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Abstract

To address the problems of dense student targets, subtle behavioral differences, small local objects
such as mobile phones and books, and complex background interference in classroom scenes, this
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paper proposes a classroom student behavior detection algorithm integrating foreground aware-
ness and coordinate priors. Based on YOLO11n, the proposed method designs a Foreground-Aware
Scale Routing Concat module, abbreviated as FASR-Concat, in the feature fusion stage to enhance
the adaptive fusion capability of multi-scale features through foreground awareness and scale rout-
ing. In the detection head, a Coordinate Prior Detection Head module, abbreviated as Coord-Detect,
is introduced to inject normalized two-dimensional coordinate information, thereby improving the
model’s perception of target spatial positions in fixed-view classroom images. Experiments were
conducted on the public POCO classroom behavior dataset. The results show that the YOLO11n
baseline achieves an mAP50 of 0.812 on the validation set. After introducing FASR-Concat, the
mAP50 increases to 0.835. With the complete improved model using both FASR-Concat and Coord-
Detect, the mAP50 reaches 0.850. Compared with the baseline model, the final model improves
mAP50 by 3.8 percentage points and mAP50:95 by 2.6 percentage points. Class-wise results show
that the proposed method achieves clear improvements for categories relying on local regions or
pose details, such as play_phone, look_book, and turn_head. The experimental results verify the ef-
fectiveness of the proposed method for classroom student behavior detection.
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Figure 1. Overall network architecture of the proposed FC-YOLO
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Figure 2. Structure of the FASR-Concat
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Figure 3. Structure of the coord-detect
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Model FASR-Concat Coord-Detect Precision Recall mAP50 mAP50:95
1 84.7 76.6 81.2 57.4
2 v 82.7 78.8 83.5 58.2
3 v V 85.8 80.2 85.0 60.0

5.2. XFEEsCLe

RIS RIERI A R, # FC-YOLO 5 YOLOvSn. YOLOv8n. YOLOV9t. YOLOv10n
A YOLO11n %4z Eg H Rkl HiETE POCO $didE Fab Txi b, SEIREE LA 2. &xf ity
KM FEIMEIEER > AN ST ZREeE,  DAARIIESEE6 25 S mT i .

7 2 AT%0, YOLOI1n FE£E#ER ) mAP50. mAP50:95. Precision il Recall 735 81.2%. 57.4%.
84.7%H1 76.6%; AL FC-YOLO 437k %] 85.0%- 60.0%- 85.8%F1 80.2%. 1 YOLOI11n #fLL,
FC-YOLO [f] mAP50 $27 3.8 NH 4> 5, mAP50:95 &7} 2.6 ™NEH 4 &1, Recall 3271 3.6 NE A1, B
ARSI TV RE I SR TR AR UR B ATy H bR AR BE /), JCHAG B T8 % A R I s v i) s R )
i

5 HAl YOLO RFIEAAH L, FC-YOLO [FFEHUS 1 4t i Aar il 14 52 - YOLOvVSn. YOLOv8n. YOLOV9t.
YOLOv10n A1 YOLOI11n ] mAP50 454 81.0%- 82.0%- 82.2%- 81.3%F1 81.2%, 1fii FC-YOLO ] mAP50
5% 85.0%, ¥ET EIRXTHEEAY; 7F mAPS50:95 4845 I, FC-YOLO 15 %] 60.0%, AHECXAT EEAERY Hh e IR
BT YOLOvVSn #2751 2.0 MH A, RAASRBLEAR ToU BHE T RA BFMLEaRltEGe. [F,
FC-YOLO [#] Recall 1% %] 80.2%, =& X LU AL, 150 B FOxT iR st 37 5 b 2 AR AT O B AR RS HY g 0 BE o

Table 2. Comparison of detection performance of different algorithms on the POCO dataset

7= 2. FEIGME LT POCO HiEE EAIRMIM sExTEL

Model Params (M) GFLOPs mAP50 mAP50:95 Precision Recall FPS
YOLOvV5n 2.5 7.1 81.0 56.7 85.9 753 312.5
YOLOv8n 3.01 8.1 82.0 58.0 85.0 76.9 175.4
YOLOV9t 1.97 7.6 82.2 57.8 84.6 77.1 243.9

