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Abstract: In order to solve the problem of complex and diverse warehouse environment and the low performance of
traditional warehouse object detection models, this paper proposes an improved YOLOv5 (You Only Look Once
version 5) warehouse object detection model YOLOvV5-CE ( YOLOv5-ConvNeXt EloU) which based on the
PaddlePaddle framework. Firstly, to improve the detection of warehouse objects in complex and diverse environments,
the ConvNeXt network is used to replace the original YOLOv5 backbone network to improve the feature extraction
ability of small and medium-sized warehouse objects. Secondly, in order to improve the convergence speed of the model
and the detection accuracy of objects, EloU Loss (efficient intersection over union loss) is used to replace the loss
function of the original model. Finally, by using the self-made warehousing training set to carry out multi-model
comparison experiments. The experimental results show that when detecting cargo, tray and forklift, the average
detection accuracy of the improved model (mAP@0.5:0.95, mean average precision@ 0. 5:0.95) reaches 89.8% ,
which is 1. 1 percentage points higher than the original YOLOvVS5, of which 4. 2 percentage points is increased in small-
scale warehousing objects; in the detection of medium and large-scale warehouse objects, it increased by 1 percentage
point. The average recall rate for small warehouse objects increased from 61.1% to 66.8%. Compared with other
models such as YOLOv6, YOLOX, YOLOv7, and Faster R-CNN, YOLOV5-CE all shows better accuracy. At the
same time, in view of the above model, YOLOv5-CE also achieves a good balance in the number of model parameters,
detection speed and detection accuracy, which can better meet the precise detection of warehouse objects of different
sizes and types.
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Fig. 1  YOLOv5 network structure
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Fig.2 The improved YOLOv5 network structure
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Fig. 3 Part of the warehouse training set images
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Table 1 Software and hardware platform

configuration parameters

fic & S BE
GPU NVIDIAGeForceRTX4070
CPU Intel Core i7-13700F
Operating system Ubuntu 22. 04. 3
CUDA cuda 11. 7
Framework PaddlePaddle 2. 6. 0
Python Python 3. 11. 8

3.2 FMHiEfR

A H AR AR I 4538k L B AP R AR A A R
G il 25 v i 4

A 1 # (recall, R) 2 78 TF 46 4 44 149 A 85 o 4 4 A8
B E o, Rk = (5) R .

TP
Recall - m (5)

K5 1 R (precision, P) & 71 1E 50 46 I 144 (19 850 5 A
TR B E 43 L B = (6) iR .
TP
Precision = TP - FP (6)
HEH % (accuracy , Ace) R TE 8 73 28 MU AR A KL &7 4 38
BB E At R R A (D) FioR . HEF M, o
KR ROR Bt .

e B TP + TN -
CUrAY T TP L FP 4+ TN + FN

K (5)~ (D, TP FN.FP. TN 43 3| &% H 515 LA
TE I T 45 2R A 1F L EL S O Sy B SR 45 2R O B LS
85 B0 Sy BB T 45 SR O I L B SERE O R IE B TR 4 R
Hfi,
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2k 5 8% 9 A bR B AR 1 T AR B Dy O 44 K5 ) B2 Caverage
precision, AP) , & Xt 2 A2 50 1) AP {H K -5, B ] 75 3]
mAP {H, COCO 4% X Hdls 4 T 35 mAP 1977 A2 it
BT A 2 W AE 22 3T HE (intersection over union,IoU) M 0.5
) 0.95, LUK 0.05 FH 10 4~ ToU i 149 F 29K
AP i 5 PR H I ME

AR SR A mAP 45 12 A H 35 A5 DL PE AR 4 R
Mz A M RE. R 2 R, A B, R CR AR B S R
(parameters,Params) | i % (frame per second, FPS) I &
BRI F5 i (floating point operations, FLOPs) %5k P A 45

B ZE G TERE
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Table 2 Common evaluation indexes

R R

mAP ToU=.50:.05:. 95 I &Y F 285 BF
mAP_50 ToU=. 50 H} iy 7 B85 B
mAP_75 loU=. 75 Bt {3 B85
mAP_s INPIR Qi AL <T327) By X 8S JE
mAP_m R 1A (327 <TA R <C967) Y S kG
mAP_| KR AR =>96%) 1) - 40 i

