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The state-con trolled ra di a tion en vi ron ment au to matic mon i tor ing sta tions are im por tant fa -
cil i ties for mon i tor ing the qual ity and trends of the ra di a tion en vi ron ment. How ever, the
anal y sis and uti li za tion of mon i tor ing data from these sta tions have lim i ta tions. To ad dress
this is sue, this pa per pro poses an ap proach that uti lizes the high-di men sional data vi su al iza -
tion method based on t-SNE and PCA-BIRCH al go rithm's spec trum clus ter ing model to
clas sify his tor i cal spec trum data. Sub se quently, a lo cal out lier fac tor-based en vi ron men tal
spec trum ab nor mal fluc tu a tion de tec tion model is es tab lished to en hance dis crim i na tion of
non-en vi ron men tal fac tors caus ing spec trum anom a lies. Re sults in di cate sig nif i cant dif fer -
ences in spec trum ag gre ga tion un der dif fer ent me te o ro log i cal con di tions. The clus ter ing al -
go rithm ef fec tively sep a rates clear and rainy weather spec tra based on spec tral fea tures, with
min i mal time con sump tion and re duced in ter fer ence from mixed spec trum data. By uti liz ing
lo cal den sity fea tures, we es tab lish an anom aly de tec tion model, as sign ing an ab nor mal score
to each spec trum. Com par a tive anal y sis dem on strates im proved discriminability of the
anom aly de tec tion model for un clas si fied datasets. Our al go rithm ac cu rately iden ti fies spec -
trum fluc tu a tions caused by non-en vi ron men tal fac tors amidst com plex back grounds, of fer -
ing valu able tech ni cal sup port for en vi ron men tal qual ity as sur ance and nu clear emer gency de -
ci sion-mak ing.
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INTRODUCTION

Cur rently, China has built and op er ated 500 na -
tional ra di a tion en vi ron ment air au to matic mon i tor ing
sta tions (here in af ter re ferred to as au to matic sta tions).
More over, the cen tral gov ern ment has in vested 1.2 bil -
lion yuan to build a ra di a tion au to matic mon i tor ing net -
work cov er ing all dis tricts and cit ies in the coun try [1].
Through ra di a tion en vi ron ment qual ity mon i tor ing and
su per vi sory mon i tor ing, it is pos si ble to com pre hen -
sively grasp the qual ity sta tus of the ra di a tion en vi ron -
ment, changes in ra di a tion en vi ron ment trends, and
emis sions of ra dio ac tive pol lut ants. This ap proach pro -
vides a sci en tific ba sis for en vi ron men tal law en force -
ment and ra di a tion pol lu tion pre ven tion, meets the pub -
lic's right to know about the en vi ron ment, and plays an
im por tant role in en sur ing the healthy de vel op ment of
nu clear en ergy and nu clear tech nol ogy uti li za tion.

Now a days, the hard ware fa cil i ties of the ra di a -
tion mon i tor ing net work are com plete, with some
func tions of re mote data trans mis sion and stor age [2].
How ever, there are still some is sues to be ad dressed in
the data uti li za tion and pro cess ing, mainly due to the
sig nif i cant short com ings in the anal y sis and uti li za tion 
of mon i tor ing data from au to matic sta tions on the ex -
ist ing data plat form. There is a lack of anal y sis and
eval u a tion stan dards for NaI en vi ron men tal spec tra,
and the mon i tor ing and alarm func tions of the spec -
trum data have not been ef fec tively uti lized. Due to the 
scat tered dis tri bu tion of au to matic sta tions, they are
af fected by nat u ral en vi ron men tal and me te o ro log i cal
fac tors such as rain fall, and the types of nuclides in the
en vi ron men tal spec trum are com plex and have low ac -
tiv ity. It is dif fi cult to achieve good re sults, whether
based on spec trum de com po si tion or full spec trum
anal y sis meth ods. There fore, there is an ur gent to es -
tab lish a de tec tion model that is not sen si tive to the
fluc tu a tion of com plex en vi ron men tal ra di a tion of NaI 
spec trom e ters.
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In tra di tional gamma spec trum qual i ta tive anal -
y sis, the iden ti fi ca tion of nu clide spe cies is typ i cally
achieved by com par ing the char ac ter is tic peaks in the
en ergy spec trum with a stan dard nu clide li brary. This
pro cess in volves spec tral smooth ing, peak find ing,
peak area de ter mi na tion, back ground de duc tion, full
en ergy peak fit ting, peak net area cal cu la tion, nu clide
iden ti fi ca tion, and ac tiv ity cal cu la tion [3]. How ever,
dur ing ac tual mea sure ments, en vi ron men tal noise can
in ter fere with the anal y sis, es pe cially when us ing a
NaI gamma spec trom e ter with low en ergy res o lu tion.
If the sub stance to be mea sured con tains many types of 
nuclides, low con tent, and com plex me dia, and in
com plex en vi ron ments such as high back ground, the
mea sured gamma line will be quite com pli cated.
There fore, more ad vanced spec tral anal y sis al go -
rithms are re quired to ob tain ac cu rate results.

