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Abstract

In the application of deep learning object detection via CCTV in tunnels, a large
number of false positive detections occur due to the poor environmental conditions of
tunnels, such as low illumination and severe perspective effect. This problem directly
impacts the reliability of the tunnel CCTV-based accident detection system reliant on
object detection performance. Hence, it is necessary to reduce the number of false
positive detections while also enhancing the number of true positive detections. Based
on a deep learning object detection model, this paper proposes a false positive data
training method that not only reduces false positives but also improves true positive
detection performance through retraining of false positive data. This paper’s false
positive data training method is based on the following steps: initial training of a
training dataset - inference of a validation dataset - correction of false positive data and
dataset composition - addition to the training dataset and retraining. In this paper,
experiments were conducted to verify the performance of this method. First, the
optimal hyperparameters of the deep learning object detection model to be applied in
this experiment were determined through previous experiments. Then, in this experi-
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ment, training image format was determined, and experiments were conducted sequentially to check the long-term
performance improvement through retraining of repeated false detection datasets. As a result, in the first experiment,
it was found that the inclusion of the background in the inferred image was more advantageous for object detection
performance than the removal of the background excluding the object. In the second experiment, it was found that
retraining by accumulating false positives from each level of retraining was more advantageous than retraining
independently for each level of retraining in terms of continuous improvement of object detection performance. After
retraining the false positive data with the method determined in the two experiments, the car object class showed
excellent inference performance with an AP value of 0.95 or higher after the first retraining, and by the fifth retraining,
the inference performance was improved by about 1.06 times compared to the initial inference. And the person object
class continued to improve its inference performance as retraining progressed, and by the 18th retraining, it showed
that it could self-improve its inference performance by more than 2.3 times compared to the initial inference.

Keywords: Tunnel CCTV-based accident detection, Precision, Recall, Deep learning-based object detection model,
False positive data training method for object detection
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A 4 Qe AR Wotel, B PeAol A S Gt A2 S B W) AL A A4 oA g
3% QI 2 STHMOLIT, 2021). T2, B4 CCTVEHE] 25l oPFe Whe 2 5l viz)7 go]7] 412
3702 19 A4 ol =} A, B9 BHAR] Aloto] EAfslEE the CCTV AA$1A e 28] 415
AT} 2} LR ] ST Frias- Velizquez et al,, 2011). ol 2|8 o1 0. 918, Al 93 &
23l LB EE Qi FFFIAARE el o] 48E A9, 4Pe 50] 0 RAR LS e g1

Fig. 1. True and false example for tunnel CCTV (a) true (b) false

Fig. 1-= EJ'd CCTV oA & 4= Qe A 2 FA] AIAE Ut Fig. 137} Zo] g/dollA 1 <l
AV oJulsh= Ground truth (GT) 4 1917} Holi= 749l stod, Fig. 1(a)2} o] A1 102 2412t
FEN O] ZAAMA 9 A A SEAE StotA QAR AE AEAZ ol 4 Qlrk. 121 Intersection
3l GT AR} S22 AAEA Alole] 721gke vlmate], 24 2e
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2.2 Recall, precision & AP

4714 R4 G ElE QIAATE 4712 BRE vhs 5 ok 1A B8 o ARE QAR 495 AE
Z|(True positive, TP), Q1416}A] 53t 7425 v |(False negative, FN)Z A ] Fawcett, 2006). 12|11 =
WV AP obd ] JER| 2 Q1A H-E Q& (False positive, FP), Hi7E A= QAR 7492 vl A= A]
(True negative, TN)Z OIS Fawcett, 2006). ©] o, Z44|Q14] i1 E]Eo] s 7k AUE, QXE Y §
o UL} 22 AEHR] A5 A BE E-8oto] ZlaiEint

A X (Precision)= Y250 AER|2tal Q1AgHA o)
&& o, A (1) 2ol YepdthLewis, 1990). <, 761%157} FoE A daEEe LERIE Q14

2 77} o,

_l

Precision = 1P _ rr )]
TP+ FP  Total predicted detection as true

T, A E(Recall)> 14 Al A=A RS- AR A]) Sl darelse] A=A AAE 1 ARH v
2 Lo, A (2)2F 2ol LEhd = Qltk(Lewis, 1990). THA| ok QIAlE0] ol 45 1AtV HEA] 2]
s 27 "HAL 4= Ql

Recall = L — P 2)

