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A lightweight underwater acoustic target recognition algorithm combined
with binarized neural networks and knowledge distillation

CUI Han-lin, CHU Xiao-hui, XU Li-jun, QI Bing-bing, HU Run-ze'
(School of Information and Electronics, Beijing Institute of Technology, Beijing 100081, China)

Abstract: Underwater acoustic target recognition (UATR) algorithms based on deep learning often face the challenges
of scarce computing resources and the complex and variable underwater acoustic environment when deployed on
underwater platforms. Therefore, this paper proposes a lightweight UATR algorithm depthwise separable binarized
neural network with knowledge distillation(DSBNN KD), so as to achieve model compression and optimized
acceleration through means of depth-separable convolution and weight parameter binarization. Meanwhile, the KD is
utilized to transfer knowledge from high-performance, high-complexity teacher models to lightweight student models,
thereby mitigating the performance loss caused by extreme quantization and ensuring the model’s generalization
performance. The performance of the DSBNN KD is comprehensively evaluated on two observed underwater acoustic
datasets. The experimental results indicate that, compared to current mainstream full-precision lightweight models, the
proposed DSBNN KD shows significant advantages in terms of model parameter volume, model deployment size, and
computational load. With the assistance of the KD, the quantized model can still maintain performance close to that of
full-precision models.
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i B4R, TR H L B b
3.3 IWAEESIIZ%

KM Ubuntu 22.04 #:4F £ 4t, GPU Jy Nvidia RTX
3090. ¥/ Sz A5 A L T PyTorch 2.2.2 HE 28 44 2 {F
i batchsize 932 1] Adam A6 2, W46 % > R E N
1 x 1073, 3+ F| F§ CosineAnnealingWarmRestarts pf %%
BEAT BhAS B S0 T8R4 2 46, BEATLIZ 4 80 % A%
AHEAT I Z, T 4% 20 % FH T D0, AEASE AL I ZR A0t
IERE N M 2R A BEGOR ST ]5E S 224 < 224.

[FJ s, 48 FH H BRI AT 55 H w4 AN TRA Fie bR
Top-1 #HEHf % (Top-1 acc). ¥ #ifi K (precision) H [A] %
(recall) F1 F1-score X i /& Hi 455 A4 (1) 14 R 1HE AT VP 4. 4
AP R IR T:

TP + TN

Top-1 acc = , (1)
TP + TN + FP + FN
TP

ision = —— 12

precision = TFp (12)
TP

l= —— 13
T TP N (13)
Flscore — 2 x precision X recall (14)