The en ergy spec trum anal y sis method based on
peak anal y sis has un der gone ad vance ments over time.
It started with the peak area method [4] and has since
pro gressed to in clude the spec tral strip ping method
[5], in verse ma trix method [6], trace by trace least
squares method [7], and func tion fit ting peak area
method [4]. In the case of sim i lar types of nuclides in
the mixed sam ple, there can be a sig nif i cant over lap of
en ergy peaks in the spec tral lines. In such cases, the
least squares method is of ten ef fec tive. This method
aims to find the best func tion that matches the data by
min i miz ing the sum of squared er rors. For spec tral
lines, it es sen tially in volves ap ply ing a low-pass fil ter
to re move high-fre quency noise from the spec tral
lines. The func tion fit ting peak area method in volves
di vid ing the en ergy spec trum into sev eral re gions, fit -
ting each re gion's full en ergy peak with a func tion, and 
then in te grat ing the func tion to ob tain the peak area.
This ap proach can ob tain the nu clide cat e gory and ac -
tiv ity of the en ergy spec trum.

In their re search, Liu et al. [8] ap plied the en -
tropy av er ag ing method to elim i nate ran dom in ter fer -
ence in gamma spec trum mea sure ments. They se -
lected mul ti ple points on the rock pro file and ob tained
cer tain re sults. Fu [9] uti lized the least squares fit ting
and five-point fit ting smooth ing meth ods to fit spec -
tral lines and en hanced the orig i nal SNIP al go rithm by
im ple ment ing a dy namic win dow through peak
bound ary count ing. Ad di tion ally, they re placed the
orig i nal sec ond-or der fil ter ing func tion with a
fourth-or der fil ter ing func tion, re sult ing in a back -
ground de duc tion rate of over 95 %. Yang Kui em -
ployed the 3-point cen ter of grav ity method, the least
squares mov ing smooth ing method, and Gaussi an
low-pass fil ter ing to smooth gamma spec tra. They
com pared the ef fec tive ness of var i ous smooth ing
meth ods. The Gaussi an fit ting was used to fit the fea -
ture peaks, while the least squares method was em -
ployed to de com pose the heavy peaks, achiev ing good
re sults [5]. Zhao et al. [10] ap plied back prop a ga tion
(BP) and OLAM neu ral net works to de velop por ta ble

HPGe gamma spec tral nu clide rec og ni tion sys tems. Li 
[11] com bined the Monte Carlo method with a dou -
ble-layer BP neu ral net work al go rithm. They used the
dou ble-layer BP neu ral net work to in te grate sim u lated
data with mea sured data, suc cess fully an a lyz ing
gamma spec trum data. Wang C. J., et al. [12], and
Wang Y. et al. [13], uti lized the fuzzy rec og ni tion
mech a nism of gamma spec tros copy fin ger print to per -
form en ergy spec tra anal y sis and nu clide iden ti fi ca -
tion. Ren  et al. [14] pro posed a method based on sin -
gu lar value de com po si tion to ex tract fea ture vec tors
and uti lized them as in put to sup port vec tor ma chines
for con struct ing clas si fi ers. This method ad dresses
chal lenges such as in sig nif i cant spec tral fea tures and
low rec og ni tion ac cu racy in com plex gamma-ray
spec tra. It re duces the re quire ments for de tec tor ac cu -
racy, min i mizes the im pact of pa ram e ter set tings, and
en hances the rec og ni tion ca pa bil ity for mixed
nuclides. Zhang et al. [15] pre sented a method for ex -
tract ing gamma spec trum fea tures us ing sparse rep re -
sen ta tion. This method tack les the chal lenge of fea ture 
ex trac tion in sit u a tions where heavy peaks and strong
noise back grounds co in cide with weak peaks in
gamma spec trum anal y sis. Liu [16] con ducted a study
on the ap pli ca tion of fuzzy de ci sion trees in gamma
spec tros copy, ef fec tively cap i tal iz ing on their ad van -
tages, in clud ing clear model struc ture and soft de ci -
sion-mak ing. A dy namic di vi sion of the sam ple space
was em ployed to ac cu rately iden tify nu clide types in
var i ous sce nar ios, in clud ing those in volv ing small
sam ples, lim ited at trib utes, and both sin gle and mixed
nuclides.

While cur rent full spec trum anal y sis meth ods
widely em ploy com plete spec trum in for ma tion, they
pri mar ily fo cus on HPGe gamma spec trom e ter spec tra 
un der con trolled lab o ra tory con di tions. In the case of
en vi ron men tal NaI spec tra anal y sis ad dressed in this
ar ti cle, these meth ods are not fully ap pli ca ble, re sult -
ing in high rates of false positives and false neg a tives.