TP+ FN  Total positive

T12]a1 A 1A darefEe] 4

[e] ju =
fidence score)7} -2 AARE] F2 A= FE TS, A 02 /A3 1 9 IhHAuE A7 A
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Fig. 2. Recall-precision curve example
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QA5 AL S ALFeITh(Sergey and Venu, 2013). Hi Akt 1A1E 2D AL S TJefjZ=2 = Zo|
7V, Fig. 22} o] QIAE- AU 24 (Recall-precision curve)©| HTHFawcett, 2006). ©] 23412 Q141&
U A7} o 77k A5 <ottt Hrtet = Sl om, A2 thE dalE|EE0] 5 AT AAQ14] Hlo|gAl

=2
FESHAA AEEE QXE-AEE SAES BlastEA o= dhlE|ge] ¥ pepekA] AR o= Sl

2hd, Q14 Zopells E-2 A darelEEe] SAlsHH, A7l ool darelEsel Histe] 914

=
E-JUE FA02 3k Hefl Hlwshr] offoh= A7 Itk o] ZAIE s 2sk] 91l B AUk (Average
precision, AP)2H= 2| 2gho] =] TH Zhy, 2004). AP= 2] (3)3 o] AFEH QJIAE- UL A ofA] A

&0] 3 3Lo 2 Hoje 4 90w, Fig 2014 T2l Qg AU Aol
S0 2 gmeizel tie 291 A A0 Selet 4 glrke

2ol g2 ARGt
1 - N
Average precision = WvazlP,; = / P(R)dR 3)
1

S, A1 eSS AR 7 ol 7P7he-E AU T oAl o] IAITE QIAE o] Hokx|w,
HIth 2 00f| 7P7harE AL 7 oA ARk Q1A Eo] oIt =, U ot QIAE2 A 2 HHH|sh= A9
UTH & 4= 31O, Table 17} Zo] AZH4=ZEIZ] 0.1014 0.6 0 2 7 Fr5 AU L7} =0k =B Aol
QIAIEo] WolR|= kS Eele 4= itk thA 2 S 2
A% (Recall-precision point)2 HlwsPHA] A7 o] Bh= U= 2 QXSS 7H & Sl A A=

]

RElgEe gsfor gtk

Table 1. Relationship between confidence score threshold and recall-precision point

Recall-precision point
Confidence score threshold .
Recall Precision

0.1 0.908 0.811
0.2 0.885 0.906
0.3 0.858 0.941
0.4 0.831 0.96
0.5 0.786 0.974
0.6 0.715 0.984
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[e]
= Qltt. 1 o2, 27|ekE a2 H3-8 blo|E|Al(Test dataset)= S-=o61] 2 H|o|E](Inference data)

[eSKeN

2 gt A 7102 OREA] A} Stk ol kel Ot HlolE(FP data)it FE%Hc o] T, O
2] wlolelol 2] o] dhsled (1) 10U £k 710 2 98] ARlE Q48] o 49 AA (2) 9
S QAT M 5 Now A 12 9 ) S A 2 A o e
2 W7olehs HEXSS Bol ggattt o] TS Bel 44 08X HolHES rieto R AT oxtAl
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B =Rol A ARRR gy 4214 BEle YOLO V7o|thWang et al., 2023). 0] RE-& 22314 Zoj|A]
F7HAR1 A& YA 71 2] Fo A 435S 60“0* 17]+= 7%= 2-851] YOLO V4 (Bochkovskiy et al.,
2020)tH] 2l w2n]e o] F 43% £ 4 1%, 0.5 10U 7<= APEEO] 1.5% 4= it

o] =El8 7]Z Faster R-CNN, YOLO V4, SSDEE} FO ZAAIQIA] My} H| WS 1] 55 = o Ayel
A As& HAT} FAo] 247} 161 FPSZ Faster R-CNN 2! SSDO| 2457} ZF2F 7~15 FPS, 20~50
FPS <1 7o B]5} 3~204] oA+ HH}EEHWang etal., 2023). olglot £ = o] AFH o vk A o] 2ok Z18)sH
B =20 AgoA A7 SHof o] 9o B2 YOLO V7S Ad i 2|14 mEl2 ARSs1oct,

T

H.I

;9

3.2 413 T CIOIER 271 % 3% 31

=20 —

2 w=ollA AR AR oV ElolEIM A2 Table 29F e, WA, tlolefAlo] Alake T B Aol
HYH CCTV Gz LH5HA .2, A Car) B Ha A (Personya A4tV S A= oIt o
& vlolE AT} HE-8 dlo[EAlS A= ARH 0 2 9] SR Hlo|E|AlSo|th Table 26114 3158 HlolE]
A 7 EE I FadR Aol ZadEo] Jlen s Bzt oju] 2jke] vlgo] of 6,28 2, 520,300
o) A Y Fe eV o g 3tk 5}% 45-8 vlolEAe ’V\”Pﬂl J V& 7o g AElo] 9

