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Abstract: Objective Pedestrian re-identification can be focused on real-time target detection and matching. Due to labor-
intensive to annotate accurate labels, unsupervised domain adaptation has become a potential solution. To generate pseudo

labels, this method is required for clustering accompany with noise. Experimental analysis is demonstrated that camera-
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cross is one of the key distorted factors for noise. Current eigenvector method is oriented to weaken the cross-domain and it
is challenged for identifying camera ID-based information effectively. Hence, we design a camera module to resolve the
problem of camera-cross. In addition, a single network is often used to extract features. Experimental analysis illustrate the
single feature extraction ability of a single backbone network would also have more effective impact on the final perfor-
mance. Therefore, learning-mutual is used to optimize the single network. For pedestrian searching, a good ranking algo-
rithm is beneficial for a better recognition performance. We optimize traditional re-ranking algorithm using spatio-temporal
information in the dataset because regular re-ranking optimization limits its application in real scenarios due to huge perfor-
mance consumption. The time and space consumption close to the original ranking can reach the traditional re-ranking
effect. To optimize the ranking, we develop a joint of spatio-temporal information-relevant multi-network and camera-
splitting training framework. Method First, to improve the initial recognition performance, the network is pre-trained on
the source domain dataset, and two of loss functions in relevance with label smoothing cross-entropy and triplet are used to
pre-train the source domain. Second, due to the unique features extracted from a single backbone network, the single net-
work model cannot be used to preserve good generalization ability in the ever-changing real scenarios. Therefore, we design
a learning-mutual model to enhance its robustness. The pedestrian re-identification-oriented camera-split strategy is imple-
mented to deal with recognition interference derived from cross-camera. For the pseudo-label generation, the dataset is
split according to the camera ID, and the output vector is averaged after different networks-toward input. Additionally, we
make full use of spatial information to optimize the pedestrian re-identification algorithm in another dimension because prior
recognition analyses are originated from the distribution factors of pedestrians. For example, since the same camera is rela-
tively close under the same timestamp, we use the timestamp information in the image. The one-hot-coded time stamps are
spliced into feature vectors and it is then clustered to obtain pseudo labels. For training, to transfer knowledge from one net-
work model to another, we use the class prediction of each network model as a soft label for training other related network
models. For learning-mutual module, a time-averaging model is added, which can be updated iteratively during the train-
ing process. To suppress error-amplified, a large amount of prior information can be preserved. Furthermore, the learning-
mutual correlation loss function is designed as well. Traditional classification loss and triplet loss are modified, and the loss
function is designed on the basis of the integration of pseudo-labels and multiple backbone networks-related features. The
network model training-based feature distribution can be constrained by multiple network models at the same time. For
features-sorting, to optimize the traditional sort algorithm, pedestrian re-identification characteristics and spatiotemporal
information of the dataset can be used according to the cameras of the same pseudo label number. The distribution of time-
stamp and statistics is used to generate the time distribution between different cameras, and a spatiotemporal score of cam-
era is defined to fine-tune distance-between characteristics. This method is focused on a re-ranking spatially and the effi-
cient and effective method can achieve similar spatio-temporal results close to the original ranking. Result The comparative
analysis is carried out and popular 10 methods are compared on two cross-domain experimental datasets. For source domain-
relevant Duke multi-tracking multi-camera reidentification (DukeMTMC-RelD) data set and target domain-related market-
1501 dataset, the mean average precision (mAP) value can be reached to 82. 5%, and the Rank1 is increased by 3. 1% and
reached to 95.3%. For the dataset in relevant to source domain market-1501 and target domain DukeMTMC-RelID, mAP
and Rank1 can be reached to 75. 3% and 90. 2% of each. Conclusion To improve the accuracy of pseudo labels and opti-
mize the matching ranking, the spatiotemporal distance ranking-coordinated learning-mutual model is developed in sub-
camera network. Its computation is optimized more and pedestrian re-recognition performance is improved further.