precision + recall”
HoA: TP A E IEH (true positive), B 52 Br Ay 1E 2 5
H 8 7 Ay 1E 28 0] 1) FE R K FP oA R IE 6] (false
positive), RIS Ay 471 388 E Ak i i b T >y 1E 2531
FIFEAEL TN A E 5145 (true negative), B SZ xR ok £12%
i) EL AR F50I Ay 8735 ) A A B FN O AR 4481 (false
negative), B[l S bR Ay 1T 2 AR A5 1 b T > 67 2 0]
HIREA S
3.4 WHERSSN
AT BAIE AT R DSBNN_KD 535 A R, 4
77 ShipsEar £ % ££ Il DeepShip £ ¥5 45 #1724
LS 56, K7 75 18I 25 B A5 T Top-1 #E #ff 2 bl
epoch 1284k il 2k, e B 7 7] WL, B %5 1)1l 2% epoch ) 384
I, kiR 28 v 5 ik — P H T DSBNN_KD 7E % 4~
04 A I SR AT 1 Top- 1 HERf 2, (i L ARD I K
I B 44 DSBNN_KD [ Top-1 H i %214 3 5 & 7K~
¥ DSBNN_KD 5 4= ¥ B 2 Il 152 Y ResNet
CBAM. K& HIAZEIEIIZRI DSBNN Kf B 1) 4
& & 515 DSCNN (depthwise separable convolu-tional
neural network) 7 P4 > H 4 £ 1 B 1% 58 35 4T X L,
DA 7 s D1 A A B A Ak A IR 2548 % DSBNN_KD
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0.9 AT SRAE KR 5 2% H AR IR BT 55 0 M RE RS R, SEG
> 07 ij{ S5 RN 2 Fr R, A8 B UM AL B ResNet CBAM
> 75 A Hd 4 4 S EUE T 95.98 %- 83.50 % ] Top-
g as/if 1 #E#H R F195.82 % 83.46 % I Fl-score, Ifj 4 4% &
s N/r |= gﬂzgﬁggy (¥ DSCNN Il 43 5| Bl #3 T 88.36 %~ 75.50 % I] Top-1
0 10 20 30 HETf 2R A1 88.36 % 75.42% I Fl-score. 1] LLF& Hi,
TR — WAL 5 1K 75 L U B R F R
B R 2 — TR A AR A P 3 I A AR AT
0.7 {E 1L J5, DSBNN 7E P /4™ B4 42 11 Top-1 HE B 2 AH
5 06 Et DSCNN 73 5l '~ [ 7 10.69 % F18.38 %. Jy T fift 1k
5 03 BT B A 5 B0 A T R, T T A
T4 " voimacdreny ResNet CBAM #f DSBNN i 47 1 11 2 18, %5 1 41
) AL L L FEHEI0 DSBNN_KD 767 /MR 4 - IS 7 86.63 %.
o E;ih 0 73.13 % If] Top-1 #E 4 % F1 86.46 % 73.08 % 1) F1-
(b) DeepShip K7 i % score, S I T 7E A 3 45 AR JZE BCE B A I 15 150 T EL
7 EIEIZRATHERY Top- 1 AR ZRPE epoch BT (L HRLZL 135 4K A DSCNN BN E2IE I PERE.
=2 HUHFNF AR BITE ShipsEar F DeepShip ZiESE PRI REXTEE
W% LY A ShipsEar /% DeepShip/ %
(bit) Top-1acc precision recall Fl-score Top-1acc precision recall Fl-score
ResNet CBAM 32 95.98 95.93 95.78 95.82 83.50 83.60 83.39 83.46
DSCNN 32 88.36 89.24 87.71 88.36 75.50 75.50 75.53 75.42
DSBNN 1/32 77.67 77.69 80.78 78.46 67.12 66.89 67.12 66.91
DSBNN_KD 1/32 86.63 88.97 84.82 86.46 73.13 73.13 73.10 73.08

A, A SC L 3E A T DSBNN KD 75 £ 7 44 Bk,
D7 R, K3 BOR TSRS E. K
ANFIARFD T 008 SR B 7T LAt AH b 200 A5 A
ResNet CBAM, 4% & #5714 DSCNN 1 DSBNN 7£ i} &
BRI 5 FH 5 T R B K P 34, 76 AH TR = A3
1) 2% A4, DSCNN X A FH #0155 84 ResNet. CBAM
27 0.4% (112 £/ M 2 H K/, 1E Flops b A% 98 />
7 92.2%. Tfi AH bk DSCNN, P 35 K 3 7 B — A 1k
) DSBNN 7£ DSCNN 75 &4 i fb, 1) J: il b, if — 5
B S H KNG Uk T 88.6 %, I 7E Flops bk 2> 1
59.9 %, 11 LAk By 60 1R 78 1 50 AR A S B R LB T
A R DSCNN. I 4b, BUEE 47 B8 1 B A% B {8 15
DSBNN_KD 7t i1 5 %% Y 52 B 161 % 5y iy 15 4 114 2%
W LB RS T BRI

®3 BTRMFERBHSHRIEE

%% WEME SHE SHRS Flops
: (bit) (E7i)  (MB)  (MFLOPS)
ResNet CBAM 32 11.2669 42.9798 1820.0
DSCNN 32 0.0493 0.1880 142.8
DSBNN 1/32 0.0493 0.0215 57.3