Table 2. Total deep learning dataset status

. Number of objects
D Ni f
ataset type umber of images Car Person Total
Training 20,264 39,015 6,302 45,317
Test 5,379 13,761 4,173 17,934

ded A1 el sltof] AREH SEEFlol= AMD RYZEN 5955WX, 128GB RAM, NVIDIA RTX
4090 GPU 47115 A5+, ¥, Ubuntu 20.04, Python 3.10, Pytorch 2.0.0 H{#A 9] £ T E 9o}E E-25]9ct. o]
o, 3] A vt E A3 o] sl5ebg-2 Fdstt 1231 R GAtef thet Batch size= 96, Learning rate+=0.01,
ARG A7 640 x 640 2= AA7gsto] Gt AA|Q1A] R o] Sha5 XIgYs3Irt
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& Il

oyel 3
+ EpochZ 2] =]+=t|(Brownlee, 2022), 243t 815 A5 2 H]-8-S Epochttr} £~413H(Loss function) 2] H]
.

H|Z 0 & UNE T Table 33} Zo] A8iol5-§ o] B (Pre-training) ¥ A18Yo}s & =218 Hlo|EAl(Valida-

Table 3. Deep learning dataset status for pre-training

) Number of objects
Dataset type Number of images
Car Person Total
Pre-training 16,211 31,326 5,110 36,436
Validation 4,053 7,689 1,192 8,881

| Mg HlolEAlS BFFC = 500 epoch 2] Alaioks-& Z1aistairt. of w), Haid AA|Q1A] Reo] k5
2 F 15A1710] 2 Q ]It 71 Uk, Fig. 42} o] ob5-& Hlo[ej4l, &2l glo]gAllo] tigt &g Fol5
Z¥z} 2RelsoiTt. YOLO V7 il 9] =213k~ Classification loss, Regression loss % Objectness loss 3702 -
/=™, sfigd e o] 7341 Aol A 371 9] eSS 7t ol WHISh= Multi task loss 2] @E{ o[t Fig. 49]
(a), (¢), ()= 2F5-& HIOIEA, Fig. 49] (b), (d), (= 318 TllofefAllof] thet A7k digh S=o]oth. 12
1! Fig. 49] (a)2} (b)+= Classification loss, Fig. 42] (¢)2} (d)+= Regression loss, Fig. 42] (e)2} (f)= Objectness
losse| it S=o|ch.
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o] AUt BE EAO] Fo0|5 23S w, 50 epoch Fit o] ol SHol= Aol Qe R Holky
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Fig. 4. Loss function for pre-training (a) classification loss for training dataset (b) classification loss for validation
dataset () regression loss for training dataset (d) regression loss for validation dataset (e) objectness loss for
training dataset (f) objectness loss for validation dataset

3] Sk X9l &, g 2 20 G 7|2]+= Non-maximum suppression (NMS)
A I NMS A= 84 ZERS A7) 915t Adlolt. o] o, NMS+= A& F-55 A A~So tist
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Sho], 710 0] QAR AANEASS Wl ) i Rkle] SigEm AlzE4t 0ol 7k et
ﬂxﬂow PR 9141 9 ORp A7t 71 T Sl e M A el 29

WLOVﬁU*S%T%{ﬁﬂEiﬁiﬂﬂ@_ﬂ%%NM$4ﬂﬂﬂ—iwmhﬁﬂNTlNMS
10U 283k 2 NMS score =813k Aot k. Z, F w252 shsoll 3Fs n|xl= oen|elEo] of
HB=E 255 Foll AFEE™ Table 201 Qli= 858 Hlo[EAl} A58 tloleAlS Z-82tth

A3 22 A0 B 515 130 5, W] Table 49} ZH0] NMS I0U ZE|ZES HISIA 7| HA] 458 t|o]EjAll
F-E010] Pt AP (Mean AP value, mAP)< H 51Tt Held AAQ14] o] Hol5-2 50 epoch= %
5o m, o 2A17k0] A @ F2ITh NMS I0U ZEIZES 0.455 €] 0.85714] 28 0.1 S7HAI71HA] APZES B0l
ST 0.559014 7Hd 2 mAPE HQI. o] o, Haizte] Tt AP NMS 10U ZEl%10] 0.45% ik o}
0.001 ZFATF AL H|Rt 0 2 £ 4 gl o, lefo]| gt APFIe] B 2 Z7kA] A1 2{SHH NMS 10U =
#e]0.559 o 7“11101 5ol B =l &4 QUrk o] = NMS 10U w8gto] 5715 APgto] Aast=7

o] 91910 T2 NMS 10U EEIHE 714 458 APZES Holi= 0,557} stk & 4 ek

’