Key words: pedstrian re-ID; mutual learning; multiple cameras; cross domain; time and space distance
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(=1, 1) B9 22 5380/ 08 AL 285 7 4 et 8 vp AR W 3%
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AR TR B
Imow) = (24)

SCm T SC

sc. =1+ Zexp( - wcos(xi,xj))

cos

WS, o ] HEAT N S

SRk B
) —n—» kT
RIS 5 gk
IR g

K5 e e R A A

Fig. 5 Spatio-temporal distance retrieva map
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M T3 A BRG] AR T 01k
BT RAEH T, AU Zheng % A (2015) 48 HE 1Y
Market-1501 F1 Ristani ¢ A (2016) #2& & 1
DukeMTMC-RelD #5454 T4 % W1 (4 B (] b 12
BRI Ry 1 9 AR A0 s ) B 5 185 S AR B HE AR 1Y)
AR A SCHE B AR5 i Market-1501, YR 315
E N DukeMTMC-RelD, VA & H 5 8 &% & N
DukeMTMC-RelD, ¥ 3 1% & & Market-1501 P i 1%

DU X i 4 H 8 s A T DA

Market-1501 £ £ S T 2015 4F L F AL R K
SR IR AR, B0 6 NI HR 153K 11 32 668 1
FI5 .1 501 47 A0 . DukeMTMC-RelD %4 4
J& DukeMTMC 1745 , J2& B 3€ [ # 7 K 2 2014 4F
e el W A S AR T R AR AL 8 RN TR R AR Sk 1)
36 411 MEEME 1 81217 NS

TEVEAL R BT DT E AR AE fl 28 (cumulative
match characteristic, CMC) Fl1 - 2 4 & ¥ {H (mean
average precision, mAP){E A PEALFEFR .
3.2 XWigE

AR SRR AN 25 53 SR A B B - I I I
SR H PRI JC B B

TE VIR A TN R B B, B S e IR s 4R bl
30> I 2 A5 B R AT A MR B R PO 2 o AR SR A
DenseNet-121 (densely connected convolutional net-
work-121) . ResNet-50 (residual network-50) FI
inception-v3 (inception network-v3)ixX 3 Fh LG4 A
T 4% , I+ FH7E ImageNet [ 75 U1 25 09 S 506
AT .

it K/INEEH 64, FH 16 4> Bl AL L 5 1 45 25 Fl
A BEHLHARR 16 UG 64 M U HEA T RAE , LATHER.
SOUHBR . A S Adam AL S 4L, IF B
weight decay 47 0. 000 5. #JtH2¢ > 21 E 4 0. 000 35,
TE B3804~ epoch H, 7E575 40 A5 701~ epoch Fif, 4]

fir > RG] Z B{E A 1/10,
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A SC ) 2 8 A 45 K-Means 5 28 78 A48,
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HI'T K-Means 2577 % 5 DBSCAN R 257k, IFX)
Hh SR T IR DLEAT 5200 . B 5602 K-Means 3¢
Ze v 28 0 OB 2 B E L JE T Market-1501 5
DukeMTMC-RelD i 42 I iR 4 JA S i, 3
K-Means 22531 45351 24 500, 700, 900, H
DBSCAN F2E77 1 th S8y 2 , A 300 H ARl
SR AR I 25 0 2 A AL S RO PO AR AT T
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Table 1 Experimental results under different clustering
methods and parameters in unsupervised domain

adaptive learning clustering process
1%

WiReS mAP  Rankl  Rank5  Rankl0
K-Means(500)  75.3 90.2 93.5 94.8
K-Means(700)  75.8 90.6 93.8 95.1
K-Means(900)  75.2 90.1 933 95.0
DBSCAN(0.4)  73.6 89.3 92.0 93.4
DBSCAN(0.6)  74.8 89.7 93.4 94.6
DBSCAN(0.8)  76.3 91.4 94.2 95.2
DBSCAN(1.0)  75.3 90.4 93.6 94.7

E L P SRR 5 8 R AL 25

RIS, R T B e AE A AR S IRk ) o 2 Ay 2 v 3R 2
D7 VR R PREE SR AR R, )R X SRR TT i 2
BIEAT 700t . K-Means RES B G C—2, %

B4 500,700,900, DBSCAN 277 1y H 2 E 44
S 4 eps 1 U AR5 15 30— 20, A SO H AR
YRAE N AR 4R B B RRIE IR AT T, 5
gEERNE 7 BN .
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Fig. 7 Curve of k-distance of the camera time
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REAEO. 3~ 1. 1 ZIH] o 531542 eps BUHIE 3
BOAL0.3, 1 1], EREA 0.2, B RS2 g0 25 SR N3k 2
iR o ANHMER I, DBSCAN 287 ik 7E 4845 3k i [a]
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Table 2 Experimental results under different clustering
methods and parameters in camera time