N T #E— 25 i B DSBNN_KD [ 1 8, A 0 5
HoAth o g R R 2 IR AT X b, R 4 B

AN TR BB R TE P S HOHE 4 o 1k Be. TT A
% 1, MobileNet 1 EfficientNet 75 5 /> ¥ 45 48 b #1145
F5 5 ) Top-1 VHE B AT F1-score, 1] A 28 K0 iR 2648 1)1
25 1) DSBNN 1 i % L 22, 75 Top-1 #E i %6 J5 T 43
SR T H A 285 FE B B A 11.31 % ~ 14.71 % £
8.63 % ~ 14.88 %. T 1F 43 HIR 2848 Je , AUE ALy
SR P 1 BE A5 2K 19 3 22 i, 7F Top- 1 1A % 5 T (/KT
HoAth 4= K B 2 AL AR T 2.41 % ~ 5.75 % F13.37 % ~
8.85%. I AN HIEE P LI RTLLER, 5
DeepShip Z#E 4541 LU, 283 1R 28 T 45 5 1) 22 A
B DSBNN_KD 7E Mt B2 /)N 1Y) ShipsEar £ 4 4 1 &
I HE B O B M RESR T X BE T A R S AR
RUAC R AT JAT 55 I Re S0 A s, A2 S i FE v &
Pk . PRk, 6 SRR A2 BRI K R P G BB &, W
AR~ R 238 R AR e i S 75 0 O

ARSCN R AR (5 O SR IR AT A
Mr. a2 5 Fiow, BTk H U DSBNN 76 2 5 i S 50k
INTTTH AR T R RKTF. X R, RE S R Rk
BRI 28 51 AT 71 2 s A et (BB AL
O A AR ETR ZE BT B AE LR HE /K T 75 2% H AR IR
S B 1D [ B S G A f i — 20 R 4. Ak, —E
b BIRLEE T 7 FPGA A ASIC 256 -7 & _E 352
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F 4 BREHBILE ShipsEar F DeepShip B E F A HEREXTEL

W% BB EL ShipsEar/ % DeepShip /%

(bit) Top-1 acc precision recall Fl-score Top-1acc precision recall Fl-score

MobileNet!* 32 91.44 9227  90.61  91.28 81.00 81.60  81.09  80.94

ShuffleNet!**! 32 89.04 90.01 87.64  88.56 76.63 7758 7651  76.68

GhostNet”! 32 89.30 90.40  87.61  88.75 75.75 77.08 7598  75.64

RegNet®! 32 90.78 90.82  89.90  90.30 76.50 7723 7648  76.57

EfficientNet™” 32 92.38 91.73 9219  91.88 82.00 81.98 8206  81.75

DSBNN 1/32 77.67 7769  80.78  78.46 67.12 66.89  67.12  66.91

DSBNN_KD 1/32 86.63 88.97  84.82  86.46 73.13 7313 73.10  73.08

ﬁﬁ%ﬁ%ﬁ@ﬁ‘]Eﬁﬁn%,ﬂ%ﬁﬂﬁﬁ%ﬁﬁ%éi [3] Wang B, Zhang W, Zhu Y N, et al. An underwater

{1 ol R DA St — 2D I RASE R (R PR AT 2

#=5 BREEIHSHIILL

%% WEMNE Z#HE SHKD Flops
i (bit) (BH) (MB) (MFLOPS)
MobileNet**) 32 3.21 12.25 582.85
ShuffleNet!*¢! 32 0.35 1.32 42.63
GhostNet"®”! 32 3.91 14.91 149.40
RegNet?®! 32 232 8.84 205.00
EfficientNet®” 32 0.23 0.90 59.84
DSBNN 1/32 0.0493  0.0215 57.3

4 4 ®

ARSI T — MR B KE B bR 5 L
DSBNN_KD, i ish &5 A B A6 4 28 /X 28 R0 1 1H 75 1
FOR, B R B T U ) 5 2% B e s /MR Y
(R B A 0. R0V SR R R P ] 43 25 5 AR B S 40
1) B AR SRR 1) s 47 R i [ B ) P R R 2%
T AN = 1 BE UM A5 T ResNet. CBAM 1 A1 1M 5%
o B AR b DLER FHE Y ()32 Ak REH 2% HH =
At K P BE 451 . S8 45 B3R W, DSBNN_KD 7£
SRR SHEONRIT 538 FUCE A B AR AR
Y Joe T HH I 35 A0 5, TR I AR IR ZE TR N AR B R I8
T 5 AR FE R AR T M RE /K F. b4, DSBNN_KD
5 AR B AR G Lh A Pt BB T 55 4 ).
SeUe 45 B W], DSBNN KD 7E RV Z R HIK FF &
8 o B A S A, KR R 2 B AR AT S
P T —FH MR R KRR TAEK i — P
RZ O T R R AR A 4 RN R 20 SR, DA SIZ B
TR 2 ) R TR o gy 30 138 8 I
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