A

Table 4. AP value for NMS 10U threshold decision

Average precision (AP) .
NMS IOU Mean average precision (mAP)
Car Person

0.45 0.925 0.445 0.685
0.55 0.928 0.444 0.686
0.65 0.927 0.437 0.682
0.75 0.922 0.418 0.67

0.85 0.907 0.377 0.642
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Fig. 5. Recall-precision point for NMS confidence score threshold decision
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Fig. 6. Example images for each main experiment 1 case (a) case 1: include background image (b) case 2: ex-
clude background image
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Table 5. Deep learning retraining dataset status

Sub dataset type Number of images Car Person Not-car | Not-person Total
Base training dataset 20,264 39,015 6,302 0 0 45,317
Revised FP dataset 1,362 3,347 521 213 36 4,117
Total 21,626 42,362 6,823 213 36 49,434
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Table 6. AP and recall-precision point results for main experiment 1

) Average precision (AP) Car Person
Experiment case . ..
Car Person Recall Precision Recall Precision
Initial trained model 0.928 0.444 0.885 0.906 0.329 0.746
Case 1 0.953 0.64 0.908 0.958 0.466 0.918
Case 2 0.935 0.533 0.879 0.94 0.433 0.746
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Fig. 7. The process about Nth false positive data training method for case 1 of main experiment 2: do not accu-
mulate FP dataset
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Table 7. Change status of retraining dataset for case 1 of main experiment 2 until 5th retraining

Sub dataset type Number of images Car Person Not-car | Not-person Total
Base training dataset 20,264 39,015 6,302 0 0 45,317
Lst FP dataset 1,362 3,347 521 213 36 4,117
2nd FP dataset -706 -1,653 -275 -139 -18 -2,085
3rd FP dataset 406 925 264 199 21 1,409
4th FP dataset -186 -413 -116 -154 -8 -691
5th FP dataset -65 -170 68 -11 3 -110

Table 8. Change status of retraining dataset for case 2 of main experiment 2 until 5th retraining

Sub dataset type Number of images Car Person Not-car | Not-person Total
Base training dataset 20,264 39,015 6,302 0 0 45,317
Lst FP dataset 1,362 3,347 521 213 36 4,117
2nd FP dataset 285 709 146 21 9 885
3rd FP dataset 189 492 92 6 33 623
4th FP dataset 115 324 78 7 4 413
5th FP dataset 104 283 74 18 0 375
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Fig. 9. Changes in recall-precision point as retraining progresses for case 1 of main experiment 2
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Fig. 10. Changes in recall-precision point as retraining progresses for case 2 of main experiment 2
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Fig. 11. Changes in Car class inference image example as retraining progresses
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Fig. 12. Change in Person class inference image example as retraining progresses
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Table 9. Change status of retraining dataset for case 2 of the 2nd main experiment 2 until 18th retraining

Sub dataset type Number of images Car Person Not-car | Not-person Total
Base training dataset 20,264 39,015 6,302 0 0 45,317
Ist FP dataset 1,362 3,347 521 213 36 4,117
2nd FP dataset 285 709 146 21 9 885
3rd FP dataset 189 492 92 6 33 623
4th FP dataset 115 324 78 7 4 413
Sth FP dataset 104 283 74 18 0 375
6th FP dataset 115 291 66 44 9 410
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Table 9. Change status of retraining dataset for case 2 of the 2nd main experiment 2 until 18th retraining (con-
tinued)

Sub dataset type Number of images Car Person Not-car | Not-person Total
7th FP dataset 129 365 119 0 6 490
8th FP dataset 79 182 68 19 7 276
9th FP dataset 80 224 57 14 4 299
10th FP dataset 48 136 69 9 7 221
11th FP dataset 65 160 75 3 16 254
12th FP dataset 41 110 43 8 -8 153
13th FP dataset 72 146 52 0 23 221
14th FP dataset 45 136 58 5 -1 198
15th FP dataset 42 128 54 15 6 203
16th FP dataset 34 98 42 13 -4 149
17th FP dataset 42 131 33 2 15 181
18th FP dataset 28 76 48 0 4 128
HH, 7P A|Q] Not-caret Not-person-= A5}s5 X150 w2 ZHA| 0] F71Zo] A %] eIt =L}, 7P A
AR Not-ZiAl= il Aek5t thar Aoty Aol M F2A171H o vild Q=] Hls=et vl 7
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Fig. 13. Changes in recall-precision point for Person class as retraining progresses about case 2 of main experi-
ment 2 until 18th retraining
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