. D*,_. is the distance between the parameter algorithm decreases as the number of changed pixels within
Can . o \ : ; the 3x3 grid increases. This is to be expected as the spectral
sequence of a selected pixely) with its n’'th neighboring

; e : . ; signatures of settlement pixels in close proximity (i.ee th
pixel (o) at time k. Equation 2 and 3 can be combined as i siate of all the changed pixels in the 3x3 grid), are very

E_ k k similar. The pixels subjected to change within the 3x3 pixel
Dy =Dy + Doy n€ 1,8 ) grid would thus be correlated. This implies that the average
Having obtained the distance of the center pixel's paramegistance between the center and neighboring pixel's paeame
sequences relative to each of the neighboring pixel’'s patem stream would decline, which effectively reduces sepaitgbil
sequences, these could be combined at timby simply of the distribution ofé for the change and no-change case
adding all the values oD* n € 1,...,8 at timek respectively. These results using the simulated change dat
provides an optimization method for establishing threghol
L 8 L values of the change metric. The ability of the proposed
DF=3"D} kel,...,N. (5)  method to detect real change was tested next.
n=1

k
Da(n

y=lax —ag| nel,....8, 3)

Having vectorD = [D' D? D* ... D"], a change metric B, Change Detection Accuracy for Known Change

was derived by firstly determining how the relative distance s with most unsupervised chanae detection methods. the
of the parameter sequences between the center pixel and itgS ! Insup ang ot '
ection of a suitable threshold is a non-trivial task [18§

neighboring pixel changes through time. This was done | ! :
differentiating the vectoiD. A single change metric was thentlé)}%ihséhg\gtri‘n;glt?h?ezhmoﬁé?}eviggg%%?vfggﬁgrgpegrﬁéﬁsgugi Ehaéble

derived by summing all the values of the differentiated : ke
vector to yield rate of change as well as the number of pixels changing in the
3x3 pixel grid. By lowering the threshold, the change détect
N rate increases at the cost of increasing the number of false
5= Z |DF — D*1|, (6) alarms. The approach in selecting the threshold for reaigha
P detection was to firstly determine the range of the threshypld



TABLE | o: w r .
TRUE POSITIVE (TP), FALSE POSITIVE (FP)AND OPTIMAL THRESHOLD wasls
§* FOR EACH BLEND PERIOD AND NUMBER OF PIXELS HAVING CHANGED ST e ‘ ; ' : i
# of pixels 6 .
: month 12 month 24 month 5
changed in | " 0ng blend blend :
3x3 grid g
TP = 92% TP =92% | TP = 100% 3
1 FP = 8% FP = 8% FP = 13%
0" =1.68 6" =1.68 " =1.51
TP = 92% TP =92% | TP = 100%
2 FP = 8% FP = 8% FP = 13%
(5* - 166 5* = 166 (5* = 151 021001 21;02 2&03 20‘04 T 20‘05 20‘05 20Ju7 2008
TP =92% | TP =93% | TP = 100% o
3 FP = 8% FP = 9% FP = 13% Fig. 3. Mean parameter sequence comparison of a 3x3 pixelvgth the
0" =1.65 6" =1.64 0" =1.51 center pixel experiencing a real change.
TP = 92% TP =92% | TP = 100%
4 FP = 9% FP =10% | FP=13% known to have changed. It is evident seen that as with the
6"=1.63 | 0" =162 6" =151 simulated change experiment, the real change center pixel
TP =93% | TP=93% | TP =88% parameter stream deviates from that of its neighboringlgixe
5 FP=10% | FP=11% | FP=16% To directly compare the performance of the EKF and annual
" =16 6" =1.58 6" =144 NDV!I differencing change detection methods, the corredpon
TP=93% | TP=93% | TP =85% ing negative thresholdz(value) was chosen so that the false
6 FP=11% | FP=12% | FP =19% alarm rate for the method in [14] would also b&%. The false
5" =156 o" =1.54 =14 alarm rate could easily be determined by considering a set of
TP =93% | TP=92% | TP =82% no-change pixels in the study area, the availability of \hic
7 FP=13% | FP=13% | FP =23% is typically not problematic given the ratio between change
§* =1.52 §* =151 §* =1.36 and no-change pixels in a regional landscape. It is evident
TP=92% | TP=90% | TP =72% from table Il that the change detection accuracy of the annua
8 FP=15% | FP=15% | FP =24% NDVI differencing method [14] at a false alarm rate %
0% =1.47 §* = 1.46 0* =134 was 63% whereas the change detection accuracy of the EKF
TP =90% | TP=90% | TP =64% change detection method % which corresponds with the
9 FP=17% | FP=19% | FP =23% change detection accuracy for the simulated change data as
§* = 1.42 §* =14 5 =1.36 shown in table |I.

