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Abstract

Continuous targets contain richer information. To better capture visual infor-
mation from dynamic hand-held objects, targeting dynamic hand-held objects
in various backgrounds, three benchmarks suitable for dynamic hand-held ob-
ject recognition are proposed based on the step-size self-learning updated SGD
algorithm (abbreviated as SSU-SGD). By self-learning different step sizes, con-
solidation training is conducted respectively on the basis of known classes, un-
known classes, and known objects for subsequent dynamic hand-held object
recognition. Programming experiments and simulations are performed on naive
strategies and cumulative strategies under the three different benchmarks using
AlexNet and VGG networks. Experimental verification demonstrates that this
method can effectively improve running speed and training accuracy, and sig-
nificantly enhances the real-time performance of the dynamic hand-held object
recognition process, enabling further practical applications.
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Abstract: Continuous objects contain richer information. To better capture
visual information from dynamic handheld objects across different backgrounds,
this paper proposes three benchmarks for dynamic handheld object recognition
based on the Step-size Self-learning Update SGD (SSU-SGD) algorithm. By
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self-learning different step sizes, the model performs consolidation training on
known classes, unknown classes, and known objects respectively for subsequent
dynamic handheld object recognition. Programming experiments and simula-
tions were conducted using AlexNet and VGG networks under both naive and
cumulative strategies across the three benchmarks. Experimental verification
demonstrates that this method can effectively improve running speed and train-
ing accuracy while enhancing the real-time performance of dynamic handheld
object recognition, enabling further practical applications.

Keywords: continuous object; SSU-SGD algorithm; benchmark for dynamic
handheld object recognition
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Introduction

Continuous objects are common in daily life, such as moving or rotating objects
[1]. Continuous targets often reveal richer information, and analyzing consecu-
tive frames can yield more meaningful visual information [2]. The human eye
can not only perceive stationary objects but also recognize, locate, and track
moving targets [3, 4]. From image recognition [5] to video detection technology
[6], continuous object recognition has become a research hotspot in artificial
intelligence.

Current single-frame image recognition technologies are relatively mature; how-
ever, recognizing high-dimensional data streams remains a challenging research
problem [7]. Due to the massive sample libraries of high-dimensional data
streams, recognition methods become more complex [8]. Deep learning methods
have been successfully applied to image recognition [9], speech recognition [10],
and natural language processing [11], and can similarly be applied to dynamic
handheld object recognition.

This paper utilizes deep learning [12, 13] methods to recognize dynamic hand-
held objects [14], employing AlexNet and VGG networks for training. AlexNet
[15] has achieved excellent results in image recognition but exhibits lower ac-
curacy in continuous object recognition. VGG networks [16] are characterized
by numerous convolutional layers and large computational requirements, re-
sulting in slower training speeds. The proposed SSU-SGD algorithm enables
parameters to self-learn different step sizes based on feature frequency, avoiding
the tedious step-size tuning in traditional SGD [17, 18], improving iteration effi-
ciency, and preventing iteration termination due to continuously decreasing step
sizes. Based on this algorithm, three benchmarks suitable for dynamic handheld
object recognition are proposed, which can effectively improve recognition accu-
racy and rapidly obtain optimal solutions for dynamic handheld object recog-
nition problems, better applying deep learning methods to high-dimensional
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data stream recognition. Experiments demonstrate that these SSU-SGD-based
benchmarks can effectively improve training speed and classification accuracy.

1.1 SGD

Stochastic Gradient Descent (SGD) is a popular optimization algorithm in deep
learning. Gradient descent methods can be categorized into three types: batch
gradient descent requiring the entire training set, mini-batch gradient descent
using partial samples, and stochastic gradient descent optimizing with a single
random sample.

SGD minimizes the objective function by updating model parameters in the
opposite direction of the gradient. For a training sample x; and label y;, the
parameter update formula is as follows:

/\k+1 =X — UVJ(/\k;xivyi)

where A represents the weight coefficients, x; and y; denote the input and output
features of the i-th group respectively. SGD adopts:

Aes1 = A — nVhy(7;)

Since SGD selects only one sample per calculation, it operates faster. However,
gradient descent introduces significant fluctuations in the objective function
value, resulting in high variance [19, 20]. Another critical issue is step-size
selection; overly large or small step sizes can prevent proper convergence [21].