YOLOv10n 2.27 6.5 81.3 56.9 81.2 76.8 270.3
YOLOl1n 2.58 6.3 81.2 57.4 84.7 76.6 2273
FC-YOLO 3.11 13.0 85.0 60.0 85.8 80.2 166.7
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S, P

AT AT J o RN % 5k, FC-YOLO IS %(& N 3.11 M, GFLOPs & 13.0, #HEk YOLO11n [
2.58 M 1 6.3 GFLOPs A, Hr, Z5&EHIN 0.53 M, HIEZR 20.5%; THEEH N 6.7 GFLOPs,
239 YOLOl1n 1 2.06 5. XFEERHTAAERER G P B 9 N FASR-Concat, FHERMISkH NN
Coord-Detect AUR5eI0 251, SRR Y L £ B0 5 (1 T 5% X AR . 22 FROBERRAIE 36 Hh A0 2% B o B e 77 - AH
Wi, FC-YOLO f¥] FPS Hf YOLOI11n [1) 227.3 NF4% 166.7, P41 26.7%. HR FC-YOLO 7E it 5 A
AHERE BE T A QR 45 YOLOL In 8, R LA UK FEAN [0 R 735 A e, Ul B SO A AU AE — 8
THE A Y I B G0 S e BT SR ) B AR HH R

BRI, FC-YOLO S T o Ao Ik R AR A4 i) B SR AL m M BR BEAT A e A g e, G ] 405 Sk UR 3
MG RGBS G LGB TE GPU RS A BR & — e H L i & EIser ke 55 . &
e HZ&, FC-YOLO [¥) GFLOPs ¥4 K BN, TEARIHFEIR AR % # 3l CPU 82 B iki% kIt
KA S 5% 7 R] RETHT G — 58 058 T T o 45 B FH 3 5 S N DI MR AR RE AR BRAIK A /73847, W 7E J5 22t 7t h 25
ARAIBT R . IR . B NE K TensorRT ¥ B AL Heng, 3t — 2D AR B A

Nk — 15 93 M A SCNEAEA R 85 E R I BOR , AR SC0 YOLO11In 245 AR FC-YOLO BEAYAE
POCO ##a 4 L& 380 AP50 F1 AP50:95 25 BT 4uit, R NE 3. WEMEEFKE, FC-YOLO fE
LR BB T R ERE IR T b, play phone 8 HIHR TN B, APS0 H1 67.6%42 T+ % 80.9%,
P 133 ANE S, AP50:95 /1 35.4%3RTHE 43.4%, $25 8.0 NH 4 5 phone 287 APS0 #2575 8.7 4
143 5, book. look book I turn_head ZE%1] APS0 7345 3.6+ 3.1 F133 NE M. FRKEE 5T
Bl A SRR X5 R B VI OC, BB A SR 1) FASR-Concat At % 34 5 ) #0 if 5%
X3 2 RERHIE AR IEBE /T, Coord-Detect Be %k — 57 FH i g PR B AL A T 125 (A1 A7 B 600, A2 e
TR SOk 7 B R AT g S RS 2% 5 . [RIINF, upright AT bend 28 I7E AP50:95 $8br LIS H %, (B T F#
TREERDN, 39 0.5 A1 0.1 ANE 0 i, BRI ORFFE A 7K T o 3 150 BH sk SR AE SR SR 38/ B BRAT
SHRLEEAT R ML R T RIS, 0 S 20 1 i ToU e AR BEAD AT IE R sk 8l . S Bt AL vl g —
WEE A AR A B R A R A TR, B AN [ S AR M B Y

Table 3. Class-wise AP comparison between YOLO11n and FC-YOLO on the POCO dataset
# 3. YOLOIl1n 5 FC-YOLO 7£ POCO ##E 8 LR 27 AP *fEL

255 YOLO11n mAP50 FC-YOLO mAP50 3#£F}/% YOLOI1n mAP50:95 FC-YOLO mAP50:95 $27}/%

raise_head 90.2 92.0 1.8 67.4 68.9 1.5
bow_head 95.1 95.6 0.5 67.3 69.0 1.7
turn_head 68.0 71.3 33 47.5 40.8 2.3
phone 49.2 57.9 8.7 26.6 30.5 3.9
play_phone 67.6 80.9 13.3 354 43.4 8.0
book 86.6 90.2 3.6 57.2 61.3 4.1
look_book 74.5 77.6 3.1 46.0 49.8 3.8
sleep 93.7 94.6 0.9 68.0 69.3 1.3
upright 97.6 98.0 0.4 82.8 82.3 -0.5
bend 91.1 924 1.3 76.2 76.1 -0.1