anticipating the rate and area of change that is charatitesfs
the type of change that is expected. New settlement formsti

To demonstrate that the selection of1a% false alarm
rate did not significantly disadvantage either algorithhe t

(gerformance of each algorithm at the optimal threshold was

Iso reported in table Il from which it is clear that the pre-

in the study area where found to typically (more than 90%|ected threshold was withit0% of the optimal threshold

of the time) be between 0.25 and 1 knwhich relates to

of each algorithm. A possible explanation for the differenc

between one and four 500m MODIS pixels. Therefore, thg the performance of the two methods could be that the
3x3 neighborhood analysis should be very effective for thisKe method considers a 3x3 grid of pixels whereas the
type of land cover change.

The rate of real land cover change is very difficult tehat considers all the pixels in the study area. The latter

annual NDVI differencing method uses a statistical appnoac

determine with only two satellite images (one Landsat imaggproach could have difficulty in detecting land cover cheang
in 2000 and one SPOT image in 2008), and may vary frofhen the study area is inhomogeneous (for example due to
6 months to 24 months. From simulation results shown painfall variations etc.) and the difference in annual NDM|
table 1, the optimal threshold ranged betwele68 for a one some no-change areas in the study area is comparable with
pixel change with a land cover transition of 6 months anghanged pixels. The NDVI differencing method reduces the
1.51 for a four pixel change with a land cover transition of 24ight day composited time series over the seven year period
months. The best change detection rate will be achieved feyan effective seven observations by only consideringdte t
selecting a lower threshold with the trade-off being a high@nnual NDVI value for each year. The EKF method, on the
false alarm rate. The corresponding false alarm rates ®r thther hand, makes use of the entire time series by updating
aforementioned threshold values are 8% and 13% respectivehe mean and amplitude parameter sequence for each eight day
The task at. hanq is thus to sellect.the maximum allqwable falsieservation and spatially comparing the parameter segsenc
alarm rate in this range keeping in mind that the highesefalgith all the neighboring pixels. This allows for real timeasial
alarm rate would yield the best change detection accuraggmparison of the model parameters, which was shown in [18]
Unfortunately, the optimal threshold will vary in this raagf to be separable for settlement and vegetation land covestyp
values based on the number of pixels changing and duratiomro demonstrate that the accuracy of the proposed EKF
of the change and can not be explicitly inferred (Table I). Ibhange detection method lies in combining the spatial ap-
our case, a 13% threshold was selected as this was foungpit@ach with the EKF derived parameter sequences, an exper-
be a tolerable false alarm rate given the fact that the changgnt was done using the spatial comparison of the NDVI
detection accuracy would not be compromised. time-series of the 3x3 pixel grid. The methodology proposed
The proposed algorithm was then deployed in the detection section IlI-B was used in the exact same way, the only
of new settlement formations using real change data. Figutiéference being that instead of the EKF parameter seqsence
3 shows theu parameter sequence for a center pixel that waing compared, the actual NDVI time-series for each pixel



TABLE Il

REAL CHANGE DETECTION detect other forms of land cover change, and is currentlyund
investigation.
#
. Real REFERENCES
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