This pa per ad dresses the sig nif i cant short com -
ings in the anal y sis and uti li za tion of mon i tor ing data.
The t-SNE (sto chas tic neigh bor em bed ding) method,
which is ef fec tive for high-di men sional data vi su al iza -
tion, is used to per form spec trum di men sional re duc -
tion anal y sis un der dif fer ent me te o ro log i cal con di -
tions. Ad di tion ally, the PCA-BIRCH clus ter ing
model, ca pa ble of high-qual ity clus ter ing of large
datasets with lim ited mem ory re sources, is uti lized to
clas sify his tor i cal spec trum data. Also, other clus ter -
ing meth ods are se lected for com par i son to avoid in -
ter fer ence caused by mixed types of mon i tor ing data
on sub se quent anom aly data de tec tion and ap pli ca -
tions. Based on the dataset clas si fi ca tion, an lo cal out -
lier fac tor (LOF) al go rithm-based spec trum anom aly
dis crim i na tion model is es tab lished us ing the lo cal
den sity fea tures of the dataset. The model ob tains the
anom aly score of the spec trum, where an anom a lous
score much greater than 1 in di cates that the data point
may be an out lier. Com par ing the dis crim i na tion re -
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sults on the un clas si fied dataset dem on strates that
clus ter ing anal y sis of the dataset can ef fec tively im -
prove the dis crim i na tion of the anom aly de tec tion
model on ab nor mal data points. The clus ter ing anom -
aly de tec tion al go rithm proves ca pa ble of dis crim i nat -
ing the fluc tu a tions of the spec trum caused by non-en -
vi ron men tal fac tors un der com plex en vi ron men tal
con di tions, pro vid ing strong guar an tees for data qual -
ity in au to matic ra di a tion mon i tor ing and nu clear
emer gency mon i tor ing. It im proves the time li ness, ac -
cu racy, and fore sight of ra di a tion mon i tor ing work,
pro vides data sup port for en hanc ing the gov ern ment's
cred i bil ity in nu clear emer gen cies, of fers tech ni cal
sup port for na tional nu clear and ra di a tion su per vi sion
work, and pro vides strong guar an tees for na tional en -
vi ron men tal and pub lic safety.

PRINCIPLE OF RADIATION DETECTOR

Cur rently, the au to matic sta tions in China use
spec trom e ters with an en ergy range be tween 30 keV to 3
MeV and a work ing tem per a ture range of –20 °C to +60
°C. The spec trom e ter con sists of a NaI scintillator, a
PMT photomultiplier tube, a GM de tec tor (op tional), an
MCA multi-chan nel an a lyzer, and an em bed ded PC, as
shown in fig. 1. The re search ob ject and data source of
this ar ti cle is the NaI spec trom e ter used in au to matic sta -
tions [17], and the spec trum is shown in fig. 2.

DATA VISUALIZATION ALGORITHM

Principle of stochastic neighbor
embedding algorithm

The SNE is a man i fold learn ing method pro -
posed by Hinton and oth ers [18]. It re places tra di tional 
Eu clid ean dis tance with con di tional prob a bil ity dis -

tance to mea sure the sim i lar ity be tween sam ple points
and has better vi su al iza tion ef fects in high-di men -
sional data vi su al iza tion [19].

As sum ing  the in put data is X Î Rn, Out put data
is Y Î Rt (t n n), As sum ing there are m sam ple data
{x(1), x(2), …, x.m}, therein x(i) Î X, the data af ter
dimensionality re duc tion is {y(1), y(2), …, y(m)}, y(i) Î
Y. The SNE con verts the Eu clid ean dis tance be tween
points into a con di tional prob a bil ity, which ex presses
their sim i lar ity. Spe cif i cally, SNE first cal cu lates the
con di tional prob a bil ity, which is pro por tional to the
sim i lar ity be tween point and point. The for mula for
cal cu lat ing this prob a bil ity is
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where di is the vari ance of the Gaussi an dis tri bu tion
cen tered at x (i).

For data points y (i) in low di men sions, the con di -
tional prob a bil ity qj|i is used to de scribe the sim i lar ity be -
tween y (i) and y (j), and the for mula for re de fin ing qj|i us -
ing the t dis tri bu tion is
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Algorithm principle of BIRCH

The BIRCH is a bal anced it er a tive and clus ter ing 
us ing hi er ar chi cal meth ods. Its main fea ture is the abil -
ity to achieve high-qual ity clus ter ing on large datasets
us ing lim ited mem ory re sources while min i miz ing I/O
costs by scan ning the dataset in a sin gle pass. The
BIRCH is based on the con cepts of clus ter ing fea tures
(CF) and CF trees. The CF is es sen tially a sum mary of
sta tis ti cal in for ma tion for a given clus ter, which can be 
used to cal cu late other met rics. The met rics for a sin gle 
clus ter in clude
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Among them, the ra dius R and di am e ter D can
re flect the tight ness of the clus ter around the cen troid.
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Fig ure 1. Hard ware struc ture sche matic di a gram of NaI
en ergy spec trom e ter