distance construction process
1%

Jrik mAP Rank1 Rank5 Rank10
KMeans(500) 72.1 88.4 91.3 93.6
KMeans(700) 73.3 89.2 91.8 93.9
KMeans(900) 72.6 88.9 91.4 93.8
DBSCAN(0.3) 72.4 88.8 91.7 93.8
DBSCAN(0.5) 73.4 89.3 92.0 93.8
DBSCAN(0.7) 73.9 89.7 93.2 94.5
DBSCAN(0.9) 74.8 90.4 93.7 94.5
DBSCAN(1.1) 76.3 914 94.2 95.2

T L PSR R 5 B R A4 2R

5O T R UE o B R 25 BB R 520, 50
o W BUEIEE R (3,7 ], T F A 1o 4R M3k 3 R,
ATLUR I, Y o B8 N 5 I, G AR Y 540
W AT L [ E BE A SSOR FRF o 3X UE AT LA
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I TE) 4% 5 B B AN 2R LY BE Al B A 28 T B 45 S 1 (]
EE% (o}

®3 BREIFEESHELIRPAIREES X
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Table 3 Experimental results under different clustering
methods and parameters in camera time

distance construction process

F&5 EE8 Market-1501 B #5135 DukeMTMC-RelD
BETHARMEN LR
Table 5 Table of experimental results of different number
of networks with Market-1501 as the source domain and
DukemtMC-RelD as the target domain

/%
o mAP Rank1 Rank5 Rank10
3 75.2 90.4 93.6 94.6
4 75.8 90.8 93.9 95.0
5 76.3 91.4 94.2 95.2
6 75.4 90.6 93.7 94.6
7 74.8 90.2 93.2 94.4

1%

™ 4% mAP Rank1 Rank5 Rank10
den 60.4 75.3 86.0 89.5
inc 53.6 73.0 80.6 83.2
res 54.5 74.0 83.8 87.6
den+ine 60.4 75.7 85.6 88.1
inc+res 58.8 74.4 84.1 87.3
res+den 61.3 75.9 85.8 88.3
dentinc+res 66.1 79.6 88.3 922

T IR R SR 2 9 e LA 2R

Ry B B2 2] v R AN B S G Sl R
2 (BVASSR H H.24 30 ) ORI 2% | = 2% 47 X L 5t
55, LA R BN FR 4 E SR, hHEAMES
ATLLVE B, B2 2 e A RS 6 2 W 46 B RRIE 52 BURE
7, PEFHREERIMERE A SCR I = W 28 Mgt s T
WL 25425 TR R IR AR B S AR M RE 4R T
AR SR FH = R 25

%4 B85 DukeMTMC-RelD H #7384 Market-1501
BETHARMEN IR ERE
Table 4 Experimental results of different number of
networks with DukemtMC-RelD as the source domain and
Market-1501 as the target domain

1%

) 24 mAP Rank1 Rank5 Rank10
den 69.3 86.5 94.9 96.7
inc 63.0 76.4 87.6 90.9
res 65.8 715 88.6 91.3
den+inc 68.8 86.2 94.2 96.2
inc+res 66.4 86.0 93.9 95.9
res+den 72.2 86.4 94.7 96.4
den+inc+res 76.0 89.9 96.0 97.5

