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Abstract To ensure the right of way of special vehicles is the premise of rational allocation of urban traffic resources,implemen-
tation and guarantee of emergency rescue. The cross-modal identification of special vehicles is an important core technology in rea-
lization of intelligent transportation,especially in the environment where the Internet of Vehicles is not yet mature and there will
be the long-term unmanned and manned mixed traffic in the future. To make way for the special vehicles reasonable that are per-
forming the mission is particularly important. Aiming at the demand of driverless vehicle for special vehicle identification, this pa-
per constructs a cross-modal retrieval and recognition net(CMR2Net) ,and proposes a method of cross-modal recognition and re-
trieval of special vehicles based on deep learning. CMR2Net consists of two convolution sub-networks and one feature fusion net-
work. The convolution sub-networks are used to extract the features of the image and audio of the special vehicle,then the simi-
larity measurement method is used in the high-level semantic space to perform feature matching to achieve cross-modal retrieval
and recognition. Cross-modal identification experiments performed on special vehicle cross-modal dataset show that this method
performs a high recognition rate for cross-modal retrieval and recognition tasks. Furthermore,it can be accurately identified spe-
cial vehicles even one modal absence. This research has major theoretical guiding significance for improving the performance of
“urban brain”,and also can be used in the engineering for designing, realizing and improving the smart transportation in the future,
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2.y = CMR?Net (x) //yis x’s feature
3.for i, in Length(Em)://i is imgEmbedList index,j is audEm-
bedList index
4. if image—>audio:
distance = function (y,audEmbedList[j]) // Cross-modal
Retrieval

if audio>image:

ot

distance = function (y,imgEmbedList[i])
6. if image—>image:
distance = function (y,imgEmbedList[i])// Mono-modal
Retrieval
7. if audio>audio:
distance = function (y,audEmbedList[j])
8. distance join Result[ ]
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Fig. 2 Special vehicles multimode dataset
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Table 1 Performance comparison of different models in SVMD

G %)
X = CMR? Net+ Cross CMR? Net+ Hinge
Retrieval L3-Net Topl0
Model e Entropy Topl0 loss Topl0

" mAP mAP
Img—Aud 1.97 63.95 53.23
Aud—>Img 15.51 57.79 60.58
Img—Img 86. 64 72.83 74.63
Aud—Aud 94. 15 96. 32 93.15

TE 3 PMHAd , CMR? Net+ Hingeloss 15 # 1% 5 45 25 46 &
YA 3 dc g o M BE 48 AR T M SR T 45 ME 4 28 (Mean Average
Precisions MAP) . mA P {88 K 32 /R 5 K 2% A6 ) e .

MR PR R AT L L -Net X T4 B R 1E 32 Bk
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PR 51 2% bR 8K, 76 35 LA R R 5 MR BL S K R AE 5 h 35 fg
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SR TR T /INFEAS (19 55 450 A 38 g 5 R AR A K R L S
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2B T 3 PRI AR IS R R A AR AN A0 mAP I
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B 2508, A L°-Net B mAP AR M A T L4 o 3 8 Img—
Aud 5 Aud—>Img PIFh SRS K RAE S 19 mAP G50,
FUWEE B, CMR* Net 76 4 Rl kel 4 B R R E B & T
L3-Net, M7 2218 (Variance) A] 73 #7 i, CMR? Net + Hinge
loss TE & FivRp i 2 1) W3 b 15 B 5 AR B AG R AT 55 h R LA W R
E. HA L B AEE . CMR? Net+ Hingeloss 2 M & 1E .

F 2 ORIRIAS R B 4G R 25 JE AN 421 mAP@ Topl0
Table 2 mAP@Topl0 of different models cross-modal retrieval

each class special vehicles

CHLA . 20D
Methods L3-Net CMR? Net+ CMR? Net+
CrossEntropy Hingeloss

Img—> Aud> Img—> Aud—> Img—> Aud—>

Classes Aud Img Aud Img Aud Img
Ambulance 0.00 0.00 20.30  56.82  23.77  20.49
Engineering 3.33 11.28  97.66 2.48 98.67  85.62
Fire 0.00 56.22  42.42 96.97 41.78  89.32
Police 0.00 8.37 77.10  46.98  66.58  62.79
Variance — — - 0.1031 - 0.0763
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