Fig ure 2. En vi ron men tal NaI en ergy spec trum



DATA CLUSTERING EFFECT
ANALYSIS

Analysis of visualization results of energy
spectrum data based on t-SNE

The his tor i cal en ergy spec trum data from a sta -
tion in 2019 was se lected and pro cessed by daily av er -
ag ing, re sult ing in a to tal of 298 ef fec tive data points,
of which 138 are for rainy days and 160 are for
non-rainy days. The en ergy spec tra are 1024-di men -
sional. The en ergy spec trum is com pressed from
1024- di men sions to 2-D us ing the t-SNE al go rithm,
and the re la tion ship be tween the en ergy spec trum and
rain fall is re flected by the type and size of the data
points, as shown in fig. 3. By ob serv ing the 2-D dis tri -
bu tion of en ergy spec trum data points and their re la -
tion ship with rain fall, it can be de ter mined that the
char ac ter is tics of the en ergy spec trum on rainy days
are sig nif i cantly dif fer ent from those on non-rainy
days, re sult ing in the for ma tion of sep a rate clus ters in
low-di men sional vi su al iza tion plots. How ever, af -
fected by the rain fall in ten sity, the im pact of en ergy
spec trum data on rainy days is rel a tively small when
the rain fall is low, re sult ing in some data points of
rainy days be ing mixed in non-rainy en ergy spec trum
clus ters. As the in flu ence of rain fall in creases, the
spec trum of rainy days grad u ally forms in de pend ent
clus ters.

Effect analysis of energy spectrum
clustering based on PCA-BIRCH

Se lect ing the daily av er age en ergy spec trum data 
of a site in 2019, and us ing the BIRCH clus ter ing al go -
rithm to di vide the en ergy spec trum data into two clus -
ters: rainy-day spec trum and sunny-day spec trum. The 

re sult ing clus ter ing was vi su al ized us ing the t-SNE al -
go rithm. To eval u ate the per for mance of the BIRCH
al go rithm, we com pared the clus ter ing re sults with the
ac tual data point dis tri bu tion and also com pared it with 
other clus ter ing al go rithms to ver ify its ef fec tive ness
in this prob lem.

The re sults of en ergy spec trum clus ter ing based
on the BIRCH al go rithm are shown in fig. 4. The cir -
cu lar dots rep re sent data points with rain fall greater
than zero on that day, while the crosses rep re sent data
points with zero rain fall. The solid and hol low dots
rep re sent the clus ter ing re sults, where hol low dots
rep re sent rainy-day spec tra and solid dots rep re sent
sunny-day spec tra. In the 2-D spec tral dis tri bu tion vi -
su al ized by the t-SNE al go rithm, it can be seen that the
solid and hol low dots are clus tered dif fer ently. In the
clus ter of solid dots, there are mixed non-rain fall data
points and rain fall data points, in di cat ing that the
BIRCH al go rithm also clas si fied the part with rain fall
but had lit tle im pact on spec tral fea tures into
sunny-day spec tra. In the clus ter of hol low dots, all the
data points have rain fall greater than zero, and this part 
of the spec trum is sig nif i cantly af fected by rain fall, re -
sult ing in a sig nif i cant dif fer ence in spec tral fea tures
com pared to sunny-day spec tra.

In ad di tion, other clus ter ing meth ods are also se lected 
for com par i son, as shown in fig. 4. From top left to bot tom
right, GaussianMixture, KMeans, SpectralClustering, and
MeanShift al go rithms were used for spec tral clus ter ing and
their vi su al iza tion re sults were shown. Com pared with fig.
5, GaussianMixture, KMeans, and MeanShift all have sim -
i lar prob lems, the tran si tion state be tween the rainy spec -
trum and the sunny spec trum can not be well dis tin guished.
For ex am ple, in the up per-left fig ure, some square data
points in the mixed clus ter of rain fall spec tra and non-rain -
fall spec tra were iden ti fied as rainy-day spec tra. The clus -
ter ing ef fect of SpectralClustering in the lower left is in ef -
fec tive due to the high dimensionality of the data. By
com par ing the ef fect with other clus ter ing al go rithms, the
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Fig ure 3. The 2-D vi su al iza tion of spec tral data

Fig ure 4. Spec tral clus ter ing ef fect based on BIRCH



BIRCH al go rithm has better per for mance in spec tral data
clus ter ing in this pa per. It can ef fec tively sep a rate
sunny-day spec tra and rainy-day spec tra ac cord ing to spec -
tral fea tures, and due to the char ac ter is tics of the BIRCH al -
go rithm, it can com plete high-qual ity clus ter ing of a large
amount of spec tral data us ing lim ited mem ory re sources.
Also, the sin gle-pass scan ning method can min i mize I/O
costs and re duce the time con sump tion of each clus ter ing.