5.3. ATk
w4 2K 5 s, 24 YOLO11n #6788 5 0403k f5 1 FC-YOLO 7E [F]— R B 3755 T A I 25 S A7 72 BH
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FESC,

R RN FEEE, HAAEREIK, &6, IiFHENRET AR, RN EAR2EZ
PR MRS R T PR . BRI EARREROA I H 8 23 B HE A AL A HORAT Dy, (EAE TS HEN
HAr. WG X THL AR B br LA — @I 5, 4 o SRR 5t IR AT iR
MREA L. HILLZ T, FC-YOLO fefgfE B RS Wi R A AT N X, WHikck s BnFhl. B4, BESE
SESRBI R N TS 7, JCHRAEE IR 2 R B A R 2% ST T SR T D e DR AR 1) F AR A Rl
73

M E R B, A FEMREGMRERE T, 4 YOLOLIn BRI H 191 N HAR, 1 FC-
YOLO il i 207 4> Hw, WISt R e PR AL 5 4R H Fnd 5t b BoAT SR IK /) H AR R RE ) AR AIE A
e/ ATMALEE REE W], FC-YOLO it smsibmt & S5 e ML RE 71, RES S A ROt iR B PR & 3 5t i 4k
FEAT M E bR, DI AN RS B R ORI R R, O JE SR AT N GE T AR L L 7 M
BT T e AR LA

i . bend O
"",}O“—o'.a'i; i

\| | #F 5o 075

Figure 4. Detection results of the baseline model

B 4. BEARBENER

FCp | detections: 207

Figure 5. Detection results with FC-YOLO
5. B FC-YOLO Ryt ML R
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S, P

6. &t

AR SCER R UR S S A AT el o B AR AT AR SR/ H AR AME DL DA S SR R A 2 S B A )
A, B MRS BT SRR S AR BRI I PR A S AR AT R I B . 120715 BL YOLO! In RGBT, 7E4F
fERA BT BE 5] N FASR-Concat FRH, 38 3 i 55 8% 0 A0 RBE 2% FHATL i 385 58 2 AR AT AR SG X3k i 22 ROBE AR AiE
FIKRE ST s FERTI L EE 73 5] N Coord-Detect BB, 8 VA — 4k — 4 AL bryd N\ 3 S A I Sk 1) A7 B BN #E 7
T $7 e A 2R R 52 47 55 i SRy AT D9 B B R A28 2 A8 A S 3 P ke 280 R

7E POCO ##iE Fseie s LW, YOLO11n HEZEHE7 mAPSO 2y 81.2%, mAPS50:95 4 57.4%: N
N FASR-Concat J5, % mAP50 &7+ % 83.5%; K H] FASR-Concat 5 Coord-Detect 1) 5¢ % i 7 J5
mAPS0 A H] 85.0%, HILLEAHEAIFET: 3.8 N H 77 A1, mAPS50:95 $2F+E 60.0%. KHILIKLE R TR, K&
FRI/E phone. play phone. look book FI turn_head %5 Jm)#i47 A BRANNL LA F0 FHUAR T 8B B4 7,
U BH BT 52 H 11 CSO2E A R 8 A5 A0 e AR R UR B 4T D H AR IR U B8 7 o T RSB 45 R — 2P K W, FASR-
Concat Fll Coord-Detect ¥JRELEANFIFE AL b lGBE AR M VE R, BRAIE 1 A SC BRI 21k -

SRR, SO AR QR RF IR B AT A DT 55 FH 1t i =it B4R T 7 BARAS IIRG B2, RefSAE
— B LR REAT IR AR I R o (BRSO ENIAEEA L, U1 phone 55/ B RIS 511
Tor WA FEATS A 3k — B4R TH 2 (], BEAYAEAN R PR B IR AN [FEEAZR KA N 2 A RE 738 75 itk — D InE
Ja ZEA TR /N B ARRFIERIAAE A . 23 5 R 50 0E DL K RGN HAE RS T R T, HRAT R &h R
PR B LT RG, A UREIRAS 0 B R0 20 SR A B IS e 1 s e mil
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