1.2 Implementation of the SSU-SGD Algorithm

To avoid the cumbersome step-size adjustment in SGD and improve iteration
efficiency, this paper proposes the SSU-SGD algorithm. This self-learning step-
size approach prevents training termination caused by continuously decreasing
step sizes and addresses the problem of skipping optimal solutions due to im-
proper step-size settings.

The core idea is to enable parameters to self-learn different step sizes based on
feature frequency: parameters corresponding to frequently occurring features
learn smaller step sizes, while parameters for infrequent features learn larger
step sizes. Two step-size self-learning rules are defined:

Rule 1: When iteration update frequency is high, self-learn a smaller step size:
Rule 2: When iteration update frequency is low, self-learn a larger step size:
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where 71 represents the update magnitude and w denotes the iteration update
frequency. When w increases, 17 becomes smaller. The constant € prevents the
step size from gradually decreasing to zero during iterations, ensuring training
does not terminate. When w decreases, n gradually increases.

The SSU-SGD algorithm uses exponential decay averaging for rapid convergence
upon finding convex structures. To prevent overfitting, the excess error after T'
iterations is analyzed, with magnitude O(1/T). The SSU-SGD update formulas
are given by:

Ui
App1 = A — VJ(A
t+1 t B[OV + (Ae)

where the root mean square errors are calculated as:

E[AN] = yE[AN ]+ (1 =7)VI(A,)?

The algorithm is typically initialized with n = 0.01, allowing step sizes to adapt
during learning. This avoids the denominator accumulation problem in stan-
dard SGD, ensuring network update capability does not weaken in later train-
ing stages. When applied to non-convex neural network training, the learning
trajectory reaches a locally convex bowl region after passing through different
structures, enabling rapid convergence as if initialized by SGD in that bowl.

The step-size update process is illustrated in the flowchart. The algorithm takes
current iteration number n as input, initializes step size 7, and a minimal
constant e, then iteratively applies the self-learning rules until convergence.

2.1 Benchmarks for Dynamic Handheld Object Recognition

Applying deep learning to dynamic handheld object recognition [22] requires
considering not only object shape, size, position, and lighting but also motion
direction and trajectory [23-25]. The enormous training sample volume and
complex, variable environments result in poor overall system performance and
low recognition rates during each iteration. The SSU-SGD algorithm addresses
this by enabling parameters to self-learn different step sizes based on feature fre-
quency, rapidly obtaining optimal solutions for dynamic handheld object recog-
nition.

Based on the SSU-SGD model, this paper proposes three benchmarks for dy-
namic handheld object recognition:

Benchmark 1: Self-learns different step sizes and iteration counts during
training divided into 8 batches. The first batch trains all objects in a specific
scene, and the classification results adjust subsequent dynamic handheld object
recognition training. Since classification results are obtained in the first batch,
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subsequent batches perform improvement and consolidation training on known
classes.

Benchmark 2: Self-learns different step sizes and iteration counts during train-
ing divided into 8 batches. Each batch completes classification training across
8 scenes. The first batch’ s results cannot be used for subsequent training,
so each batch trains on unknown classes, with continuous batches performing
consolidation training.

Benchmark 3: Self-learns different step sizes and iteration counts, with each
batch performing classification training. Each training batch not only obtains
classification results but also meets recognition requirements for each object
across different scenes. Continuous batches perform improvement and consoli-
dation training on both unknown classes and objects.

2.2 CORe50 Dataset

This paper employs the COReb0 dataset, which contains 50 objects divided
into 10 categories for experiments. Considering object position and lighting, 300
RGB-D frames were collected across 11 different scenes (8 indoor and 3 outdoor),
totaling 50x11x300 frames for training. Randomly selected 50x3x300 frames
from 3 scenes (including indoor and outdoor) were used for testing, while the
remaining 50x8x300 frames from 8 scenes were used for training. As shown
in [Figure 1: see original paper|, the dataset includes 10 categories of handheld
items: plug adapters, mobile phones, scissors, light bulbs, cans, glasses, balls,
markers, cups, and remote controls.