Site history spectral cluster

We have se lected his tor i cal spec tral data from the
site in 2019, which were re corded ev ery 5 min utes and
in cluded 1024 chan nels of par ti cle counts. There is a to tal 
of 83882 valid data re cords. To re duce the data fluc tu a -
tion of the en ergy spec trom e ter, we av er aged six con sec -
u tive sets of en ergy spec trum data. This ex tended the par -
ti cle count ing pe riod of the in stru ment from 5 min utes to
30 min utes, re sult ing in a to tal of 16475 sets of valid data. 
The PCA was used to re duce the dimensionality of the
spec tral data from 1024 to 50, and then the BIRCH al go -
rithm was used for clus ter ing anal y sis. The data was di -
vided into a sunny-day spec tral dataset and a rainy-day
spec tral dataset ac cord ing to the clus ter ing la bels. The
clus ter ing re sults are vi su al ized in fig. 6. Through the
dimensionality re duc tion clus ter anal y sis of the en ergy

spec trum dataset, it is di vided into rainy-day spec tra and
sunny-day spec tra. The cir cu lar dots in di cate sunny-day
spec tral data, while the crosses in di cate rainy-day spec -
tral data.

Anomaly detection algorithm
for local outlier factors

The key to den sity-based out lier de tec tion meth -
ods is to as sign a den sity value to each data point. The
main idea is that, for any given data set, if the points in
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Fig ure 5. Com par i son of en ergy spec trum clus ter ing ef fects of dif fer ent al go rithms

Fig ure 6. Spec tral clus ter ing per for mance of a site's
his tor i cal data



its neigh bor hood are dense, it is con sid ered a nor mal
data point, while if the points in its neigh bor hood are
far apart, it is con sid ered an out lier. The thresh old is
used to de fine whether it is an out lier. In den sity-based
anom aly de tec tion meth ods, the lo cal out lier fac tor
(LOF) [20-22] al go rithm is one of the most rep re sen ta -
tive meth ods. The rel e vant def i ni tions of the LOF al -
go rithm are as fol lows:
– d(O, P): the dis tance be tween two points O and P;
– the kth dis tance dk (O) for point O is de fined as fol -

lows: dk (O) = d(O, P), and sat isfy:
(a) there are at least k points not in clud ing O in the

set P' Î C{x ¹ 0}, sat isfy d(O, P') £ d(O, P)
(b) there are at most k – 1points not in clud ing O in

the set P' Î C{x ¹ 0}, sat isfy d(O, P') £ d(O, P);
the kth dis tance of O, that is, the dis tance from the 
kth far thest point of O, as shown in fig. 7.

– The kth dis tance neigh bor hood, that is, the neigh -
bor hood Nk (O) within the point O to dk (O), con -
tains all points within the kth dis tance of O, in clud -
ing those on the kth dis tance. There fore, the

num ber of kth neigh bor points of O is |Nk (O)| ³ k.
– Ac cord ing to fig. 8 the kth reach able dis tance from

point P to point O is de fined as

d O P d O d O Pk k( , ) max{ ( ), ( , )}= (5)

The kth reach able dis tance from point P to point
O is at least the kth dis tance of point O. The k points
clos est to point O, have the same reach able dis tance to
point O, and they are all equal to dk (O)
– The lo cal reach able den sity is de fined as
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In di cates the av er age reach able dis tance from all 
points in the kth neigh bor hood of point O to O. If point
O and the sur round ing neigh bor hood points are in the
same clus ter, then the reach able dis tance is more likely 
to be a smaller dk (O), re sult ing in a smaller sum of

reach able dis tances, the greater the lo cal reach able
den sity. If O is far away from the sur round ing neigh -
bor points, then the reach able dis tance may take a
larger value d(O, P), re sult ing in a larger sum of reach -
able dis tances and a smaller lo cal reach able den sity.

Lo cal out lier fac tor

Ac cord ing to the def i ni tion of lo cal reach able
den sity, when a data point is far away from other
points, its lo cal reach able den sity is likely to be
smaller. The LOF al go rithm de ter mines whether a data 
point is an out lier based on its rel a tive den sity to its
neigh bor ing data points, rather than its ab so lute lo cal
den sity. There fore, the al go rithm per forms well in sit -
u a tions where data den sity and dis tri bu tion are dif fer -
ent or un even. The lo cal out lier fac tor is de fined by the
lo cal rel a tive den sity. The lo cal rel a tive den sity is de -
fined as the ra tio of the av er age reach able den sity of
the neigh bor hood points of point O to the lo cal reach -
able den sity of point O [23-26] Right now
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Ac cord ing to the def i ni tion of the lo cal out lier
fac tor, the anom aly score of a data point fluc tu ates
around 1. If the anom aly score is less than 1, it in di -
cates that the data den sity near the data point is high,
and the prob a bil ity of be ing an out lier is rel a tively low. 
If the anom aly score is far greater than 1, it in di cates
that point P is far away from other data points and is
likely to be an out lier.

Anomaly detection model of energy
spectrum based on the LOF method

The aim of anom aly de tec tion for the sta tion
spec trum data in this pa per is to dis tin guish the spec -
trum anom aly fluc tu a tions caused by non-en vi ron -
men tal fac tors un der com plex con di tions. To achieve
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Fig ure 7. The 5th dis tance of point O Fig ure 8. Sche matic di a gram of reach able dis tance



this, an anom aly de tec tion model has been es tab lished
to de tect and dis crim i nate spec tra with dif fer ent clus -
ter dis tri bu tions based on the prior dis cus sion of clus -
ter ing of his tor i cal en ergy spec trum data.