7 : den # 78 DenseNet-121, inc 3 78 inception-v3, res E o
ResNet-50,

3.4 TLWHERLSH
AT VAR BT 5 A S TR S

7 : den % 7/~ DenseNet-121, inc 3 7/~ inception-v3, res e
ResNet-50,

ARSI ¥R Y — 2 BAT AR T R 2R AT 1L
B, A0 45 T T4 IE J7 15 (unsupervised cross-dataset
transfer learning, UMDL) (Peng 5 2016) H: T 4RF
Xt 55477 (unsupervised camera-aware domain adap-
tation framework , UCDA-CCE) (Qi 4¥,2019) i F 4
B BT 2% B9 5 7% (similarity preserving generative
adversarial network , SPGAN) (Deng & 2018) . Cam-
Style (camera style generative adversarial network)
(Zhong %, 2018b) . HHL (hetero-homogeneous learn-
ing) (Zhong % , 2018a) 1 ECN (exemplar camera
neighborhood ) (Zhong %5 ,2019) 3£ T R A& #E 47 th b
M) 1572 PTG (person transfer gan) (Wei 5§ ,2018)
UDAP (unsupervised domain adaptive re-identification)
(Song %5 , 2020) . MEB-Net (multiple expert brain-
storming network ) (Zhai % , 2020) . GLT (group-aware
label transfer) (Zheng £ 2021a) . HCD (hierarchical
cluster dynamics) (Zheng 4§ , 2021b) F1 SAT (self-
adaptative techniques) (Bertocco 4% ,2021) , X} [b. 4%
e o M7 Fron , o, Irf X Heor ik iR A
RRMEER

MF 6 1T LAF i, 76 DukeMTMC-RelD |
FIFRECH Market-1501 8005 4 A9 5256, A SO A )
mAP Hl Rank 1 16 2R 73 51 04y 82. 5% H195. 3%, A%
FE 7 ¥ PR s e i 9 7535 HCD 23331 =5 4 2. 5% Al
3. 4% MFRTATLIA H A IR Market 1501, F AR
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Table 6 Comparison results between the proposed

method and other methods under the setting of source

domain DukemtMC-RelD and target domain Market-1501

/%

54 DukeMTMC-RelD 45 4 19 5256 b, A SC7 6 1Y)
mAP FlI Rank 1 £ 2 53 51 24 75. 3% 1 90. 2% , BT
Fb 7 1 v A B g 8 19 05 ¥ SAT 430l i i 2. 7%
4. 8% K SERCHE I T A S A5 Sk 9 B R
R TR B A 2D HE SR RE A X 4 M JEIR P 4R B
WA HER.

[, Ry T SR AR SO B AR, 43 Il A 4
AN E T AT I A S5, A T Rk i th
P B8 g 3 o 5 T i ] 38 R A5 S HE P A AR O 1
T LN 8—& 11 iR, Hp - FRKBRIZMR
Be, + FRIINZAS, T LUE RSk i B
A7 L AASASUATE T W B 4k 1 335 17 15 T AT N R
BT 55 S A HE A M RE R IR 4R T, O FLIE F 1% 46

Iy i mAP Rank] Rank5 Rank10
UMDL 12.4 345 52.6 59.6
UCDA-CCE 309 60.4 - -
SPGAN 26.7 57.7 75.8 82.4
CamStyle 27.4 58.8 78.2 84.3
HHL 314 62.2 78.8 84.0
ECN 43.0 75.1 87.6 91.6
PTG 20.5 45.5 60.7 66.7
UDAP 53.7 75.8 89.5 93.2
MEB-Net 76.0 89.9 96.0 97.5
SAT 78.4 92.9 96.9 97.8
GLT 79.5 92.2 96.5 97.8
HCD 80.0 91.9 - -
AL 82.5 95.3 97.9 98.4

TR F R S IR R - Fm AT

% D
9 95.3 B
01 6.4
o1.1
2 92
iz %0 90.9
3z 88
86
s ~ g Db
82 823 Y
gg 792 AIT7ik
mAP Rank1 Rank5 Rank10
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Table 7 Comparison results between the proposed method
and other methods under the setting of source domain
Market-1501 and target domain DukemtMC-RelID
1%

8  DukeMTMC-RelD %] Market-1501 i il 52 445
Fig. 8 Ablation results of DukeMTMC-RelD to Market-1501

Tk mAP  Rankl Rank5 Rank10
MDL 73 185 31.4 37.6
UCDA-CCE  31.0 47.7 - -
SPGAN 26.2 46.4 62.3 68.0
CamStyle 25.1 48.4 62.5 68.9
HHL 272 46.9 61.0 66.7
ECN 40.4 63.3 75.8 80.4
PTG 16.4 30.0 43.4 48.5
UDAP 49.0 68.4 80.1 83.5
MEB-Net 66.1 79.6 88.3 922
GLT 69.2 82.0 90.2 92.8
HCD 70.1 82.0 - -
SAT 72.6 85.0 92.1 93.9
A3 75.3 90.2 93.5 94.8
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Fig. 9 Ablation results of Market-1501 to DukeMTMC-RelD
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