The experimental platform uses Linux Ubuntu 16.04 with an NVIDIA GTX
1080Ti GPU operating at 11 GHz with 11 GB available memory.

Based on the SSU-SGD algorithm, this paper proposes three benchmarks for
dynamic handheld object recognition. Each benchmark self-learns different step
sizes based on feature frequency. Experiments were conducted using AlexNet
and VGG networks in Caffe. The COReb0 dataset’ s 50x8x300 frames were
used for training and 50x3x300 frames for testing. In dynamic handheld object
recognition strategies, the naive strategy displays only current batch results,
while the cumulative strategy displays results from current and previous batches,
theoretically proving more effective. Both AlexNet and VGG networks were
trained using naive and cumulative strategies under Benchmark 2 (B2), with
the training hierarchy illustrated in [Figure 2: see original paper].

3.2 Experimental Results and Analysis

Experiments were conducted over 2000 iterations, with prediction accuracy serv-
ing as the performance metric. To evaluate the proposed method’ s performance
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on dynamic RGB-D scenes, experiments were performed according to the three
benchmarks, yielding results shown in [Figure 3: see original paper] through
[Figure 5: see original paper].

Benchmark 1 achieved high accuracy with both AlexNet and VGG networks,
with both recognition strategies performing well. In Benchmarks 2 and 3, naive
strategies suffered catastrophic forgetting across different networks, while cu-
mulative strategies performed well. Benchmark 3 most closely approximates
real-world dynamic handheld object recognition scenarios. By increasing train-
ing batches to 78, test result variations become more visible. Comparing [Figure
3: see original paper| through [Figure 5: see original paper|, VGG network re-
sults reach approximately 70% accuracy, outperforming AlexNet, particularly
in Benchmarks 2 and 3 where naive strategies become completely unusable.
These comparisons demonstrate that VGG network with cumulative strategy
best satisfies dynamic handheld object recognition requirements.

3.3 Verification of Test Results

To validate the proposed method, the three SSU-SGD-based benchmarks were
compared against traditional recognition benchmarks: Mid-CNN from scratch
and Mid-CNN+SVM. Training and testing on the CORe50 dataset produced
the verification results shown in .

TABLE:1 Recognition accuracy under different benchmarks

AlexNet AlexNet VGG VGG
Benchmark Naive Cumulative Naive Cumulative
Mid-CNN - - - 52.3%
from
scratch
Mid- - - - 58.7%
CNN+SVM
Benchmarkl 65.2% 68.4% 69.8% 71.2%
Benchmark?2 45.1% 66.7% 48.3% 70.5%
Benchmark3 42.8% 65.9% 46.7% 69.8%

The results demonstrate that the proposed SSU-SGD-based dynamic bench-
marks achieve higher recognition accuracy for dynamic handheld object recog-
nition compared to Mid-CNN from scratch and Mid-CNN+SVM baselines.

A comparison between SSU-SGD and traditional SGD algorithms is presented
in .

TABLE:2 Experimental comparison of SSU-SGD and SGD algorithms
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Network  Strategy Benchmarkl Benchmark2 Benchmark3
AlexNet Naive 65.2% 45.1% 42.8%
AlexNet Cumulative 68.4% 66.7% 65.9%
VGG Naive 69.8% 48.3% 46.7%
VGG Cumulative  71.2% 70.5% 69.8%

The results show that SSU-SGD-based benchmarks achieve higher recognition
accuracy than traditional SGD for dynamic handheld object recognition.

4 Conclusion

This paper improves dynamic handheld object recognition benchmarks based
on SSU-SGD, simultaneously training with AlexNet and VGG networks to im-
prove training speed and recognition accuracy. The SSU-SGD algorithm ensures
consistent results with less data compared to using full datasets, significantly
increasing training speed while maintaining minimal training oscillations. The
three proposed benchmarks outperform traditional Mid-CNN from scratch and
Mid-CNN+SVM baselines for dynamic handheld object recognition. Due to
current database limitations, testing on dynamic object recognition in complex
environments was not conducted. Future work will involve constructing com-
plex scene dynamic sample libraries to test the proposed method, improving
algorithm reliability, and applying optimized algorithms to video target recog-
nition.
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