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Abstract

A modified YOLOvV5 object model is proposed to address the issue of recognition loss caused by
factors such as low lighting in cold storage and obstruction of goods in existing object recognition
algorithms. Firstly, use the AutomatedMSRCR algorithm to preprocess the collected images with
insufficient lighting to improve image quality. Secondly, using the kmeans++ algorithm combined
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with bilinear interpolation, the anchor box size is redesigned to fill the occluded area with rea-
sonable pixel values. Finally, to address the recognition errors caused by scale changes during the
movement of companion robots, CoordConv convolution is integrated to improve the network’s
sensitivity to spatial information and size, and to improve the recognition accuracy of the model.
Through experiments, it has been shown that compared to the existing YOLOv5 model, this im-
proved YOLOv5 model improves mAPO.5, F1, accuracy, and recall by 4.5%, 3.1%, 3.5%, and 2.7%,
respectively, meeting the requirements of collaborative robots for accurate peer recognition in
practical application scenarios.
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Figure 1. Image acquisition
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Figure 2. Automated MSRCR image enhancement process
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Figure 3. Improved YOLOV5 model
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Figure 4. Kmeans++ algorithm flow
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Figure 5. Bilinear interpolation
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Figure 6. Adding CoordConv to detect
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YT ENLEE : CPU {HiH IntelCorei5-12500H, 2.50 GHz, HXizfTINfEN 16 G, GPU %H
NVIDIA GeForce RTX 3050, v f Windowsll &%, f#f pycharm £:{E#4F, python iRAs 3.8, IRE2:>]
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HEZL N torch1.9.1, CUDA 11.1,

WS HE: IIZRIEAE N (epochs)100, ik (batch-size)y 8, % ]2 K 0.01, RZIBKSH
J902, %% 0.937, BSFEMI 0.40. A< SCR A% (Precision). {4 1% (Recall) VA1 F-14{1
(F1). mAP. JLIOREAY i P RE AT 1A o

4.2. EREEEERMREXTEE

N T BUEA SR A AutomatedMSRCR 57 X 6 HE S 38 5 801 i Rk, A SCik B 500 Fk ARG
TR T A B 3 9] 2058 MSRCR [12]449%. MSRCP [13]51%. AutoMSRCR Sy 5 )5 14 5 R 44 B
LEAR R R A 53 R BEAT B bR AS R X L S, seat 5 3 L% 1.

Table 1. Comparison of enhancement algorithms
7 1. HEREENTEE

MAP0.5% F1% P% R%

R 83.4 76.7 73.7 79.9
MSRCR 83.9 75.2 81.2 70.1
MSRCP 81.3 75.3 82.5 69.3
AutodMSRCR 83.1 778 83.8 72.7

e 1 afkn, HEMGEEIGAHLL, MSRCR HiLIsH 5 i G AR iR T 7.3%, mAPO.5 {Him
0.5%, F1 1 FF% 1.5%, R {EFEAK 9.8%, £ MSRCP 145 {545 R T} 8.8%, mAPO.5 1E F#{% 1.9%,
F1 {8 FF#% 1.4%, R {H FB& 10.6%, 1MZid AutoMSRCR Sy i i B GG i R 32 T 10.1%, mAPO0.5 {H
TF% 0.3%, FLE$ETF 1.1%, REFAK 7.2%. 55/ 8uR5e w7 A, B = R IR T
Ko 8 FiRFR, ACi%k#EE AutomatedMSRCR 520925 50T ) I (1 1 488 o Ao SR Ao 1

4.3. SHHELIRITEL

SGAIE BT B HE (OO0 e, SR A HE AT kmeans, kmeans++ 55 5011 (AR AE 20 il %o a2 HEAT )1
Y, gERinE 2, E7HR.