Due to the par tic u lar ity of the en vi ron men tal
spec tra of au to matic sta tions, the prob a bil ity of nu -
clear anom aly events is ex tremely low. For the his tor i -
cal data set of the cur rent sta tion, it can be con sid ered
that there is no ob vi ous nu clide anom aly event. In the
pro cess of es tab lish ing the anom aly de tec tion model
for the spec tra, the lack of la beled ab nor mal spec tra
makes it im pos si ble to di rectly as sess the ef fec tive ness 
of the de tec tion model. To ad dress this is sue, Gaussi an
peaks are added to the ac tual spec trum to sim u late the
spec trum anom aly fluc tu a tions. The fit ted Gaussi an
peak shown in fig. 9, where the x-axis rep re sents chan -
nel num ber and the y-axis rep re sents par ti cle counts,
has a count of 1000. The fit ted spec trum data serves as
the ab nor mal data points, and the de tec tion of ab nor -
mal data points by the de tec tion model is used as the
eval u a tion in dex of the model's ef fec tive ness.

Due to the high dimensionality of en ergy spec -
trum data, which has 1024 di men sions, many tra di -
tional out lier de tec tion meth ods are in ef fec tive and are 
af fected by the curse of dimensionality. To over come
this chal lenge, we chose the LOF al go rithm to es tab -
lish a spec trum anom aly dis crim i na tion model. Un like
dis tance-based or den sity-based al go rithms, the LOF
al go rithm re lies on the lo cal out lier fac tor score, which 
is based on the lo cal rel a tive den sity of data points and

is less lim ited by dimensionality. The LOF method
pro vides a quan ti ta tive mea sure of the de gree to which
an ob ject is an out lier and can han dle well even if the
data set has re gions of dif fer ent den si ties [27-32]. The
pro cess of en ergy spec trum anom aly dis crim i na tion is
shown in tab. 1.

Analysis of anomaly detection
model results

The test datasets in clude a sin gle weak peak test
dataset, a sin gle strong peak test dataset, and a mul ti ple 
weak peak test dataset (with a sin gle weak peak added
to the spec trum as shown in fig. 10, a sin gle strong
peak added to the spec trum as shown in fig. 11, and
mul ti ple weak peaks added to the spec trum as shown
in fig. 12). The ef fec tive ness of the anom aly de tec tion
model based on the LOF al go rithm was tested us ing
these datasets. The LOF al go rithm model was also
tested us ing the uncategorized dataset to ver ify if spec -
trum clus ter ing en hances the abil ity of the model to de -
tect spec trum anom a lies.

For each trial, 20 sets of spec tra data were ran -
domly se lected from the anom aly dataset and added to
the nor mal dataset. Each anom aly de tec tion model was 
uti lized to iden tify the anom a lous data points in the
test dataset, and the num ber of iden ti fied anom a lous
points was used as the model eval u a tion met ric. This
pro cess was re peated five times The model di rectly
out puts the out lier score of this set of data. There fore,
by sort ing the out lier scores of the data set, the top 30
out lier scores were used as pre dicted ab nor mal data
points. The num ber of real ab nor mal data points
served as the model de tec tion re sult. The re sults are as
fol lows in tab. 2 shows.

The LOF-based de tec tion model suc cess fully
iden ti fied over 80 anom a lous data points in the sin gle
weak peak, sin gle strong peak, and mul ti ple weak
peak datasets. No ta bly, it per formed ex cep tion ally
well in the sin gle strong peak dataset, cor rectly iden ti -
fy ing 99 anom a lous data points. Ad di tion ally, the per -
for mance of the model was im proved af ter clus ter ing
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Fig ure 9. Fit ting gaussi an peak

Table 1. The algorithm steps of LOF

The detailed process of the algorithm is as follows:

· Data: Spectrum data of the test set x1, ..., xn

· Calculation parameters: Positive integer K (Used to calculate the k-th distance)

· Output: Local outlier factors for each spectral data

· Start:

          ¨ Computes the Euclidean distance between each data point and other objects.

          ¨ Sort the distances, computing the k-th distance and k-th distance neighborhood for each data point.

          ¨ Calculate the local reachable density of each data point according to formula (4.2)

          ¨ Calculate the local outlier factor for each data point according to formula (4.3)

· Finish

· The local outlier factor is used as the abnormal score of the data point, and sorted,
   and the data point with a high abnormal score is the abnormal point



the spec tra data. By add ing a fit ted Gaussi an peak to
the spec tra data, the reachability dis tance be tween
neigh bor ing data points in creased, re sult ing in de -
creased lo cal reachability den sity. How ever, the LOF
al go rithm eval u ates data points based on their rel a tive
den sity to neigh bor ing data points, rather than their ab -
so lute lo cal den sity. This al lows the al go rithm to per -
form well un der con di tions of imbalanced data dis tri -
bu tion and vary ing den si ties. Fur ther more, the lo cal
rel a tive den sity is less af fected by dimensionality con -
straints. Thus, even in high-di men sional data with
sparse dis tri bu tion and min i mal dis tance dif fer ences,

the lo cal rel a tive den sity can still ac cu rately re flect the
de gree of data out li ers.