AR_max_1 45K R {G I IIAE Kbk B (0 1 f9F- 35 4[] ¢
AR_max_10 45K [ {5 T Kk B B 10 69 % 24 4[] ¢
A 5 T {5 TN AE 1 {F K D 100 A

AR x 100
- TR I
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FEREE RN,

() MR

(a) Small sized objects
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(c) Large-scale objects
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Fig.4 Object data sets of different scales
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Table 3 The setting of each model structure

R FE 45 2 bR AR Ee e
YOLOv5s CloU Loss CSPDarknet
YOLOv5s_1 IoU Loss CSPDarknet
YOLOv5s G GloU Loss CSPDarknet
YOLOv5s_ D DIoU Loss CSPDarknet
YOLOv5s_E EloU Loss CSPDarknet

YOLOv5-CE EloU Loss ConvNeXt

% [& #| Ji PaddlePaddle fEZE T BRI B 2 LL 8 F
GPU Y%k, B2 i 30 A SCsE 56 68 H 8 SOl 25 48 1471
Y, BT L) S 56 2R F R I AR BRI 2537 1) COCO AL AE Sy TV
SRR DL S, B ARG T I 465 30 AR A R B R, AR S s
B ) epoch fX i & 100, batch_size I HE N 8, 2% KN
0. 001 (JRERIATL B /Y 10 %) . Hofth B S H0CR A BB,

23t LB R IS T A R S G 25 SR N 4 TR

R4 HBXELER(IEHR :mAP@[1oU=0.50:0. 95])
Table 4 Results of ablation experiment
(Index: mAP@[IoU=0.50:0.95])
) mAP/ AP_c¢c/ AP_tray/ AP_{/
% % % %

YOLOv5s 88.7 86. 8 83.6 95.9
YOLOv5s_1 88.5 86. 8 83.7 95.1
YOLOv5s_G 88.7 86. 6 83.9 95.7
YOLOv5s_D 88.7 86. 8 83.7 95.7
YOLOv5_E 89.0 87.0 84.1 96. 1
YOLOv5-CE 89.8 87.8 84.7 96. 8

4 T ULE T YOLOvVS B BRI YOLOVS
E %54 EloU Loss J& » 59 IR RS B (AP_o) DL e LE )
KRS B CAP_D #BAS 2 7 /N e B A 45 w5 o L 6 254G I G 1

(AP_trap) $& 7+ T 0. 5% BRI ) mAP BEARIET T 0.3%.,
P O AT DR, 7 S5 o A T R Y A 2 A58 8 1) L Al | EToU Loss
B BCHAR SR A T 45 SI0KE B2 T B, I e T A
% o B0 A5 D AR RS B O Il R AR B R F . YOLOvS-
CE 7E 454 ConvNeXt W% . 3 FlvGo it ) 7 25 100 ) SF 2 K
BEARAS B T A RAR T, H o S A KRS BE (AP _o) #2 7t
T 0.8% MR AAF L YOLOVSs_E 27T 0. 8% ; # It
J& YOLOv5s BT (L)L CloU R #i2% B E0 , mAP@[IoU=
0.50 : 0. 95 J4& T+ = 89. 8%, W] ConvNeXt [ 4% 1) 4% fiF
PRIAE ) B 3% 5 T CSPDarknet M %%, G 1% ¢ I b 32 e rp
INEL G A AR, N ROBE AR ) (cargo) B RRAE

] IF A SCHL X B T 100 1 2556 5 8 R [R5 8 1) mAP
A4k A 5 BiR .