B2 2 A 7 W1, ASFEHHEE R ARV AROE BT, fEIERE] 40 RIEHETT LGB fRE, TR
80 VK[, T U B P AR R TR UG PR T, kmeans++E0yE (A4 HE mAP 28 W 5 T 348 2 40, #EA
BETEIF. 5 YOLOVS HITRASHEAMILL, A kmeans &3k B0 it A HERS HERIRTT 0.4%, mAPO.5 1)
EEm 2.4 DNE s, FLAERTE 2.2%, RAEHRTE 3.3 ANE4r Ao Kmeans++5 37 5 S 0B AE 7E I 2k 55 7
BAHERSUERIZTT 1.8 NI 5, mAP {HIRTF 4.3%, F1MEIRTF 2.9 NA 4 A, R HIEE 3.6%. iEidse
6 45 B WA SR T k-means++ X 1T 3R TH AR B 4T

Table 2. Comparison of results for different anchor frames

F 2. TESEIEL R

mAPO0.5% F1% P% R%

ik 72.4 72.6 81.0 65.9
Kmeans 74.8 74.8 81.4 69.2
Kmeans++ 76.7 75.5 82.8 69.5
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Figure 7. mAP values of different anchor frames
7. FNESEIER mAP (B

4.4, FEHEBEREIRFREL R

R — DI UE BRI AACR, 5 AR [ R AR PR B R O A 2 5 YOLOV5S, SSD [14], Faster-RCNN [15],
YOLOV4, YOLOV7-tiny [16]55A: 8%} Ll 5256, X # A AutomatedMSRCR 532k 38 55 b 1 254 4 13047 S 56 )
e, VPSS R 3. ik 3 xS EiREe g BT A, AU A A RS . mAP AHAL T SSD.
Faster-RCNN. YOLOv4. YOLOv7-tiny 1 YOLOV5 #7735l $2 7+ 3.0%. 3.6%. 5.0%. 4.5%. 2.5%, %%
G FIRFTR, AR S R AU RO IR PR R T 12 30 (1 R AEAL 28 N TR BCR B, B R R A

Table 3. Comparison of test results of different models

= 3. FREIEBAG LS RITEL

MAP0.5% F1% P% R%
SSD 73.9 73.0 82.1 66.3
Faster-RCNN 73.3 60.0 50.4 75.0
YOLOv4 71.9 65.0 84.2 52.9
YOLOV5 724 726 81.0 65.9
YOLOV7-tiny 74.4 726 73.8 715
AR AT 76.9 75.7 84.5 68.6

5. &ig

ASCEER LA NTES FERR B p BT 22, A AR B0 5 407515 RGBT I, 38 R H AR 5 R 55 )
A, 52 A AutomatedMSRCR 5238 s R W BT &, LAk YOLOVS S in sisns IR AW i 4 1545 2 OR B7
BRI 7710 KGR YOLOVS 55 Y 7 AR o R 4 B B85 o A 2845 P o vy, P S BLTE A P v bt
FFERLEE N IR . 96 LR 48

(1) $&HX T4 BRI N LM ERL A% 0 TR AR 50 5 7% o 96 K 78 SE BRI 6 REPR B o 55 [ R ML 3 1
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HERRSUN 755K, SEPLZE VA PEAS I 5 TR B Sh AL 5 8 Be b, %07 V0NTER FER S N RTINS S8, s
SRRV B TR A I PR i RS o

(2) EXAENICIRAYS), BURREZM IS, ERGIEHEF BT H AutomatedMSRCR 3 55
J5i, WEERERI B S EE E, P EIRTF 10.1%, F1ERTF 1.1%.

(3) M kmeans++5y25%t [AIFEALAS NBIHE R SF BT IRIS, 15205 E & MHHE R SE, SRR 5 AAS
R o A R MR A 7 VR AR B A (R B AR BT, R B 2 IR AT (5 8., R4 S 25 5 Wi
M|, £ YOLOVS [1) FPN JZH & CoordConv B4R )=, il Sk FiH4in CoordConv =, 38 55 0 28 % 45 45
AR, ISR 4R AL SRR ). DG JE YOLOVS REHL [AlLEAL B8 AR 5 B0 R A K8 mAP
Tt 4.5%, F1AHIRTF 3.1%, KEERIRTE 3.5%, REIRTE 2.7%, HEARGIPERE /S RIR KR T).
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