Energy peak resolution

The au to matic sta tion uti lizes the SARA gamma
spec trom e ter to mea sure en ergy spec trums. Since the
re la tion ship be tween par ti cle en ergy lev els and chan -
nel ad dresses can be ap prox i mately con sid ered lin ear,
a multi-point lin ear re gres sion can be used to ob tain
this func tional re la tion ship. In lab o ra tory ex per i -
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Fig ure 10. Com par i son of spec tra
be fore and af ter add ing a sin gle
weak peak

Fig ure 11. Com par i son of spec tra
be fore and af ter add ing a
sin gle strong peak

Fig ure 12. Com par i son of spec tra
be fore and af ter add ing mul ti ple
weak peaks

Table 2. Dataset test results

Dataset 1st round 2nd round 3rd round 4th round 5th round Total count Detection rate [%]

Single weak peak 18 18 18 16 16 86 86

Single weak peak
(unclassified) 17 17 16 15 16 81 81

Single strong peak 20 19 20 20 20 99 99

Single strong peak
(unclassified) 20 19 20 20 20 99 99

Multiple weak peaks 18 20 17 18 17 90 90

Multiple weak peaks
(unclassified) 17 16 17 17 84 84 84



ments, the mea sured re la tion ship be tween chan nel ad -
dresses and par ti cle en ergy lev els is as fol lows

y x= +04611 4 2626. . (8)

Due to the dif fer ences in per for mance be tween
en ergy spec trom e ters and the dis par i ties in test ing en -
vi ron ments, the en ergy cal i bra tion of the sta tion's en -
ergy spec trom e ter may de vi ate slightly from eq. (8).
How ever, the lin ear re la tion ship be tween chan nel ad -
dresses and en ergy lev els re mains the same. The en vi -
ron men tal spec trum con tains com plex nu clide spe cies
with low con cen tra tions, and the res o lu tion of the NaI
en ergy spec trom e ter is low. As a con se quence, di rect
spec tral anal y sis of the spec trum proves in ef fec tive,
and there are many sim i lar data points in the mea sured
spec trum. Per form ing spec tral anal y sis on each daily
spec trum data would re sult in a large num ber of re pet i -
tive cal cu la tions. There fore, spec tral anal y sis is only
per formed when the ab nor mal ity score of the spec trum 
ex ceeds a cer tain thresh old. Since the peak width cal i -
bra tion curve of the en ergy spec trom e ter has not been
cal i brated, only qual i ta tive anal y sis of nuclides can be
per formed. Con sid er ing the low in stru ment res o lu -
tion, the re sults of spec tral anal y sis sup ple ment the en -
ergy anom aly de tec tion and pro vide ad di tional in for -
ma tion to the op er a tors. The pro cess of spec tral
de com po si tion is shown in fig. 13.

The orig i nal en ergy spec trum is smoothed
through the av er age of mul ti ple data sets. Then, ac -
cord ing to the ref er ence en ergy spec trum de ter mined
based on the BIRCH method, the en ergy spec trum
shown in fig. 14 is ob tained af ter de duct ing the back -
ground. In the pro cess of pho to elec tric spec tral ef fect,
Compton ef fect, and form ing elec tron pair ef fect, es -
pe cially the Compton scat ter ing ef fect, gamma ray en -
ergy tends to drift to wards the low en ergy re gion of the
track, re sult ing in an in crease in gamma en ergy in the
low en ergy re gion. Con se quently, the spec tral lines
over lap se ri ously. There fore, there are higher en ergy
peaks in the low-en ergy re gion in the fig ure, but these
are the re sult of a large num ber of over lap ping spec tral
lines. How ever, there are ob vi ous char ac ter is tic peaks
in the in ter val from 100 to 220 tracks, The num ber of
peak cen ter sites is de ter mined by peak search ing. The
en ergy level of the nu clide can be de ter mined ac cord -
ing to the en ergy scale curve, and the ap prox i mate type 
of nu clide can be iden ti fied us ing the en ergy peak da -
ta base. The en ergy level of the re gion marked by the

red line in the fig ure is roughly 0.5 MeV, which cor re -
sponds to 222Rn. The main daugh ter of ra don, 214Pb, is
less ob vi ous on the left side. While spec tral anal y sis
pro vides in for ma tion about the nu clide type, its ac cu -
racy is lim ited by res o lu tion rate, fuzzy peak area
bound aries, high back ground lead ing to low rec og ni -
tion rates, or even mis judg ment. There fore, it should
be used as sup ple men tary in for ma tion for de tect ing
en vi ron men tal en ergy spec trum anom a lies to help nu -
clear emer gency per son nel make better de ci sions.