YOLOVS_CE
YOLOVS-EloU
0.89 YOLOVS-CloU
0.88 YOLOVS-GloU
YOLOv5-loU
%087 /
g
0.86 1
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K5 RNFEBA G mAP {EXF
Fig. 5 Comparison of mAP values of different models
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Table 5 Average precision comparison

LY mAP_s/ % mAP_m/% mAP_1/% mAP_50/% mAP_75/% mAP/ %
YOLOv5s 39.5 85.2 92.1 98. 8 98.4 88.7
YOLOv5s_1 41.0 85. 2 91.9 98. 8 98.4 88.5
YOLOv5s_G 38.5 85.3 91.8 98. 8 98. 4 88.7
YOLOv5s_D 47. 6 85.3 91.9 98.9 98.5 88.7
YOLOv5_E 40. 7 85.5 92. 4 98. 8 98. 4 89.0
YOLOv5-CE 43.7 86.2 93.1 98.9 98.2 89.8
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Table 6 Comparison of average recall rates

A AR max 1/% AR max 10/% AR _max 100/ % AR s/ % AR m/% AR I/ %
YOLOv5s 43.9 77.1 91.7 61.1 89.0 94. 2
YOLOv5s_1 43.7 77.0 91.6 66. 2 89.0 94. 2
YOLOv5s_G 43. 8 77.1 91.6 56. 2 89.0 94. 1
YOLOv5s_D 43. 8 77.0 91.6 61.3 88.9 94. 1
YOLOvS_E 43.9 77.1 91.7 61.3 89.0 94. 3
YOLOv5-CE 44. 1 77.7 92.3 66. 8 89. 7 94. 8
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Fig. 6 Loss value comparison
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Table 7 Comparison of YOLOVS-CE, YOLO series and other algorithms
- TR mAP/ mAP_50/ mAP 75/ FP%/ Params/ FL()‘PS/

% % % fos! M G
YOLOv3 DarkNet53 80.9 99.3 97. 8 56. 61 61.53 69.91
YOLOv3 MobileNet(v1) 77.7 99. 1 95. 2 114. 99 24. 16 21. 69
SSD MobileNet(v1) 83.8 99.0 97. 6 145. 75 5.61 1.16
SSD ResNet 85.5 99. 1 98. 2 40. 80 12.52 13. 88
YOLOv6n™" EfficientRep 89. 7 99. 0 98. 7 119. 04 5.07 6.10
YOLOv7-tiny ELANNet 86. 4 98.5 97. 6 88. 29 6.02 6.56
YOLOv7I ELANNet 85.6 97.7 96. 8 58. 40 37.21 52.48
YOLOvS8s CSPdarknet 87.9 98. 6 97.5 92. 25 11. 14 14. 30

Faster R-CNN ResNet50 88.8 99. 2 98.7 6. 65 33.06 —
YOLOX-tiny CSPDarkNet 84. 1 99. 1 98. 2 164. 41 5.06 6. 45
YOLOX™ CSPDarkNet 89.5 99. 3 99. 1 85. 60 9. 00 26. 80
YOLOv5-CE ConvNeXt 89.8 98.9 98. 2 76. 71 34.23 8.49

/T YOLOVTL AR AE R 4 B, S0 . i 7
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Table 8 Comparison of YOLOVS-CE, YOLO series and other algorithms

o 245 455 Y AR_s/% AR m/% AR_1/% mAP/%  mAP_s/% mAP_.m/% mAP_1/%
YOLOv3 (DarkNet53) 64.0 85. 1 86. 7 80. 9 61.1 80. 6 82.3
YOLOv3 (MobileNet) 52.9 82.7 83.6 77.7 49.9 78.0 79.3

SSD (MobileNet) 51.2 85. 8 90. 0 83.8 47.4 81.7 86. 6
SSD (ResNet) 59. 3 88.0 91.1 85.5 57.0 84.2 87.2
YOLOv6n 61.5 89.9 95.1 89. 7 59.1 86. 1 93.1
YOLOv7-tiny 55. 2 87.6 93.1 86. 4 41.4 82.9 89. 6
YOLOv71 59.9 86. 8 93.0 85. 6 34. 6 81.0 89.8
YOLOv8s 59.9 87.8 93.8 87.9 39.1 83.8 91.6
Faster R-CNN 55.9 89.0 94. 4 88. 8 53.3 85.5 91.6
YOLOX-tiny 64.5 86.3 90. 3 84.1 45.5 82.0 86. 8
YOLOX 66.3 89.9 94. 6 89.5 64.3 86. 6 92.8
YOLOv5-CE 66.8 89.7 94. 8 89. 8 43.7 86. 2 93.1
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Fig. 7 YOLOv5-CE model test results
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