CONCLUSIONS

This ar ti cle ad dresses the short com ings of the cur -
rent anal y sis and uti li za tion of mon i tor ing data from au -
to matic sta tion de tec tors. To ad dress this is sue, the t-SNE 
method is innovatively adopted for en ergy spec trum
dimensionality re duc tion anal y sis un der dif fer ent me te o -
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Fig ure 13. Flow chart of en ergy spec trum peak anal y sis

Fig ure 14. En vi ron men tal
en ergy spec trum af ter
sub tract ing back ground



ro log i cal con di tions. The PCA-BIRCH al go rithm clus -
ter ing model, which can per form high-qual ity clus ter ing
on large datasets with lim ited mem ory re sources, is then
used to con duct clus ter ing anal y sis re search on his tor i cal
en ergy spec trum data. The com par i son re sults show that
the clus ter ing char ac ter is tics of the en ergy spec trum
dataset can be dis played through the dimensionality re -
duc tion vi su al iza tion method. The BIRCH al go rithm has 
a better clus ter ing ef fect on the ra di a tion mon i tor ing en -
ergy spec trum data and can ef fec tively sep a rate the
sunny spec trum and the rainy spec trum ac cord ing to the
en ergy spec trum char ac ter is tics, with min i mal time con -
sump tion.

Since ex ist ing en ergy spec trum anal y sis meth -
ods can not iden tify ab nor mal fluc tu a tions of the en -
ergy spec trum in com plex en vi ron men tal back -
grounds, or en ergy spec trum fluc tu a tions due to
me te o ro log i cal in flu ences. This pa per pro poses an en -
vi ron men tal en ergy spec trum anom aly de tec tion
method based on lo cal anom aly fac tors. Based on the
clas si fi ca tion of the en ergy spec trum dataset, the lo cal
den sity fea ture of the dataset is used to es tab lish the
LOF al go rithm and ob tain the ab nor mal score of the
en ergy spec trum. The sim u la tion re sults show that the
rec og ni tion ac cu racy of the LOF-based de tec tion
model can ex ceed 80 % in the sin gle weak peak, sin gle
strong peak, and mul ti ple weak peak datasets. This
con firms that the clus ter anal y sis of the dataset can ef -
fec tively im prove the dis crim i na tion of ab nor mal data
points by the anom aly de tec tion model. Fur ther more,
it is ver i fied that the clus ter ing anom aly de tec tion al -
go rithm can dis crim i nate en ergy spec trum fluc tu a -
tions caused by non-en vi ron men tal fac tors un der com -
plex en vi ron men tal back ground conditions.

The clus ter ing-based anom aly de tec tion al go -
rithm pro posed in this pa per could help to ad dress the
in ter fer ence of mixed mon i tored data types on sub se -
quent anom aly de tec tion and nu clear ac ci dent warn -
ings, pro vid ing tech ni cal sup port for nu clear emer -
gency de ci sion-mak ing.
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Wu JUENLUNG, Luo JUENFEJ, Cung FEIJUEN, Xeng HUEJDI, Qu SINGAO

ISTRA@IVAWE  METODOM  DETEKCIJE  ANOMALIJA  ENERGETSKOG
SPEKTRA  ZA  DR@AVNU  KONTROLU  STAWA  RADIJACIONOG  MONITORINGA 

@IVOTNE SREDINE  NA  OSNOVU  LOF  ALGORITMA

Dr`avno kontrolisane automatske stanice za pra}ewe radijacionog okru`ewa su va`ni
objekti za pra}ewe kvaliteta i trendova radijacione sredine. Me|utim, analiza i kori{}ewe
podataka monitoringa sa ovih stanica imaju ograni~ewa. Da bi se re{io ovaj prob lem, ovaj rad
predla`e pristup koji koristi visokodimenzionalni metod vizuelizacije podataka zasnovan na
modelu klastera spektra t-SNE i PCA-BIRCH algoritma za klasifikaciju istorijskih podataka
spektra. Nakon toga, uspostavqen je model detekcije abnormalnih fluktuacija spektra okoline
zasnovan na faktoru lokalnog vanrednog faktora kako bi se poboq{ala diskriminacija faktora
koji nisu  iz okru`ewa koji uzrokuju anomalije spektra. Rezultati ukazuju na zna~ajne razlike u
agregaciji spektra pod razli~itim meteorolo{kim uslovima. Algoritam grupisawa efikasno
odvaja jasne i ki{ne vremenske spektre na osnovu spektralnih karakteristika, uz minimalnu
potro{wu vremena i smawene smetwe od podataka me{ovitog spektra. Koriste}i karakteristike
lokalne gustine, uspostavqen je model detekcije anomalija, dodequju}i abnormalni rezultat
svakom spektru. Komparativna analiza pokazuje poboq{anu razdvojivost modela detekcije
anomalija za neklasifikovane skupove podataka. Na{ algoritam ta~no identifikuje fluktuacije
spektra uzrokovane faktorima koji nisu u okru`ewu usred slo`ene pozadine, nude}i vrednu
tehni~ku podr{ku za osigurawe kvaliteta `ivotne sredine i dono{ewe odluka u slu~aju
nuklearnih opasnosti.

Kqu~ne re~i: radijaciona sredina, vizualizacija podatak,PCA-BIRCH algoritam, analiza
..........................klastera


